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ABSTRACT

Convolution neural networks (CNNs) have achieved
great successes in many machine learning tasks such as
classifying visual objects or various audio sounds. In
this report, we describe our system implementation for
acoustic scene classification task of DCASE 2018 based
on CNN. The classification accuracies of the proposed
system are 72.4% and 75.5% on development and leader-
board datasets, respectively.

Index Terms— Acoustic Scene Classification, Con-
volution Neural Networks, Dropout, Ensemble learning.

1. INTRODUCTION

These days, recurrent neural networks (RNNs) are gener-
ally employed in audio classification tasks such as audio
tagging, acoustic scene classification, and sound event
detection [4, 5]. Because RNN models are actively mod-
els temporal relationships of the given observations, they
are by nature effective for learning sequential data. How-
ever, the uncertainties or observation errors of the in-
put data are accumulated over time in the RNN forward
process, RNNs often become unstable and hard to learn
reliable models. On the contrary, convolutional neural
networks (CNNs) use kernel windows of fixed sizes, so
that it removes long-term, accumulated effects but local
properties of the input data. Therefore, we built CNN
based system for acoustic scene classification (ASC) in
task 1A of detection and classification of acoustic scenes
and events. We used shallow and wide CNN models with
our novel methods.

This paper is organized as follows: we briefly de-
scribe the general idea and implementation details of our
novel methods in Section 2. In Section 3, the classifica-
tion experimental results on DCASE 2018 [1] are shown,
followed by conclusion of the report in Section 4.

2. OUR SUBMISSION

2.1. Dropout

Dropout was proposed only for fully connected layers to
substitute node outputs with zeros, and the selection is
done randomly and independently with nodes [6]. In this
report, we applied dropout to convolution kernel weights
to be suited to convolution layers. The convolution ker-
nel window coefficients are dropped (zero substitution)
with given keep probability.

2.2. Partial Label Ensemble

Ensemble method [3] is a well-known technique to com-
bine different model outputs to achieve improve perfor-
mance from the individual model outputs. Majority rule
is one of popular ones, which selects alternatives which
have the largest number of classification labels. With this
rule, system can avoid misprediction from the minority
or outliers. To apply the majority rule, each model should
be trained with different datasets to ensure the indepen-
dence among the trained models. Cross-validation is one
way to do that, by splitting dataset into data-wise evenly
and selecting some parts of them. Cross-validation re-
quires all of original classes, so when the amount of data
is too small for a certain label due to the data splitting, it
may lead model underfitting. To avoid problem, we split
the dataset class-wisely with the same number of classes
per subset. The proposed cross-validation policy is de-
scribed in Figure 1.

3. EXPERIMENTAL SETUP

3.1. Feature Extraction

We first converted the audio sound to mono channel, and
extracted log-scale, mel-band energies, which is identical
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(a) data-wise (b) class-wise
Figure 1: Data split policy for the proposed ensemble
learning. Each column represents a class, and each row
represents sample data.

to the baseline system. The temporal width and stride
of the convolution kernel window 0.08 ms and 0.4 ms,
respectively. The number of extracted band energies is
250, followed by a zero padding along time axis to make
a squared feature shape. As a result, we use 250x250
spectral image as an input to the network.

3.2. Model Description

Layer Name | Kernel Size | Output Shape
Input - (250, 250, 1)
Conv 11x11 (250, 250, 64)

Maxpool 2x2 (125, 125, 64)
Conv 9x9 (125, 125, 128)
Maxpool 5x5 (25, 25, 128)
Conv x 2 5x5 (25,25, 256)
Maxpool 5x5 (5, 5, 256)
Conv x 2 3x3 (5,5,512)
Avgpool 5x5 (1,1,512)
Dense - (512)
Dropout - (512)
Dense - 10)

Table 1: CNN structure: on every Conv layer, batch nor-
malization, relu activation, and drop are applied.

Our system is shallow and wide CNN which has 6
more layers than baseline system. Batch normalization
and /> normalization are employed as a preprocessing.
ReLU activation function [9] is applied right after every
batch normalization. The combination of cross entropy
and scaled mean squared error is used for loss function,
and we use momentum algorithm to minimize loss func-
tion. The model is trained for 200 epochs, with 0.0125
initial learning rate with batch size 16. During training,

learning rate is divided by 10 at every 80 epochs. Table 1
shows our CNN structure.

3.3. Evaluation Results

Dataset Model Name Accuracy
Dev fold1l Baseline 59.7%
Dropout 72.4%

leaderboard | Dropout 74.3%
Dropout_Ens 74.0%
Dropout_PL_Ens 75.5%

Table 2: Classification accuracies of the development
and leaderboard sets with dropout, partial label ensem-
ble method. ‘Dropout_Ens’ is applying dropout and En-
semble learning, and ‘Dropout_PL_Ens’ is applying the
proposed partial label ensemble learning.

Table 2 shows the classification accuracies on the
provided development dataset foldl and leaderboard
dataset. By applying dropout, the accuracy was greatly
improved by 6.6%. According to the results in Table 2,
first two rows, we choose dropout for leaderboard dataset
experiments. The bottom two compare the conventional
Ensemble method with the proposed partial label ensem-
ble method. The proposed ensemble method also im-
proves the performance by 1.5% as well. The final per-
formance of the proposed method was 75.5%.

4. CONCLUSION

In this paper, we describe our CNN based system for
task 1A of DCASE 2018. We applied our novel meth-
ods, and achieved accuracies 72.4% and 75.5% respec-
tively on development and leaderboard dataset. This
is significant improvement compared to baseline sys-
tem which achieved accuracy of 62.5% on leaderboard
dataset. Moreover, we did not use any data augmentation
method. So, with data augmentation, the performance is
expected to be further improved.
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