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Abstract

This paper proposes an audio event classification method based on convolutional neural
networks (CNNs). CNN has great advantages of distinguishing complex shapes of image.
Proposed system uses the features of audio sound as an input image of CNN. Mel scale filter
bank features are extracted from each frame, then the features are concatenated over 40
consecutive frames and as a result, the concatenated frames are regarded as an input image.
The output layer of CNN generates probabilities of audio event (e.g. dogs bark, siren, forest).
The event probabilities for all images in an audio segment are accumulated, then the audio
event having the highest accumulated probability is determined to be the classification result.
This proposed method classified thirty audio events with the accuracy of 81.5% for the
UrbanSound8K, BBC Sound FX, DCASE2016, and FREESOUND dataset.
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1. Introduction

Daily media use has gradually shifted from mass media (eg. TV shows and movies) to

personal media such as user-created contents [1]. Until recently, most analysis of multi media
depended on metadata. In this reason, leading global software companies actively conduct
research of automatic segmentation, tagging, context classification through the analysis of
video content. To analyze the meaning of video content, the classification of sound events
included in the videos is essential. Regarding of conventional sound event classification, most
studies have focused on extracting various features, such as spectral flux, zero crossing rate
(ZCR), and band periodicity, including verifying their performances or on Gaussian mixture
models (GMM) and rule-based classifiers [2]-[4]. In those studies, however, the number of
classes in sound events was limited to music, voice, and other sounds.

Deep neural networks (DNNSs) have attracted attention as a technology that shows better
performance than conventional methods in various machine-learning fields. DNN is an
artificial neural network composed of two or more hidden layers. It can distinguish more
complex and nonlinear learning boundaries than artificial neural networks with a single hidden
layer, exhibiting better performance in classification problems. A large amount of data,
however, is necessary to estimate the numerous parameters of DNN, and considerable
computation is required. DNNs have been applied to various applications because of recent
advances in big data and hardware technologies.

In particular, convolutional neural networks (CNNs) have been applied to image
classification, showing remarkable performance improvements. CNN has great advantages of
distinguishing complex shapes of image. Proposed system uses the features of audio sound as
an input image of CNN. Mel scale filter bank features are extracted from each frame, then the
features are concatenated over 40 consecutive frames and as a result, the concatenated frames
are regarded as an input image. The output layer of CNN generates probabilities of audio event
(e.g. dogs bark, siren, forest). The event probabilities for all images in an audio segment are
accumulated, then the audio event having the highest accumulated probability is determined to
be the classification result.

The structure of this paper is as follows. In Section 2, previous studies on audio event
classification are introduced. In Section 3, an audio event classification method using CNNSs is
described. In Section 4, contents of the audio-event selection, data refinement, and experiment
for efficient audio event classification from personal media are described. Our conclusion is
provided in Section 5.

2. Related Work

Recently, there was a study that applied deep belief networks (DBNSs) to musician- and music
genre-classification problems [5]. The DBN is a method of sequentially providing learning to
hidden layers using various learning data without answer scripts, and then using a small
amount of data with answer scripts to finally provide learning to output layers. The hidden
layer learning of DBNs stacks the hidden layers that went through unsupervised learning using
a restricted boltzmann machine (RBM). Supervised learning is finally performed for output
layers only using a small amount of learning data with answer scripts. According to the
experimental results, an approximately 73 % classification performance was observed in the
five music genre classification experiments, and an approximately 80 % classification
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performance was observed in the four musician classification experiments. This study shows
the advantage of using a large amount of training data without answer scripts. There is a
limitation, however, that the number of classes is small in the classification experiments.

Recently, there was a study that analyzed the difference between the existing support
vector machine (SVM) and the DNN [6]. In this study, the SVM and DNN were classified as
shallow architecture and deep architecture, respectively. In the case of an SVM, it reduces the
dimensions through the kernel and draws lines to classify the class distribution and can be seen
as an artificial neural network with a single hidden layer. On the other hand, a DNN having
multiple hidden layers can create more complex decision boundaries than SVMs or artificial
neural networks with a single hidden layer because it stacks nonlinear boundaries. A large
amount of data, however, is required to learn DNN parameters.

A study on hidden markov model (HMM)-SVM-based audio event classifiers was recently
conducted [7]. Fifteen audio event classifiers was trained using various feature vector
combinations including the mel frequency cepstral coefficient (MFCC), perceptual linear
prediction (PLP), and zero crossing rate (ZCR). It was found that recognition performance
could be different depending on the feature vector combinations. Events were detected by
generating answer scripts directly from sound events in talk shows, news, movies, and
documentaries. Experimental results showed that the use of PLP feature vectors exhibited the
highest performance.

There was also a recent study involving an experiment on classifying five types of events
using a DBN from the sound information of a sports broadcast video [8]. The five events were
crowd sound, commentary, crowd sound+commentary, excited commentary, and silence. The
performance of trained DBN model was compared with that of SVM model. Experimental
results show that the performance of the SVM was slightly higher than that of the DNN. It was
determined that this was caused by machine learning with a deficit of training data.

A study was recently conducted on sound event sequence classification in which multiple
events existed in one sample [9]. Previous studies of sound event classification, it was
assumed that only one event existed in a sample. However, as there are cases with various
events, the event sequence was classified. After modeling each sound event by GMM, a
3-state hidden markov model (HMM) was used to classify the sound event sequence. While
this model exhibits high performance when sound events appear in a sequence, it is difficult to
collect training data with answer scripts.

There was a study on distinguishing four different events: traffic, music, crowd, and
applause using an RBM [10]. In this study, RBM was trained so that the hidden layer could
generate an output feature vector for an input feature vector; then the feed forward neural
network (FFNN) was configured for the highest output layer so that the sound event could be
produced. DNNs using RBM were evaluated together with SVM and GMM, and it was found
that RBM had better classification performance than GMM and SVM. This study also had a
limitation that the number of sound events was small.

Competitions and public challenges related to audio information analysis focus primarily
on voice and music. CHIME dealt with keyword recognition in noisy environments [11];
keyword recognition performance in various noisy environments was comparatively evaluated,
with the result that the measured performance of human recognition and that of the classifier
with the best performance showed a difference in recognition rate of about 5%. MIREX
assigns tasks related to music information retrieval (MIR) such as music beat tracking, chord
estimation, melody extraction, and genre classification [12]. The CLEAR assignment
evaluates systems that recognize human behavior, reactions, and information from the
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surrounding environment using multimodal video/audio information. Audio environment
analysis is included, and an HMM-based system that performs recognition through sound in
nine environments (such as the airport, street, or bus in CMU ) showed an error rate of
approximately 15% [13]. The TRECVID challenge mainly analyzes videos; it has three
specific assignments: semantic indexing (SIN); multimedia event detection (MED), which
includes audio event analysis; and localization (LOC) [14]. The SiSEC challenge focuses on
source classification issues in audio with mixed music and voice [15].

A study that classified audio events by frame, based on feed-forward neural net (FFNN),
was also conducted [16]. A method to classify sound events in every frame was proposed. The
FFNN consists of one input layer, one output layer, two hidden layers. Each hidden layer is
composed of 2,000 neurons, and each neuron has weight and bias as parameters. The feature
vector generated from the audio feature extractor becomes the input vector in the FFNN,
which makes up the audio event classifier. The values of the output layer corresponding to the
input vector represent the occurrence probability of each class. When one sample input was
classified, the probabilities of each event for all the frames were added, and the event with the
highest probability was determined as the classification result. The number of audio events
was 10, and the audio event classification accuracy of sample units showed more than 70 %
performance showing better performance than SVM.

3. CNN Based Audio Event Classification

The proposed CNN based audio event classifier consists of two modules: an audio feature
extractor and a CNN-based frame level audio event classifier. Fig. 1 shows the overall audio
event classification process. In audio feature extractor, audio signal is converted to raw pcm
format, and then mel-scale filter bank features are extracted. Audio event classifier is
composed of convolutional layer, pooling layer, and fully connected multi-layer perceptron
(MLP). Section 3.1 describes details of the audio feature extractor and Section 3.2 describes
the CNN-based frame level audio event classifier. Audio event detection method from frame
level classification result is described in Section 3.3.

3.1 Audio Feature Extractor

The audio feature extractor creates a feature vector sequence for a given input signal, and the
vector sequence is used in the input layer of the CNN. The input audio signal is converted in
raw pcm format with a sample rate of 16,000 samples/sec and two bytes per sample. The
hamming window in a 20 ms size moves by 10 ms for the input signal and performs short-time
Fourier transform (STFT) for each window. A triangular bin that increases by mel-scale is
applied to all windows and each frequency energy is multiplied by weights to extract one
feature value for each triangular bin. A mel-scale filter bank (FBANK) feature vector is
created by forming a vector using these feature values. 40-dimensional FBANK features are
extracted from each frame, then the features are concatenated over 40 consecutive frames. As
a result, the concatenated frames are regarded as an input image.
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Fig. 1. Structure of CNN based audio event classifier

3.2 Audio Event Classifier

CNN based audio event classifier has three main components: convolutional layer, pooling
layer, and fully connected layer. Convolutional layer computes the output of neurons that are
connected to local patches in the input. This local patches, generating a dot product between
weights and sub-region of the image, are shifted from top-left to bottom-right of the image.
The role of the convolutional layer is known as to detect local conjunctions of features from
the previous layer [22]. Pooling layer performs a non-linear downsampling operation along the
spatial dimensions of the previous layer, resulting in dimension reduction and merging
sematically similar features into one [22]. Finally, the fully connected MLP layer is used to
classify an audio event of input image. The event probabilities for all images in an audio
segment are accumulated, and then the audio event having the highest accumulated probability
is determined to be the classification result.
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Fig. 2. Example of event detection for sea wave sound
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3.3 Audio Event Detection

The segment detection from the frame-level classification result is performed as shown in Fig.
2. The occurrence probabilities of all the audio objects are calculated per frame through CNN
forward propagation. If the occurrence probability in more than five consecutive frames
exceeds the learned threshold, the corresponding audio event is derived from the first segment
detection. If the first detected segments with the same audio event are adjacent to each other
within one second, the corresponding two segments are combined into one. Finally, the audio
object name, start time, and end time are derived as audio object detection results.

4. Experiments

4.1 Audio Event List

To conduct audio event analysis in as many segments as possible, the output class of CNNs
should match the sounds from video as much as possible. To analyze this, total 11 hours of
youtube videos were collected and audio events are tagged by annotators. Afterwards, 30
events were selected in the order of highest occurrence. Table 1 gives the selected audio event
list.

Table 1. Audio event list

air conditioner baby cry bird
boiling cafe car horn
car roads children playing city center
cow crowd dog bark
drilling engine idling forest
grocery store gun shot horse
jack hammer metro station office
park rain river
sea wave ship siren
street music train wind
4.2 Dataset

The data corresponding to the list of the audio events in Table 1 were collected from four
datasets: UrbanSound8K, BBC Sound FX, DCASE2016, FREESOUND.

4.2.1 UrbanSound8K

UrbanSound8K refers to audio event data collected and distributed by New York
University. It is a collection of sounds that can occur in everyday urban life [17]. One audio
sample lasts less than four seconds, and a total of 8,732 files are provided. It has 10 audio event
classes which are subset of Table 1, and has a total length of nine hours. All audio samples are
refined well so that additional data preparation is not required.

4.2.2 BBC Sound FX

BBC Sound FX dataset is a collection of sound effects used in movies and TV broadcasts,
and consists of 40 CDs [18]. As each track is made up of a large theme, separate analysis and
tagging are required. In this study, manual tagging was performed on audio events that can be
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classified for all the tracks. Tagging results show that a total of 160 audio events exist. Among
them, 10 audio events, which belong to the events selected in Table 1 and contain enough
quantity to be used as training data, are selected, and the corresponding tagging results are
selected as training data.

4.2.3 DCASE 2016

DCASE 2016 is a challenge that performs audio classification evaluation on four tasks [19].
Among them, taskl contains a considerable number of events selected in Table 1 as the
contents for audio scene classification. Like UrbanSound8K, it is a refined dataset without a
need for separate tagging and is used as training data.

4.2.4 FREESOUND

FREESOUND is a cloud database where any user in the cloud shares sounds with specific
keywords. As duplicate events exist when classes are constructed from the preceding three
datasets, data are collected from freesound.org to supplement the duplicate events. As the
collected data may contain errors, manual tagging was performed for segments with actual
sounds.

Mormalized size of total data
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Fig. 3. Data size distribution according to each audio event class

As the datasets are collected from different domains, the total humber of segments and
playback time are different for each audio event. In particular, as the playback time is much
different for each event, additional processing is required for extracting features. Fig. 3 shows
the proportion of the amount of learning data for each event.

Audio events that occupy large quantities are those corresponding to environmental sounds,
such as rain, river, wind, and sea waves. These sounds have a very long playback time per
audio segment, exhibit little sound change, and show the characteristics that similar sounds are
repeated. Owing to the nature of CNN training, when most of the images are similar, even if
there are a large amount of data, it is disadvantageous in terms of generalization. Therefore,
the frame shift size for each event is determined in proportion to the amount of learning data
according to event, and the extracted training images are eventually generated in the same
amount for each event.
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4.4 Experiment Results

The HTK [20] toolkit is used for FBANK feature extraction, and DNN/CNN model learning is
implemented using tensorflow [21]. One-tenth of the training data is used as validation data.
Test data consists of a total of 600 audio segments by selecting 20 segments-per-event from all
the datasets. All the data are converted to 16 kHz sampling and 16 bit-mono. To evaluate the
performances of the CNN-based model and the baseline DNN-based model, 7 models were
constructed as shown in Table 2.

Table 2. DNN / CNN model description

Model name Model description
DNN1 4-hidden layer, 1,000 neurons per layer
DNN2 4-hidden layer, 2,000 neurons per layer
DNN3 4-hidden layer, 3,000 neurons per layer
CNN1 5x5 conv - 2x2 max pool - 5x5 conv - 2x2 max pool - 1024 fully connected

5x5 conv - 2x2 max pool - 4x4 conv - 2x2 max pool -

3x3 conv - 2x2 max pool -1024 fully connected

5x5 conv - 5x5 conv - 2x2 max pool - 4x4 conv - 4x4 conv - 2x2 max pool -
3x3 conv - 2x2 max pool - 2048 fully connected - 1024 fully connected
5x5 conv - 5x5 conv - 2x2 max pool - 4x4 conv - 4x4 conv - 2x2 max pool -
CNN4 3x3 conv - 2x2 max pool - 3x3 conv - 2x2 max pool -

2048 fully connected - 1024 fully connected

CNN2

CNN3

Fig. 4 shows the frame level validation accuracy for each epoch. Experimental results show
that the performance of CNNSs is much higher than that of the baseline DNN-based audio
classification model. Fig. 5 shows loss value according to training models.
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Fig. 4. Frame level validation accuracy
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Fig. 5. Loss value according to training models

The parameters of the epoch with the highest validation accuracy are determined as the
final parameters for each model. Table 3 gives the test results. Frame level accuracy indicates
the frame level accuracy for a total of 600 test data. Segment level accuracy indicates the
segment level accuracy for 600 segments. Segment level classification tests were conducted
by using two decision making methods: probability accumulation method and voting method.
In the probability accumulation method, the event probability of an audio segment is
calculated as the accumulation of frame level probabilities over all frames. Then, the audio
event having the highest accumulated probability is determined as the segment level
classification result. While in the voting method, classification is performed in frame level.
The segment level event count is calculated as the number of frames classified with the
corresponding event. The event with the maximum segment level event count is determined as
the segment level classification result. Experimental results in Fig. 5 and Table 3 show that
CNN3 model exhibits the highest performance, although the loss value of CNNL1 is lower than
that of CNN3. As the size of CNN1 model is relatively smaller than that of CNN3 it is
concluded that CNN1 model has overfitted to the train dataset. It is shown that the probability
accumulation method outperforms the voting method.

Table 3. Model test result

Model name Frame level accuracy (%o) Segment level accuracy (%)
Prob. Acc. Voting

DNN1 39.1 59.5 57.3
DNN2 37.3 55.3 53.1
DNN3 35.7 56.5 51.1
CNN1 50.3 78.0 74.7
CNN2 46.5 68.0 65.8
CNN3 57.2 81.5 78
CNN4 56.3 78.3 74.3
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Confusion matrix of segment level test for CNN3 is shown in Fig. 6. Wind, car roads, and
crowd are the classes that show relatively low performance. Six segments of wind are
misclassified to sea waves and park, and six segments of car roads are misclassified to wind,
and four segments of crowd are misclassified to children playing.
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Fig. 6. Confusion matrix of segment level test for CNN3 model

5. Conclusion

In this study, a CNN-based audio event classifier was proposed and its performance was
verified through experimentation. Proposed system used the features of audio sound as an
input image of CNN. Mel scale filter bank features were extracted from each frame, then the
concatenated features over 40 consecutive frames were regarded as an input image. The event
probabilities of output layer of CNN for all images in an audio segment were accumulated,
then the audio event having the highest accumulated probability was determined to be the
classification result. The performance of DNN-based and CNN-based classifiers with various
model structures were measured. Experimental results exhibited a maximum performance of
81.5 %, which is approximately 20 % higher than the performance of the baseline classifier.
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