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Abstract: Acoustic scene classification (ASC) categorizes an audio file based on the environment in
which it has been recorded. This has long been studied in the detection and classification of acoustic
scenes and events (DCASE). This presents the solution to Task 1 of the DCASE 2020 challenge
submitted by the Chung-Ang University team. Task 1 addressed two challenges that ASC faces in
real-world applications. One is that the audio recorded using different recording devices should
be classified in general, and the other is that the model used should have low-complexity. We
proposed two models to overcome the aforementioned problems. First, a more general classification
model was proposed by combining the harmonic-percussive source separation (HPSS) and deltasdeltadeltas features with four different models. Second, using the same feature, depthwise separable
convolution was applied to the Convolutional layer to develop a low-complexity model. Moreover,
using gradient-weight class activation mapping (Grad-CAM), we investigated what part of the
feature our model sees and identifies. Our proposed system ranked 9th and 7th in the competition
for these two subtasks, respectively.
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1. Introduction
In recent years, acoustic scene classification (ASC) has attracted widespread attention
in the Audio and Acoustic Signal Processing (AASP) community [1–6]. ASC aims to classify
a test recording sound into predefined classes that characterizes the environment in which
it was recorded [7]. The IEEE AASP Challenge on Detection and Classification of Acoustic
Scenes and Events (DCASE) takes place every year. It started from 2013 and is continuing
every year since 2016. The current year’s ASC task is divided into two subtasks: A and B.
Figure 1a shows the problem overview on subtask A. Subtask A aims to classify audio
into ten classes. Related audio files are recorded or simulated using multiple devices. The
development dataset includes 40 h of data from device A and smaller amounts of data from
other devices. The audio is provided in a single-channel 44.1 kHz 24-bit format. Figure 1b
shows the problem overview on subtask B.
Subtask B aims to classify audio into three classes based on low-complexity solutions.
All participants were required to comply with the model size of 500 KB or less. The related
dataset contains data recorded by a single device (device A). The audio is provided in a
binaural 48 kHz 24-bit format.
Convolutional neural networks (CNNs) are deep neural networks that are commonly
used for visual image analysis. CNN is applied to computer vision, natural language
processing, and recommendation systems. Moreover, it can be applied to audio by transforming the audio of the waveform into an image. For audio, CNN can be used pertaining
to the pre-processing of raw data, such as short time Fourier transform (STFT), constant-Q
transform (CQT), and mel-frequency cepstral coefficient (MFCC). The top-performing
studies in the recent ASC competitions used CNNs. Han and Park [8] learned deep learning models for left-right (LR), mid-side (MS), and harmonic-percussive source seperation
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(HPSS) features and ensembled these results to win second prize at the 2017 ASC competition. Sakashita and Aono [9] performed feature extraction using LR and HPSS and
won the 2018 ASC competition using the model proposed by Han and Park [8]. Gao and
McDonnell [10,11] used the deltas-deltadeltas feature and ranked second place in the 2019
ASC competition. In the last competition, only real and seen devices were provided, and
simulated or unseen devices were not used. Moreover, there were no tasks that considered
the low complexity criterion.

Figure 1. Overview of the ASC system for (a) subtask A and (b) subtask B.

In the field of deep learning, several studies have been conducted to derive a lightweight model. Xception proposed by Chollet [12], MobileNet proposed by Sandler et al. [13],
MobileNetV2 proposed by Howard et al. [14], ANTNets proposed by Xiong et al. [15],
and Shuffle Net proposed by Zhang et al. [16] have been studied to efficiently reduce
computation steps for the convolution filter. Han et al. [17] proposed a pruning method
that removes unnecessary parameters of the existing algorithm and a quantization method
to reduce the size of the existing model without losing expressive power by reducing the
parameter by a specific number of bits. Ullrich et al. [18] proposed weight sharing to have
common values of parameters.
This study proposes novel mechanisms to develop voice classification systems for
subtasks A and B. Our key contributions are summarized below:
•

•
•

In subtask A, we modified ConvBlock in the model proposed by Han and Park [8]
and Sakashita and Aono [9] to consider complex environments (multiple devices).
In addition to the HPSS feature, the deltas-deltadeltas feature proposed by Gao and
McDonnell [10,11] was used. In the existing model, ConvBlock was modified to reflect
the concepts of ResNet, InceptionNet, and LCNN.
In subtask B, we reduced the number of ResNet layers, and the model size was
reduced by using the depth-wise separable convolution used in MobileNet [14].
Gradient-weight class activation mapping(GradCAM) was used to determine the
parts of the feature for each environment that led to the final classification decision.
The characteristics of each environment were examined, based on which the possibility
of interpreting the model was confirmed.
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2. Materials and Methods
The speech classification model is divided into two parts: voice features and modeling. Section 2.1 introduces audio preprocessing, which is used equally for subtasks
A and B, and Section 2.2 defines a convolutional network model for two acoustic scene
classification tasks.
2.1. Audio Preprocessing
The audio preprocessing part in Figure 2 describes how we process audio data. We
used a log-mel-spectrogram. The audio files in subtask A are monaural and have a sampling
rate of 44.1 kHz. The audios files in Subtask B are binaural and have a sampling rate of
48 kHz. To generate each spectrogram, we used 2048 fast Fourier transform basis functions,
a hop-length of 1024 samples, 128 frequency bins, and the hidden Markov model toolkit
(HTK). Subsequently, we extracted a log-mel-spectrogram.

Figure 2. Proposed system architecture.

2.1.1. Harmonic-Percussive Source Separation
The HPSS decomposes monaural audio into two channels: (1) harmonic and (2)
percussive. Harmonic sound is perceived as pitched sound and enables us to hear melodies
and chords. In contrast, percussive sound is more related to noise and usually stems
from instrument onsets, e.g., hitting on a drum. An important characteristic of percussive
sounds is that they do not have pitch but have clear localization in time. In addition, the
mel-spectrogram was obtained from HPSS applied to monaural audio. We used three
channels (log-mel, harmonic, and percussive) for subtask A (monaural) and four channels
(harmonic (left, right), percussive (left, right)) for subtask B (binaural).
2.1.2. Log-Mel-Spectrogram, Deltas, and Delta-Deltas
For feature extraction, our approach was inspired by the work of McDonnell for the
ASC challenge 2019 [10,11], which used log-mel-spectrogram, deltas, and delta-deltas
obtained from the log-mel-spectrogram. The deltas and delta-deltas indicate the first
and second temporal derivatives of the spectrogram, respectively. For subtask A, with
monoaural samples in raw data, we used three input channels (log-mel, deltas, and deltadeltas) for our deep learning models. For subtask B, we used six input channels (as we
have binaural samples).
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2.1.3. Data Augmentation
Mixup is an effective data augmentation method [19]. We used a general augmentation
approach: we mixed different samples of the training set according to their weights. The
method is as follows:
X = λXi + (1 − λ) X j
(1)
y = λyi + (1 − λ)y j

(2)

where λ ∈ [0, 1] and is acquired by the sampling of the beta distribution with parameter α,
β(α, α), α ∈ (0, ∞). Xi and X j are different data samples; yi and y j are their corresponding
labels. In our experiment, we used the mixup to augment the log-mel-spectrograms. We
set α at 0.4 and used crop augmentation as 400 on the temporal axis before the mixup
augmentation [10].
2.2. Network Architecture
Most top teams of 2019 used CNNs for audio data. We applied CNNs on preprocessed
features (log-mel-spectrogram, deltas, delta-deltas, and HPSS). Figure 2 illustrates our
architecture. Subtasks A and B are similar; however, we avoid ensembles in subtask
B to maintain a lightweight model. In the following sections, we describe the network
architectures for subtasks A and B.
2.2.1. Benchmarking Model for Subtask A
The model developed by Han and Park [8] ranked second in ASC challenge 2017. This
model ensembles four models using different inputs. The first model uses a 1-channel
mel-spectrogram with mono audio input. The model architecture (a) in Figure 3 and CNN
ConvBlock (b) were used as learning models. That is, the received feature passes through a
model comprising of four ConvBlocks and two fully connected layers. In ConvBlock, the
padding layer, batch normalization layer, activation layer, and convolutional layer were
repeated twice. The activation layers use rectified linear unit (ReLU) activation and the
convolutional layers use 3 × 3 filters. The number of filters of the convolutional layers of the
four ConvBlocks initially 32 and doubles up to 256. Each ConvBlock is followed by a max
pooling layer, which is followed by a global average pooling layer after the last ConvBlcok.
The first fully connected layer has 1024 units and uses ReLU as an activation function.
The last fully connected layer has 10 units (the number of classes) and uses the Softmax
activation function. The second model uses a 2-channel mel-spectrogram in which the
audio received in mono is separated by HPSS. They train the first model, but concatenate
the two features received before the fully-connected layer. The other two models use a
2-channel mel-spectrogram separated by left-right (LR) or mid-side (MS) by receiving
audio as stereo, and they use the same learning model as the second model based of the
HPSS feature. Han and Park [8] ensembled the four models learned as described above.
Sakashita and Aono [9] won ASC challenge 2018 by ensembling a model, as shown in
Figure 3a with b as its ConvBlock similar to the work of Han and Park [8]. The difference is
that Sakashita and Aono [9] used nine diverse features.
After confirming that the architecture (Figure 3a) performed well in the 2017 and 2018
competitions, we used it as a baseline model.
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Figure 3. CNN architecture for subtask A. (a) General model architecture. (b–e): Four different modeling architectures for
ConvBlock inspired by VGGNet , ResNet , LCNN , and InceptionNet, respectively.

2.2.2. Proposed Ensemble Model for Subtask A
We modified ConvBlock to consider more complex environments (multiple devices)
in the existing models proposed by Han and Park [8] and Sakashita and Aono [9]. While
maintaining the architecture of the existing model, the ConvBlock was transformed by
considering ResNet, InceptionNet, and LCNN. In addition, for the input feature, we
additionally considered the deltas-deltadeltas feature proposed by Gao and McDonnell [10]
and HPSS.
Figure 3 depicts our CNN architecture for subtask A: (a) shows the general model
architecture, and we proposed to use four different architectures (b)–(e) for the ConvBlock.
The first architecture for ConvBlock (b) is the CNN module developed by Sakashita and
Aono [9] and Han and Park [8]. This neural network is a convolutional model based on
VGGNet [20]. The second architecture, (c), uses the skip-connection network in ResNet [21].
The third one, (d), is an LCNN module that uses Max-Feature-Map (MFM) activation
inside the skip-connection network [22]. The fourth one, (e), is based on InceptionNet that
concatenates two tensors [23].
2.2.3. Proposed Model for Subtask B
Figure 4 depicts our architecture for subtask B. The proposed reduced ResNet architecture is illustrated in (d); HPSS and deltas-deltadeltas are used as inputs for this model.
We have seven convolutional layers and one shortcut connection in our reduced ResNet.
In addition, the convolutional layer was replaced with a depthwise separable convolution
layer for additional model weight reduction.
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Figure 4. Architecture for subtask B. (a) and (b) describe submodules ConvBlock and depthwise separable ConvBlock.
(c) describe ResBlock. (d) Proposed reduced ResNet model. (e) Proposed multi-input ResNet model.

ConvBlock used in (d) is (a) comprises a convolutional layer, batch normalization, and
activation function. ReLU was used as the activation function. To make the model light,
global averaging pooling was used instead of the flattened layer, and the fully connected
layer was not used.
Moreover, we considered the multi-input model shown in (e); two input features are
HPSS and deltas-deltadeltas. Each input had its own convolutional layers to extract the
features, which were then concatenated and fed to the subsequent fully connected layers.
First, the HPSS and deltas-deltadeltas features are trained through each layer composed of
ConvBlock (a) and ResBlock (c), and after the concatenation of the two layers, they pass
through the Global Average Pooling layer. The fully connected layer was not used for
model efficiency.
Depthwise separable (DWS) convolution has been proposed in Xception and MobileNet papers [12,14]. The filter of the existing convolution layer is divided into depthwise
and pointwise convolution parts. Depthwise convolution learns a filter for each channel
separately and returns the output of all the channels. A pointwise convolution is applied
to this output.
In the case of applying DWS in [14], there was a gain of eight to nine times the
operation speed, but the performance slightly degraded. As shown in Figure 4d,e, we
examined the performance of DWS, the version with DWS, applied to the (DWS) ConvBlock
and the one without. In the model with DWS, DWS ConvBlock (b) is used for (DWS)
ConvBlock instead of ConvBlock (a).
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3. Experiments
3.1. Datasets
All datasets were collected by the Tampere University of Technology (TAU) between
May and November 2018 [7].
Subtask A used the TAU Urban Acoustic Scenes 2020 Mobile, Development dataset.
The dataset contains recordings obtained from 10 European cities using 9 different devices:
3 real devices (A, B, and C) and 6 simulated devices. Data from devices B, C, and simulated
devices consists of randomly selected segments of the simultaneous recordings; therefore,
all the data overlap with the data of device A but not necessarily with each other.
The dataset is provided with a training/test split in which 70% of the data for each
device is included for training and 30% for testing. Some simulated devices appear only in
the test subset.
The dataset for subtask B is the TAU Urban Acoustic Scenes 2020 3Class, Development
dataset. It contains recordings obtained from 10 European cities in 10 different acoustic
scenes using a single device (device A). The scenes are grouped into three major classes:
indoor, outdoor, and transportation.
The dataset is provided with a training/test split in which 70% of the data is included
for training and 30% for testing.
3.2. Models
For subtasks A and B, we used various model configurations. The naming conventions
are as follows:
•
•
•
•
•
•
•
•
•
•
•

“HPSS”: HPSS features described in Section 2.1.1.
“Deltas-DeltaDeltas”: log-mel energies, deltas, and delta-deltas features described in
Section 2.1.2.
“CNN”: the CNN architecture from Figure 3b.
“ResNet”: the ResNet architecture from Figure 3c for subtask A and Figure 4 for
subtask B.
“DWS-ResNet”: the ResNet architecture with a DWS convolution layer from Figure 4
for subtask B.
“LCNN”: the LCNN architecture from Figure 3d.
“InceptionLike”: the Inception-like architecture from Figure 3e.
“Deltas-DeltaDeltas-Ensemble”: This model ensembled four “Deltas-DeltaDeltas”
models.
“HPSS-Ensemble”: This model ensembled four “HPSS” models.
“All-Ensemble”: An ensemble of all 8 models with equal weights.
“Multi-Input”: both Deltas-DeltaDeltas and HPSS input features for subtask B.

We trained all our models in 100 epochs. After 60 epochs, the learning rate was
reduced from 10−3 to 10−5 . We used the Adam optimizer and applied a sigmoidal decay
using a learning rate scheduler implemented in Keras.
In subtask A, we used an ensemble to improve the performance (because different
efficient models trained independently are likely to be effective for different reasons). We
computed initial predictions using each separate model. Subsequently, we used the average
and argmax functions for prediction.
3.3. Grad-CAM Visualization
If the proposed model has the ability to explain the reason for making predictions, i.e.,
the ability to interpret, then it will help when the model is ineffective and when it fits well.
When the model is ineffective, the reason for failure can be determined, and when it fits
well, its reliability can be determined. Several techniques have been developed to visualize
and interpret learning expressions. Among these, we use a technique called Gradientweight Class Activation Mapping (Grad-CAM) to visualize the parts of the feature based
on which the model judges [24].
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Grad-CAM can help understand the parts of the image that lead the CNN to make
the final classification decision. Let us predict a picture as class A. Considering the specific
convolution layer of our model, the predicted value is a function of specific convolution
layer values. The model is trained to minimize the loss between the predicted value and
class A; a heatmap can be drawn by applying gradient accents to the direction of increasing
loss and summing the absolute changes in specific convolution layer values along the
channel direction.
As Grad-CAM calculates weight using a gradient, it can be applied to any layer. As it
is known to read semantic class-specific information as it goes deeper in the CNN, we will
see the result of Grad-CAM using the last layer of our model. We applied Grad-CAM to
the Deltas-DeltaDeltas-Resnet model and the Deltas-DeltaDeltas-DWS model, which had
the best performance on subtask B.
4. Results
This section reports the performance of our proposed models on the development set
for subtasks A and B.
4.1. Evaluation Metric
We compared and evaluated the performance of our proposed approaches for subtasks
A and B. As evaluation metrics, we used the multi-class accuracy, macro-averaged recall,
and macro-averaged-precision. The multi-class accuracy can be obtained as the ratio of
correct predictions to the number of test examples.
Accuracy =

1
N

N

∑ I (yi = ŷi )

(3)

i =1

where I is an indicator function and returns 1 if the classes match, and 0 otherwise.
Macro-averaged recall is the average of the class-wise recalls, and macro-average
precision is the average of the class-wise precisions. If the number of predefined classes
is C, the macro-averaged recall Rmacro and the macro-averaged precision Pmacro can be
calculated as follows:
1 C
TPi
∑C R
Rmacro = ∑
= i =1 i
(4)
C i=1 TPi + FPi
C
Pmacro =

1
C

C

TP

∑ TPi + iFNi

i =1

=

∑iC=1 Pi
C

(5)

where TPi , FPi , and FNi represent true positives, false positives, and false negatives in the
ith class, respectively, and Ri and Pi represent recall and precision in the ith class.
4.2. Classification Results for Subtask A
We used HPSS-CNN proposed by Han and Park [8] and Sakashita and Aono [9] as the
baseline model and compared it with our proposed models. Table 1 lists the experimental
results for subtask A. Each model applied to Deltas-DeltaDeltas in subtask A had an
accuracy of over 60%, while the same model applied to HPSS had a lower accuracy. When
HPSS was used as a feature, when comparing the accuracy of the four models CNN,
ResNet, LCNN, and InceptionLike, the accuracy of the CNN proposed in Han and Park [8]
and Sakashita and Aono [9] was the highest at 59.36%. On the other hand, with DeltasDeltaDeltas, the accuracy of CNN was the lowest at 63.43% among the four models, and
the accuracy of ResNet was the highest at 64.21%. The accuracy of Deltas-DeltaDeltasEnsemble is 69.16%, which is 5.12% higher than that of the HPSS-Ensemble. In addition, it
has higher accuracy than the All-Ensemble that ensembles all eight models.
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Table 1. Subtask A Results. Accuracy (%), recall (%) and precision (%) are multi-class accuracy, macro-averaged recall, and
macro-average precision, respectively, of the development set.
Model

Model Configuration (Subtask A)

Accuracy (%)

Recall (%)

Precision (%)

1
2
3
4
5
6
7
8
9
10
11

HPSS-CNN
HPSS-ResNet
HPSS-LCNN
HPSS-InceptionLike
Deltas-DeltaDeltas-CNN
Deltas-DeltaDeltas-ResNet
Deltas-DeltaDeltas-LCNN
Deltas-DeltaDeltas-InceptionLike
HPSS-Ensemble
Deltas-DeltaDeltas-Ensemble
All-Ensemble

59.36
58.55
58.08
58.69
63.43
64.21
64.11
63.94
64.04
69.16
68.62

59.36
58.55
58.08
58.69
64.43
64.21
64.11
63.94
64.04
69.16
68.62

60.27
59.93
58.35
58.97
63.60
65.23
64.58
63.94
64.33
68.86
68.61

Table 2 lists the classification accuracy results of 10 classes. With Deltas-DeltaDeltasResNet, the accuracy improved for eight classes, excluding Shopping Mall and Tram,
compared with HPSS-CNN, the baseline model. In particular, the accuracy significantly
increased for Bus, Park, and Street Pedestrian. When Deltas-DeltaDeltas-Ensemble was
used, the accuracy for the Tram significantly increased compared to when the single
Deltas-DeltaDeltas-ResNet model was used.
Table 2. Subtask A class-wise performance. HPSS-CNN (%), Deltas-DeltaDeltas-ResNet (%), and Deltas-DeltaDeltasEnsemble (%) are class-wise accuracy (recall) of the development set.
Classes

HPSS-CNN (%)

Deltas-DeltaDeltas-ResNet (%)

Deltas-DeltaDeltas-Ensemble (%)

Airport
Bus
Metro
Metro Station
Park
Public Square
Shopping Mall
Street Pedestrian
Street Traffic
Tram

48.48
62.96
57.58
62.63
69.36
46.13
66.00
33.00
78.79
68.69

50.17
78.45
64.31
68.01
80.13
45.45
65.32
42.42
81.82
66.00

56.57
80.47
69.70
69.02
85.19
52.86
67.34
48.48
84.18
77.78

Table 3 lists the classification accuracy results of nine devices. In all the devices except
device A, when Deltas-DeltaDeltas-ResNet was used, the classification accuracy was higher
than when HPSS-CNN, the baseline model, was used. In particular, the accuracy of the
unseen devices (S4–S6), which were not used for training, relatively increased compared
with the seen devices (S1–S3). Deltas-DeltaDeltas-Ensemble is more accurate than HPSSCNN and Deltas-DeltaDeltas-ResNet for all devices.
Table 3. Subtask A device-wise performance. Devices A, B, C, and S1–S3 are seen devices, and S4–S6 are unseen devices.
HPSS-CNN (%), Deltas-DeltaDeltas-ResNet (%), and Deltas-DeltaDeltas-Ensemble (%) are class-wise accuracy of the
development set.
Devices

HPSS-CNN (%)

Deltas-DeltaDeltas-ResNet (%)

Deltas-DeltaDeltas-Ensemble (%)

A
B
C
S1
S2
S3
S4
S5
S6

74.45
64.24
66.67
62.42
53.94
59.70
52.42
53.64
46.67

72.42
68.79
69.39
64.85
58.79
61.62
58.18
56.06
56.06

80.00
73.03
76.67
70.90
63.03
70.60
64.24
62.42
61.51
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4.3. Classification Results for Subtask B
Table 4 and Figure 5 present the experimental results for subtask B. Deltas-DeltaDeltasResNet, HPSS-ResNet, and Multi-Input-ResNet in Table 4 indicate the accuracy and model
size of reduced ResNet and multi-input models without DWS in the convolution layer. The
ResNet model performance using the Deltas-DeltaDeltas feature was the highest at 95.38%.
As the model weight reduction technique was not used, the model size is smaller than
the 500 KB limit in the competition, but its size is close to the limit. Deltas-DeltaDeltasDWS-ResNet, HPSS-DWS-ResNet and Multi-Input-DWS-ResNet indicate the results of the
models based on the model weight reduction technique (DWS convolution). Overall, the
performance of the models with DWS has slightly decreased, but we can see that the model
size is more than three times smaller with DWS convolutions.
Table 4. Subtask B Results. Accuracy (%), recall (%), and precision (%) are multi-class accuracy, macro-averaged recall and
macro-average precision, respectively, of the development set.
Model

Model Configuration (Subtask B)

Accuracy (%)

Recall (%)

Precision (%)

Size (KB)

1
2
3
4
5
6

Deltas-DeltaDeltas-ResNet
HPSS-ResNet
Multi-Input-ResNet
Deltas-DeltaDeltas-DWS-ResNet
HPSS-DWS-ResNet
Multi-Input-DWS-ResNet

95.38
95.29
94.57
95.38
94.07
92.90

95.32
95.33
94.81
95.30
94.00
92.94

95.25
95.19
94.38
95.32
93.94
92.77

494.2
489.8
495.6
131.8
127.2
204.3

Figure 5. Graph comparing the model size and performance of subtask B. The blue dots are the models to which the weight
reduction technique is applied, and the red dots are the original models.

4.4. Grad-CAM Application
Subtask B has three large labels, and there are ten place labels, which are defined in
detail. Figure 6 presents the wave plot, spectrogram, and Grad-CAM results of representative voices.
Based on to the corresponding voices and Grad-CAM results, the characteristics of
each environment were summarized as follows.
•

Indoors involve considerable human noise. The Grad-CAM results indicate that there
were many activation spots.
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•

•

A characteristic feature of the Grad-CAM results of transportation is that the vertical
lines exhibit a pattern in the middle. While listening to the actual recording, vertical
lines appear when a rattling sound is heard.
The distinctive feature of the Grad-CAM results of outdoor is that they have long
horizontal lines. We hear continuous sound, i.e., the sound of water, walking, and
birds.
Deltas-DeltaDeltas-ResNet

Deltas-DeltaDeltas-DWS-ResNet

Public
square

Park

Tram

(b)

Metro

Bus

Shopping
mall

(a)

Metro
station

Airport

Spectrogram

Street
traffic

Street
pedestrian

(c)

Figure 6. Grad-CAM results: (a) indoor, (b) transportation, and (c) outdoor

4.5. Misclassified Samples
Figure 7 shows the class-wise performance of subtask A and subtask B as a normalized
confusion matrix. Here, each row represents a predicted class for a true class.
Figure 7a is the confusion matrix for HPSS-CNN, Deltas-DeltaDeltas-ResNet, and
Deltas-DeltaDeltas-Ensemble of Table 2 for subtask A. When Deltas-DeltaDeltas-ResNet
was used, the problem of misclassifying Bus as Tram was reduced compared with the case
of HPSS-CNN, and the accuracy in the case of Bus significantly improved; the problem of
misclassifying Park as Public Square or Tram was also reduced. In addition, as a result of
using Deltas-DeltaDeltas-Ensemble, it was possible to reduce the problem of misclassifying
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Public Square as Street Traffic or misclassifying Street Pedestrian as Public Square, which
was not resolved in Deltas-DeltaDeltas-ResNet.
Figure 7b shows a confusion matrix that exhibits class-wise performance for DeltasDeltaDeltas-ResNet, HPSS-ResNet, and Multi-Input-ResNet listed in Table 4 for subtask
b, and Figure 7c exhibits Deltas-DeltaDeltas-DWS-ResNet, HPSS-DWS-ResNet and MultiInput-DWS-ResNet. In all the models, transportation is well classified. In particular,
there were few cases of misclassifying outdoor and transportation. Overall, indoor and
outdoor are often misclassified. As shown in Figure 7c, the ratio of indoor misclassification
was high.

True label

(a) Subtask A

Predicted label

Predicted label

Predicted label

HPSS-CNN

Deltas-DeltaDeltas-ResNet

Deltas-DeltaDeltas-Ensemble

True label

(b) Subtask B original

Predicted label

Predicted label

Predicted label

Deltas-DeltaDeltas-ResNet

HPSS-ResNet

Multi-Input-ResNet

True label

(c) Subtask B DWS

Predicted label

Predicted label

Predicted label

Deltas-DeltaDeltas-ResNet

HPSS-ResNet

Multi-Input-ResNet

Figure 7. Class-wise performance on subtask A and B. (a) shows class-wise performance for each model of subtask A, (b) is
class-wise performance for models in subtask B to which DWS is not applied, (c) is class-wise performance of models to
which DWS is applied in subtask B.
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5. Discussion
5.1. Comparison with Other Methods in 2020 ASC
In the 2020 ASC competition, subtask A had 92 submitted systems from 27 teams,
and subtask B had 86 submitted systems from 24 teams. In the competition, evaluation
was made with an undisclosed evaluation set, and macro-averaged recall was used as an
evaluation index.
Among the top 10 systems of subtask A, 9 systems used the ensemble technique,
and in addition to deltas-deltadeltas, various input features such as CQT, Gammatone,
HPSS, and MFCC were used. All top 10 systems partially used residual network in their
model architecture.
The macro-averaged recall of the best model proposed by Suh et al. [25] was 76.5%,
which exceeded the macro-averaged recall of our proposed model (72.9%) by 3.6%. The top
system also used deltas-deltadeltas as the input feature and combined the ideas of ResNet
and concatenated multiple layers to create a more powerful model. It also used a snapshot
ensemble to store the weights of all epochs as checkpoints during the training process and
then the final parameter estimated by weighted averaging.
The top 10 systems of subtask B used slim models, depth-wise separable CNNs, pruning and post-training quantization to create the light-weight model. The macro-averaged
recall of the top performing system proposed by Koutini et al. [26] was 96.5%, which is 2.6%
higher than of the macro-averaged recall of our proposed model (i.e., 93.9%). Perceptuallyweighted log-mel energies were used as input features, and they considered residual
network with receptive-field-regularized CNN. Parameter pruning and quantization were
used to reduce the weight of the model. Through pruning, the 6671.5 KB model was
reduced to 483.5 KB.
5.2. ASC Applications
ASC can be used to a smartphone that automatically changes to silent mode or adjusts
the volume based on the location, or to a hearing aid that adjusts its function according to
indoor or outdoor recognition. In addition, it can be performed as a pre-processing step to
address other problems such as separating the source of the speech signal from background
noise [27].
Determining a place with a deep learning model learned by various devices of ASC
subtask A is a task that can be applied to various products, such as smartphones, TVs,
and refrigerators. Subtask B of making light-weight models is an important problem for
implementing models in various low specification products.
5.3. Visualizing What Convnets Learn
One of the problems of deep learning is that the model cannot explain the reason for
the submitted result, and studies have been conducted to address problem [28,29]. In the
ASC problem, there have been attempts to explain the results as well [30,31].
Ren et al. [30] visualized the attention layer of the model to explain the result. Wu and
Lee [31] also visualized the Grad-CAM results for metro stations, residential areas, and
trains for the 2017 ASC competition data. A shown in Figure 6, the visualization results
for train and metro stations were similar to those of other studies. We additionally found
in our study that the background sound of an outdoor environment can be observed as a
horizontal line of fixed frequency.
5.4. Limitations and Future Work
Our model won 7th and 9th ranks at the ASC competition. However, better models are
also available, and our models have several shortcomings. For future research, in subtask A,
various augmentation techniques such as pitch shift, speed change, random noise, and mix
audios can be applied to improve accuracy [32]. In addition, performance can be improved
by fine tuning using pretrained weights from an external dataset [33]. If snapshot ensemble
is used, accuracy can be improved while maintaining the size of the model [25]. Thus, it
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can be used for both subtask A and B. For subtask B, the invertible residual and bottleneck
of MobileNetv2 [13] can be considered, or by using the concept of ANTNets [15] that
additionally consider squeeze and excitation networks in the invertible residual block. We
can also consider pruning and decomposed convolution for more light-weight models.
Additionally, we can use self-supervised learning techniques for feature representation
learning [34,35] followed by light-weighted traditional machine learning methods. In this
scheme, we use deep neural networks on a large amount of sound data to learn feature
representations that characterize sound data very well. For the light-weight model we
can apply lighter traditional machine learning methods such as k-NN, logistic regression,
support vector machine and random forest. [36–38]
6. Conclusions
In the 2020 ASC competition, the discrimination of voices recorded or simulated on
multiple devices was addressed in subtask A, and a lightweight and efficient model was
addressed in subtask B. Our proposed system ranked 9th and 7th in the competition for
subtasks A and B, respectively.
This paper presents our novel architectures for subtasks A and B. In subtask A,
we considered two features, Deltas-DeltaDeltas and HPSS, and four models inspired by
VGGNet, ResNet, LCNN, and InceptionNet. In all the four models, the use of DeltasDeltaDeltas surpassed the performance of HPSS, and among them, the use of ResNet
exhibited the highest accuracy. In subtask B, reduced ResNet using the Deltas-DeltaDeltas
feature exhibited the best performance at 95.38%. In addition, the reduced ResNet model
applying the DWS convolution and considering low-complexity was similar or slightly
inferior to the performance of the model without DWS convolution, but the model size
was reduced from 494.2 to 131.8 KB. Therefore, we confirmed that the DWS convolution is
effective in reducing the model size while maintaining the performance of the model.
In addition, features that specify indoor, transportation, and outdoor environments
were determined and visualized using Grad-CAM. In an indoor environment, the model
determines the partially generated noises, whareas in an outdoor environment, the pattern of fixed frequency background sound continues. Further, there are rattle sounds in
transportation, and this generates vertical lines with small intervals.
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