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Abstract

Sound event detection, speech emotion classification, music classification, acoustic scene
classification, audio tagging and several other audio pattern recognition applications are largely
dependent on the growing machine learning technology. The audio pattern recognition issues
are also addressed by neural networks in recent days. The existing systems operate within
limited durations on specific datasets. Pretrained systems with large datasets in natural
language processing and computer vision applications over the recent years perform well in
several tasks. However, audio pattern recognition research with large-scale datasets is limited
in the current scenario. In this paper, a large-scale audio dataset is used for training a pre-
trained audio neural network. Several audio related tasks are performed by transferring this
audio neural network. Several convolution neural networks are used for modeling the proposed
audio neural network. The computational complexity and performance of this system are
analyzed. The waveform and leg-mel spectrogram are used as input features in this architecture.
During audio tagging, the proposed system outperforms the existing systems with a mean
average of 0.45. The performance of the proposed model is demonstrated by applying the audio
neural network to five specific audio pattern recognition tasks.

Keywords: Transfer learning, pretrained audio neural networks, audio pattern recognition,
audio tagging, machine learning

1. Introduction

Among the existing machine learning applications, research in audio pattern
recognition gains significance and attraction as it plays an important role in the current smart
systems. The events happening around us and our location consists of sounds that are rich in
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data. Sound event detection, speech emotion classification, music classification, acoustic scene
classification and audio tagging are some of the most commonly used audio pattern recognition
applications. Individual researchers used their private datasets for audio pattern recognition
related work in early days. Classification of sounds such as poured water, dropped metal,
opening and shutting of a wooden door are performed using the hidden Markov model (HMM)
by the authors in [1]. Several datasets for sound event detection, acoustic scene classification
and so on are made publicly available with the challenge series - Detection and Classification
of Acoustic Scenes and Events (DCASE) [2]. The research interest towards the field of audio
pattern recognition has increased with the DCASE challenges. Across six subtasks, around 394
entries were received at the most recent DCASE 2021 challenge. When large scale datasets are
used, the efficiency of the audio pattern recognition system performance is an open question.
ImageNet, a large scale dataset is used for building several image classification systems in
computer vision. Wikipedia and other large scale text datasets are used for building several
language models in natural language processing [3]. However, only a limited number of large-
scale audio datasets and trained systems exist.

In this paper, a large scale pre-trained audio neural network dataset consisting of 527
sound classes and 1.9 million audio clips is used [4]. The performances of the audio neural
networks were verified on the audio tag accuracy with its computational time. The wavegram
CNN and mel spectrogram are combined to achieve a precise and efficient audio tagging
system [5]. When compared to the existing state of the art models, the proposed model offers
a better audio tagging solution. Various pattern recognition tasks can be performed in an

efficient manner with this model.

2. Audio Tagging Systems

Audio clips are analyzed and the presence or absence of audio tags are predicted with
the crucial audio pattern recognition task termed as audio tagging [6]. Mel-Frequency
Cepstrum Coefficients (MFCCs), zero crossing rate, audio energy and other manually designed
features are used as an input to the audio tagging systems available in the existing research [7].
Discriminative Support Vector Machines (SVMs) [8], Hidden Markov Models (HMMs) [9],
Gaussian Mixture Models (GMMs) [10] and other generative models are used for the purpose
of classification. Audio recording tags are also predicted with Convolutional Neural Networks
(CNNs) [11] and other neural network-based models in recent research. In sound event

detection, acoustic scene classification and several other DCASE challenge tasks, state of the
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art performance are achieved by the CNN based systems [12]. However, limited sized datasets
with few sound classes are focused in those works and a multiple sound classes are not
recognized. In this work, a large scale pre-trained audio neural network dataset is used for

overcoming the general issue of audio tagging.

2.1 Convolution Neural Networks
2.1.1 Conventional CNNs:

Image classification and other related computer vision tasks have successfully made
use of CNNs [13]. Several convolution layers are present in a CNN. The input feature maps
are convoluted with several kernels at each convolution layer and the local patterns are captured
[14]. The log mel spectrograms are commonly used as inputs for audio tagging by the CNN
based systems. Spectrograms are calculated by applying time-domain waveforms with Short
Time Fourier Transforms (STFTs) [15]. Further, the log mel spectrograms are extracted by

applying the logarithmic model with a mel filter bank.
2.1.2 CNN for audio tagging:

The cross-task CNN systems are used by several audio neural network systems on the
DCASE challenge model. The representation ability is improved by adding the penultimate
CNN layer with an additional fully-connected layer [16]. 14, 10 and 6 layer CNNs are available.
AlexNet based 4 convolution layers are present in the 6-layer CNN. The kernel size of 5x 5 is
used at each convolution layer. The 14 and 10 layer CNNs are inspired by the CNNs similar to
VGG and make use of 6 and 4 convolution layers respectively [17]. 3 x 3 kernel size in 2
convolutional layers are present in each convolutional block [18]. The training speed is
increased and stability is achieved by adding ReLU nonlinearity while applying batch
normalization between each convolutional layer [19]. Downsampling is performed by applying
each convolutional block with an average pooling size of 2 x 2 as this outperforms the max

pooling of size 2 x 2.

2.2 ResNets
2.2.1 Conventional residual networks (ResNets)

Audio classification is performed in an enhanced manner with deep CNN when

compared to the conventional CNN models [20]. However, in deep CNN models, propagation
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of gradients is not performed efficiently from the bottom layers to the top layers. This is
addressed by introducing shortcut connections between convolution layers using ResNets.
Direct propagation on either forward or backward direction from one layer to another is enabled
by this technique. With some extra computational complexity, a few extra parameters are
introduced by the shortcut connections [21]. Shortcut between the input and output connectivity
and multiple data blocks with two convolution layers and kernel size of 3 x 3 are available in
ResNet. These basic blocks in the ResNet can be replaced with a network-in-network

architecture of three convolution layers in each bottleneck block.
2.2.2 ResNets for audio tagging

ResNet is executed such that the first step involves downsampling layer and
convolutional layer incorporated in the log mel spectrum to decrease the spectrogram size and
input log [22]. In this work three ResNets are incorporated such as: 38 layers with 16 basic

blocks, 22 layers with 8 basic blocks and 68 layers with 32 basic blocks.

3. Proposed Hybrid- CNN system

The one-dimensional CNN systems that previously exist do not outperform the systems
that are tuned by log mel spectrograms as a tuning parameter. The most important drawback
of the existing CNN models in time domain is their inability to capture the frequency pattern
of the audio with respect to several pitch shifts as there is an absence of frequency axis in the

one-dimensional CNN and the system is not suitable to capture frequency details.

3.1 Wavegram CNN

In this paper, a CNN based wavegram is introduced along with Hybrid-CNN. This is a
time-domain oriented audio tagging model same as like log mel spectrogram, the wavegram is
a feature that is built using the incorporation of neural networks [23]. This methodology
introduces a time-frequency representation in the wavegram which is incorporated with Fourier
transform modification. It holds a wavegram with a frequency and time axis. It is also crucial
for audio pattern recognition to detect the frequency patterns like various pitch shifts based on
the sounds in a particular class. The frequency information is learnt by the wavegram such that
there is a lag in CNN one-dimensions [24]. These wavegrams are also used to enhance the log
mel spectrograms by way of learning and adapting from the data with time-frequency.

Similarly based on the input features fed from wavegrams replacing log mel spectrograms leads
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to the Wavegram CNN system. There are 4 steps involved in building the proposed Hybrid
CNN:

1. A one-dimensional CNN is applied as the first step in the transformation process.
A convolutional layer with 5 strides and length of 11 is used as the filter to decrease
the input size. This results in a subsequent reduction of memory usage and length

of inputs by almost 6 times.

2. The next step involves the use of two convolutional blocks with two convolution
layers that can be used to improve the total reception. A stride of 5 is used to
downsample each of the convolutional blocks. With the help of the stride, it is

possible to downsample the audio of 32 kHz into a simple frame count of 100/s.

3. The 1D-CNN layer formed thus far has an output size of TXC where C represents
the number of channels and T is the number of frames. This is reframed to TXFXC/F
such that there are C/F groups and every group is fixed with frequency bins ‘F’.
This is known as a Wavegram.

4. Inthe C/F channels, the frequency information is learnt by the Wavegram using the

frequency bins, F.

3.2 Wavegram Logmel CNN

Layer 2D
CNN

[ \

WAVE GRAM Feature map
RESHAPING ConviD Block
| ALGORITHM
MAXPOOLING ID, S=5 Logmel

ConviD Block

MAXPQOQOLING ID, S=5

ConviD Block

ConviD Block k=5, s=6

/]\

!

WAVEFORM

Figure 1. Architecture of Hybrid- CNN
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The Architecture of the proposed hybrid CNN is represented in Fig. 1. A combination
of log mel spectrogram and wavegram results in the hybrid CNN. This can be used to extract
information in log mel spectrograms and time-domain waveforms. The channel dimension is
used to guide the combination. This methodology also provides extra details for

complementing logmel spectrogram and audio tagging.

4. Results and Discussions
4.1 Data Processing

Data augmentation and data balancing are the two aspects used for audio tagging in

which data processing is involved.

e Data Augmentation: Overfitting can be prevented in a system with the help of
data augmentation. A small number of training clips are present in the audio
datasets and are used to define the pretrained audio neural networks limitation
in terms of performance. In this methodology, SpecAugment [24] and mixup

[25] are combined which leads to better audio quality.

e Data Balancing: This represents the total audio clips that are available for
training between two sound classes. Based on the sound class, they are also
distributed. In a pre-trained audio neural network, the inputs are training data
and this data needs to be sampled uniformly before being used. Sometimes, data
in a mini-batch may be a part one sound class. In such cases, the pretrained

audio neural networks are trained with a balanced sampling strategy.
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Figure 2. Accuracy of Training Samples for MSoS
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Figure 3. Accuracy of Training Samples for GTZAN

The accuracy of two sets of training samples in MSoS and GTZAN are observed in Fig.

2 and Fig. 3 respectively.

4.2 Evaluation metrics

The evaluation metrics for audio tagging are d-prime, mean Area Under the Curve
(mAUC) and mean Average Precision (mAP). The area under the precision and recall curve is
the average precision which doesn’t depend on count of true negatives. However, AUC
comprises both true and false positive rate that is observed in true negative outcomes. Every
individual class is used for calculating the metrics and an average is calculated. Fig. 4. shows

a comparison of the various audio Tagging mechanisms with respect to the average precision

accuracy.
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Figure 4. mAP Vs Multi-adds (Million) in audio Tagging
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5. Conclusion

In this paper, a novel methodology that uses audio pattern recognition incorporated in
an Audio Set is used as a pre-trained Audio Neural Network. To build the neural networks, a
large number of neural networks are examined. A Wavegram-Log mel CNN and a wavegram
feature are used in this paper which can archive 0.5 mAP. The system computational
complexity is also examined indicating the efficiency of the proposed work. Experimental
observations and simulations indicated that this work can be utilized in many audio pattern
recognition tasks and proves to be more efficient than other traditional methods. The audio
neural networks are found to be very useful when used on small data. This methodology can

be extended for identifying audio pattern recognition applications in the future.
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