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Abstract

For audio classification tasks, one has access to the recordings
from only a few microphones while the system could be de-
ployed for a wider range of microphones. This paper discusses
augmentation methods for audio scene recognition with the aim
of improving performance on recordings from unseen micro-
phones. The proposed augmentation schemes can be broadly
classified into two categories. The first category, which is called
the frequency response augmentation technique, aims to artifi-
cially generate ‘new’ microphone frequency responses. This
is achieved by collecting microphone impulse responses from
a publicly available library and applying image augmentation
techniques on them to create a more diverse set of frequency
responses. The train data is then augmented with these arti-
ficially generated frequency responses. The second category
consists of the amplitude augmentation and random frame drop
methods which are simple yet effective in further boosting the
performance. We test all these augmentation methods on vari-
ous architectures and observe a good classification accuracy of
76.0% on the DCASE 2020 Task 1a set. Especially on unseen
devices our best reported accuracy, without using any model
ensembles, is 74.24%.

Index Terms: audio scene classification, data augmentation,
microphone impulse response, device robustness, transformers,
convolutional networks

1. Introduction

Acoustic scene classification (ASC) is the task of identifying the
environment (scene) in which the sound was recorded. Acoustic
scenes comprise a diverse range of sound events and can some-
times even share similar sounds, making the task challenging
[1]. Additionally, there is also the problem of device robust-
ness, posed by the variation in characteristics of recording de-
vices [2].

Proposed methods to solve these challenges include new
or improved feature extraction techniques [3], [4], [5], [6], [7],
data augmentation strategies [1], [2], [8], deep feature learn-
ing methods [9], [10], network architectures [11], [12], [13],
[14], loss functions [15] and other schemes [16], [17]. Although
these methods have shown good classification performance, we
wonder if there can be a more targeted approach to solve the
problem of device robustness, which remains a challenging area
of research. It is often difficult to collect sufficient recordings
from many different devices/microphones and it is likely that
in a real production environment, an ASC system will be ex-
posed to recordings from unseen devices. Even for a single
microphone, its frequency response characteristics might be de-
pendent on the orientation and other mechanical factors [18],
[19]. To mitigate this, [15] proposes the use of spectrum cor-
rection and heated-up softmax, [20] proposes a channel conver-
sion technique using factorized hierarchical variational autoen-
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coder and [1] uses CliqueNets and a mixture-of-experts (MoEs)
layer. [2] proposes a wide variety of augmentation schemes
which include mixup, random crop, SpecAugment, pitch shift,
speed change and the addition of noise and reverberation. They
also mention that some of these augmentation methods can help
simulate ‘new’ devices and report improved accuracies on the
DCASE 2020 Task 1a set [21], which is a multi-device dataset.

In this paper we propose two new types of augmentation
methods: (i) The first type is aimed at simulating ‘new’ devices
and we call this the frequency response (FR) augmentation tech-
nique. As we can artificially synthesize recordings of a device
(to a good extent) from its frequency response, our approach is
to synthetically create many such frequency responses. These
responses are then used to augment the train data, with the hope
that the augmented data will be representative of recordings
from an unseen realistic microphone. For this, we gather mi-
crophone impulse responses (IR) from the freely available Mi-
crophone Impulse Response Project (MicIRP) library [22]. This
library contains around 65 IRs of vintage microphones from 30
manufacturers [23]. Interestingly, when these IRs are used as-
is to augment the train data of the DCASE set, we already see
performance improvements. In order to further increase the data
diversity, we then propose methods to artificially create new fre-
quency responses by applying different transformations to the
frequency responses corresponding to these IRs. When these
artificially generated frequency responses are used to augment
the data, we observe a much higher performance improvement,
especially on devices that were not present in the train data. (ii)
Under the next type, we introduce two general purpose aug-
mentation methods, which are, namely, amplitude augmenta-
tion and random frame drop. These seemingly simple methods
bring about further performance gains on top of the earlier per-
formance improvements.

All the proposed augmentation methods are tested exten-
sively on the Resnet and the Convolutional vision Transformer
(CvT) [24] model, which was recently introduced for image
classification. We use Resnet for benchmarking as it is the most
widely used architecture for ASC. To demonstrate the model ag-
nostic behavior of our augmentation techniques we choose CvT,
as its Transformer based architecture is quite different from the
Resnet. To the best of our knowledge, we are the first to employ
CvT for ASC tasks. Our proposed methods show improvements
on both these models and our best reported accuracy of 76.0%
on the DCASE 2020 Task 1a development set is higher than that
of the winning submission for DCASE 2020 Task 1a challenge,
which is 74.4%. On unseen devices, our best reported accuracy
of 74.24% is also higher than that of the second best submis-
sion, which is 73.0% (winning submission did not report their
unseen device performance).
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2. Proposed methods
2.1. Frequency response augmentation

The motivation behind this augmentation is to create a diverse
pool of frequency responses, to account for the wide range of
microphones available in the real world. The MicIRP library
contains IRs of 65 different microphones which are available in
wav format. We take the N-point Fast Fourier Transform (FFT)
of each of these IRs to get a pool of 65 frequency responses
F. In the training stage, a frequency response f;, which is a 1D
array of size IV, is selected by sampling uniformly from F'. One
of the following transformations is then randomly selected and
applied to it.

2.1.1. Stretch

As the name suggests, this augmentation linearly stretches
fi in the frequency domain. The output fi* of this trans-
formation can be expressed as ff'(z) = fi(x/s:), where
s¢ > 1. This transformation is implemented using the torchvi-
sion.transforms.functional.resize function, which basically re-
sizes the input to a desired size by taking f; and the desired
length as inputs. The desired length in this case is IV.s;. As s;
is greater than 1, the length of the output is greater than V. In
this case, we only use the values of the output from 0 to N — 1.
The rest of the values are discarded. s; is randomly sampled
from a uniform distribution U (1, 1.3).

2.1.2. Squeeze

This is the opposite of stretch augmentation, with s; < 1. The
same torchvision.transforms.functional.resize function is used
to implement this. The only difference is that zero-padding is
performed to increase the output length to N. As before, s; is
randomly sampled from a uniform distribution U (0.6, 1).

2.1.3. Squeeze with low frequency bound

This is similar to the above squeeze transformation. The only
difference is that the values of f; corresponding to frequencies
in the range [0, fsq.¢nr] Hz are not modified. The rest of the
array f; which corresponds to frequencies in range (fsq_thr,
F,/2] Hz, where F is the sampling frequency, is modified
using the technique mentioned above. In our implementation
fsqthr is set to 1000 Hz.

2.1.4. Shift

This transformation introduces the effect of right-shift in the
frequency domain on f; by a shift parameter sp,, which is sam-
pled from a uniform distribution U (0, 5000) Hz. Additionally,
we use the concept of low frequency bound (fsp_¢nr) similar to
above i.e.

IOE {

where f#" is the output of the transformation and
the hyperparameter fspinr is set to 3000 Hz.

fi(z)
fi(z — sn)

ifx < fonthr + Sn

. (D
ifx > fonthr + Sh

All of the above transformations are visualized in Fig-
ure 1. After applying one of these transformations randomly
on f;, the output f;"*? is then multiplied with the short-time

Fourier transform (STFT) X of the input audio signal as shown
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Figure 1: Visualizations for the four frequency response aug-
mentation schemes described in Section 2.1. (a) shows a sam-
ple FR used as the source FR for visualizing the four augmenta-
tion schemes. (b) shows the stretch augmentation, wherein each
[frequency from the original FR maps to a higher frequency in
the augmented FR. (c) shows the squeeze augmentation where
each frequency from the original FR maps to a lower frequency
in the augmented FR. (d) visualizes the squeeze augmentation
with low frequency bound, which is similar to the previous aug-
mentation except that below a certain frequency threshold, the
augmented FR matches the original FR. (e) visualizes the shift
augmentation, where after a threshold frequency the augmented
FR is the right shifted variant of the original FR.

below
Xm(z,t) = X (x,t) f{"(x) 2)

where X, is the augmented STFT and = and ¢ are the frequency
and time indices respectively. Ideally, deconvolution should be
first performed on the input signal to remove the effects of the
microphone it was recorded on. However, since straightforward
deconvolution can be tricky and can produce artifacts in the sig-
nal [25], for the sake of simplicity we approximate this pro-
cess by using the input audio samples from the best microphone
available.

2.2. General augmentation methods
2.2.1. Amplitude augmentation

There can be multiple sound events of different amplitude lev-
els within an audio clip. The amplitude levels can vary due to
factors like distance between the audio source and microphone,
loudness of the source of the sound etc. The motivation behind
this augmentation is to make the system more robust towards
the variations in amplitude levels. For this, we introduce ran-
dom perturbations in the amplitude values of the input STFT
features by multiplying it with the values of m(¢), which is a si-
nusoidal function of time ¢. The equation below describes m(t)

m(t) = 1+ a.sin(bt) 3)



Table 1: Probability of selection of each augmentation. For the
FR augmentations, one of the five options are selected based on
the probabilities mentioned below. This is followed by ampli-
tude augmentation. Finally random frame drop is always ap-
plied.

Augmentation type Selection probability
Stretch 19%
Squeeze 19%
Squeeze w/ low bound 25%
Shift 17%
No FR augmentation 20%
Amplitude augmentation 30%
No Amplitude augmentation 70%
Random frame drop 100%

where a and b correspond to the amplitude and frequency val-
ues respectively of the sinusoid. In our implementation, a is
sampled from U (0, 0.02) and b is chosen such that there are be-
tween 2.5 to 10.5 sinusoidal cycles. The augmented STFT is
obtained as X (x, t)m(t).

2.2.2. Random frame drop

In this simple method, we randomly remove one or more strips
of contiguous time frames from the input features. This is
similar to the time masking concept of the SpecAugment [26]
method. The difference is that instead of assigning some pre-
defined values (or zeros) to the features within the time strip, in
this method we remove those strips of frames entirely. The to-
tal number of frames to be dropped from an input feature is not
fixed and is randomly chosen from U(1, 12) for a mini batch.
After this, random crop with crop length 400 is performed on
the remaining input features [12].

2.3. Network architectures

The augmentation methods are tested separately on the Resnet
and CvT models. The structure of the Resnet model is sim-
ilar to that of [12]. In this structure, there are two separate
pathways for the low and high frequencies that are fused to-
wards the end and there is also no frequency sub-sampling in
the network. The network has approximately 5.6M parame-
ters. CvT is a Transformer based model. Transformer models
have recently gained wide popularity in solving tasks related
to Natural Language Processing (NLP) and computer vision.
These models consist of stacked self attention layers which
help capture both local and global dependencies. The Convolu-
tional vision Transformer (CvT) model was recently proposed
in [24] with an aim to combine both Convolutional Neural Net-
works (CNNs) and Transformers for image classification. The
model was then shown to perform better than both Resnet and
other Transformer-based models, while utilizing fewer param-
eters. Based on these observations, we use the CvT model
for our ASC task. In the paper, the authors introduce three
CvT architectures which differ in the number of Transformer
blocks and hidden feature dimensions. For our task, we use
the CvT-13 model which is the most lightweight among the
three. This model has approximately 20M trainable parameters.
Rather than training the model from scratch, we fine-tune the
ImageNet-pretrained CvT-13 model (which is made available
by the authors) for ASC. For this, we only replace the last fully
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connected layer of the model in accordance with the number of
audio scene labels.

The rationale behind the choice of these two architectures
is to have two models sufficiently different from each other.
Resnet being the commonly used network for ASC is the most
obvious choice. CvT, unlike Resnet, combines convolutions
with attention style architecture.

3. Experiments

The experiment results are evaluated on the DCASE 2020 Task
la development data set. This is a multi-device data set consist-
ing of around 17000 24 bit audio clips sampled at 44.1 KHz.
Around 3000 audio clips of this set are test samples. The train-
ing samples come from six different devices, three of which are
real microphones (A, B and C) and the rest are simulated (s1,
s2 and s3). The test data contains audio samples from three ad-
ditional simulated microphones (s4, s5 and s6) which are not
present in the training set.

For each input sample, STFT with 2048 FFT points is com-
puted using a window size of 2048 samples and a hop length
of 1024 samples. The STFT computation is performed using
the Librosa library [27]. FR augmentation and amplitude aug-
mentation are applied to the result of STFT at this stage. Also,
they are randomly performed with probabilities as shown in Ta-
ble 1, which are determined from experiments. The log-mel
filter bank (LMFB) features are extracted along with log-mel
deltas and delta-deltas from the STFT features using the Tor-
chaudio library [28]. The result is of the size 423x256x3 which
is fed to the networks. The random frame drop method is always
applied to these LMFB features. In case of FR augmentation,
we multiply the frequency responses with the STFT of audios
from device A only. This is because among devices A, B and C,
device A is closest to an ideal mic with a flat response.

Each result presented is the average of three runs for the
given configuration. For each run, the training is performed for
191 epochs unless specified otherwise. Stochastic gradient de-
scent (SGD) with a cosine-decay-restart learning rate scheduler
is used to train all the networks as done in [2], [29].

Each result presents the average result on seen (A, B, C, s1,
s2, s3) and unseen devices (s4, s5, s6) along with the overall
average. Unseen devices are those whose samples are absent in
the training set. The presentation of results this way is done to
emphasize the effectiveness of augmentation techniques on the
cross device accuracy.

As shown in Table 2, without any data augmentation, the
Resnet model achieves a classification accuracy of 67.5% while
the CvT model achieves 68.6% classification accuracy. Ap-
plying the commonly used augmentation techniques of mixup
and random crop improves the result for both the models. For
Resnet the performance increases to 72.4% and for CvT, it in-
creases to 70.1%. We consider this as the base performance.
The impact of each proposed augmentation technique is de-
scribed next.

3.1. FR augmentation

Firstly, a frequency response is randomly selected from the pool
F and is directly multiplied with the STFT of the input audio.
There is no transformation applied to the selected frequency
response. Noticeably, this alone increases the performance of
both the models. For the Resnet, the classification accuracy on
unseen microphones increases from 68.8% to 71.5% and for the
CvT it increases from 62.1% to 67.9%. The next four rows of



Table 2: Experimental results

Item System Accuracy for device (%)

seen unseen overall
1 Baseline [30] 58.9 443 54.2
2 Suh et al. [29] - - 74.4
3 Hu et al. (Resnet) [2] 76.0 71.0 74.6
4 Hu et al. (FCNN) [2] 789 73.0 76.9
Resnet
1 No Crop or mixup 69.0 644 67.5
2 crop + mixup 742 68.8 72.4
3 (2) + 65 mic FR 743 715 73.4
4 (3) + stretch 747 714 73.6
5 (3) + squeeze 748 724 74.0
6 (3) + squeeze w/ freq bound 74.7 72.1 73.8
7 (3) + shift 74.7 722 73.9
8 @+BS)+6)+ (D 749 728 74.2
9 (8) + amplitude 75.1 720 74.0
10 (9) + drop 744 73.1 74.0
11 (9) + SpecAugment 75.1 727 74.3
12 (10) + SpecAugment 754 73.7 74.8
CvT
1 No Crop or mixup 713 633 68.6
2 crop + mixup 74.1 62.1 70.1
3 (2) + 65 mic FR 75.1 67.9 72.7
4 (3) + stretch 75.0 70.3 73.4
5 (3) + squeeze 75.5 69.8 73.6
6 (3) + squeeze w/ freq bound 759 69.5 73.7
7 (3) + shift 76.5 69.5 74.1
8 @+O)+®)+(D) 76.1 719 74.7
9 (8) + amplitude 771 73.6 76.0
10 (9) + drop 77.0 74.0 76.0
11 (9) + SpecAugment 76.6  74.2 75.8
12 (10) + SpecAugment 769 735 75.8

the results show the individual impact of application of each of
the transformations described in Section 2.1. The results show
that the individual transformations can additionally boost the
performance especially for unseen devices for both the Resnet
and CvT models. Finally, we combine all the four transfor-
mations and achieve an overall accuracy of 74.2% with Resent
and 74.7% with the CvT model. Hence the use of FR augmen-
tation boosts the overall accuracy for the Resnet by 1.8% and
the accuracy on unseen devices by 4.0%. The overall accuracy
improvement for CvT is 4.6% and the improvement on unseen
microphones is 9.8%. The performance of seen and unseen de-
vices are both significantly higher than the base performance.

3.2. General augmentation

Items 9 and 10 in Table 2 show the result of using the amplitude
augmentation and random frame drop methods. These augmen-
tations are applied after applying the FR augmentation to the
input STFT. Additionally item 11 shows the result of replacing
random frame drop with SpecAugment. This is done to com-
pare random frame drop with SpecAugment. Item 12 shows the
result of combining SpecAugment with all the proposed meth-
ods. The general augmentations do not improve the classifi-
cation performance on Resnet significantly. The correspond-
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ing improvement on CvT however is quite significant, which is
1.3%. The discrepancy in the improvement on Resnet and CvT
is likely due to the model complexity. CvT having a lot more pa-
rameters can effectively make use of the extra augmented data
to generalize well. This effect was also visible during FR aug-
mentation where the improvement on CvT was higher than that
on Resnet. Of the two general augmentation schemes applied,
most of the improvement is obtained from the amplitude aug-
mentation scheme. In the case of the CvT model, it improves
the unseen device accuracy by 1.7%. The random frame drop
method improves the unseen device accuracy, however it low-
ers the seen device accuracy. The final best performing model
is the CvT model combined with all the proposed augmenta-
tion enabled during the training. The classification accuracy
achieved on unseen devices is 74.0% with the overall accuracy
being 76.0%.

3.3. Comparison with competitive methods

Our results are compared with three systems. The first is the
official baseline system [30] of the DCASE 2020 challenge.
The second system [29] is the winning submission of the chal-
lenge. In this system, the authors propose the ‘Trident Resnet’
model in which the low frequency pathway is further split into
two. The third system [2] is the second best submission of the
challenge, in which the authors propose the use of several aug-
mentation strategies and test them on Resnet and FCNN [31]
models. We compare their non-ensemble Resnet and FCNN
model results with ours for a fair comparison. It should be noted
that even though the accuracy of the winning submission is less
than that of the second best submission on this set, the win-
ning system performs better on the final evaluation set. As both
these systems use Resnet, we first compare their results with
our Resnet results. Our best accuracy for the Resnet model is
74.8% and is higher than these two Resnet systems. In case of
unseen devices, our best accuracy of 73.7% is 1.7% higher than
that of the second best submission (winning submission did not
report their device wise accuracy). Our best result for the CvT
model is 76.0% which is higher than that of the winning sub-
mission but slightly lower than that of the FCNN model of the
second best submission. However, if we compare the unseen
device performance, our best accuracy of 74.2% is higher than
that of their FCNN model by 1.2% which implies better model
generalization.

4. Conclusions

Two key broad augmentation techniques are proposed, namely
the FR augmentation technique and the amplitude augmentation
technique. Significant performance improvement of around 6%
is achieved by using the two together. Especially noticeable is
the unseen device performance improvement of around 12%.
This is due to the quality of augmented data generated using the
proposed techniques. Also proposed is the random frame drop
technique which improves the unseen device accuracy. The
overall performance achieved exceeds the performance of the
winning submission for DCASE 2020 Task 1a set by 1.6%. The
augmentation techniques are not specific to the network either,
as the performance improvement is demonstrated on two very
different networks.
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