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ABSTRACT

Convolutional neural networks represent the state of the art in
multiple fields. Techniques that improve the training of these
models are of prime interest since they have the capability
to improve performances on a large variety of tasks. In this
paper, we investigate the performance of progressive resiz-
ing, originally introduced in computer vision, when applied to
the training of convolutional neural networks for audio events
classification. We evaluate the original resizing algorithm and
introduce a novel one, comparing the performances against
a baseline system. Two of the most relevant audio datasets
are used for assessing the performances of the proposed ap-
proach. Experimental results suggest that progressive resizing
methods improves the performances of audio events classifi-
cation models. The novel approach introduces a complimen-
tary gain in performances with respect to the original tech-
nique.

Index Terms— Deep learning, acoustic events, classifi-
cation, tagging

1. INTRODUCTION

Deep learning models represent the state-of-the-art in most
multimedia applications. The performances of these models
have experienced tremendous advancements in the last years,
enabled by the availability of data, and improved hardware
and techniques, such as network architectures and training
procedures.
Deep learning models for acoustic events classification have
been increasingly adopting 2D signals’ specific techniques
originally developed in the field of computer vision. This
trend is noticeable in the Detection and Classification of
Acoustic Scenes and Events (DCASE) challenge [1]: in the
past few years, all the best performing models for audio event
classification tasks were variants of a Convolutional Neural
Network (CNN) originally designed for images (e.g. ResNet

The authors would like to thank the Open Innovation Lab for making
available the hardware infrastructure located in the Laurentina premises of
the Leonardo S.p.A. company to perform the experiments presented in this
paper.

[2], VGGnet [3]), often with minimal adaptation [4, 5]. This
is mainly due to two factors. First, CNNs for image classifi-
cation have increased their performances and have introduced
architectural changes that improve training independently
from the nature of the 2D signal. For example, ResNets
have been shown to be easier to optimize [6]. Second, the
use of time-frequency representations for audio, such as the
mel-spectrogram, allows to process audio as a 2D signal for
the purpose of CNN training. Data augmentation techniques
based on this principle have been proposed, obtaining con-
siderable improvements in performances. Moreover, prior
work shows that, by taking into account the differences be-
tween spectrograms and natural images in terms of attributes
(e.g., smoothness and invariance to translation), further im-
provement in performances can be achieved [7]. Progressive
training of CNN models for image classification has been
introduced in [8]. In this approach, the CNN training is split
into multiple phases. In the first, the model is trained with
small images, obtained by resizing the original dataset. Sub-
sequent phases leverage larger and larger images, until the last
phase where the model is trained with the original images.
It appears that this approach improves the scale invariance
of the representation learned by the network, thus leading to
improved performances.
This approach has been successfully applied in other con-
texts. In [9], the authors train a Generative Adversarial
Network (GAN) by progressively feeding images with higher
resolution while increasing the number of layers. This proce-
dure allows to stabilize the GAN training enough to generate
images with a double resolution with respect to the state-of-
the-art.
In [10] the authors propose the use of a CNN for super-
resolution. Models performing 3× and 4× super-resolution
are initialized with parameters from a 2× network, yielding
improved performances and faster convergence with respect
to the model’s baseline.
Considering the encouraging prior works, in this paper we
applied these training techniques to audio data and designed
a novel variant. The rationale behind this choice is that spec-
trograms can be extracted with different resolution in time
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and frequency, thus leading to different size of the data used
to train the network. With this method, the training data gets
progressively more detailed as the training proceeds, due to
the increasing resolution of the spectrogram.
In this paper, we make the following contributions:

• the application of progressive resizing based on bi-
linear interpolation for training CNNs in acoustic
events classification tasks;

• a novel technique for performing progressive resizing
based on time-cropping and mel-spectrogram sub-
sampling.

The effectiveness of these techniques is evaluated on multi-
ple datasets and compared with a baseline CNN. The rest
of this paper is organized as follows: Section 2 describes the
proposed methods for progressive training as well as the train-
ing of the baseline architecture used for comparison. Section
3 details the implementation of the proposed approach, de-
scribes the performed experiments and discusses the obtained
results. Finally, in Section 4 the conclusions are drawn.

2. PROPOSED METHOD

The basic concept of progressive resizing is to train the
CNN with samples of progressively higher resolution. More
specifically, given two networks, one trained with the best
single-step configuration and the other by progressively con-
verging to the same configuration, we conjecture that the
second training paradigm will perform better.
In order to test this hypothesis, we perform a comparison be-
tween the models trained with the two resizing strategies and
a baseline setup for audio event classification, as described
in the following. First, the input data are re-sampled at 22
kHz. This operation is needed to handle datasets composed
by files of varying sampling rates. Silence is cropped from
the beginning and the end of each clip. The mel-spectrogram
of the signal is then extracted and normalized using min-max
normalization so that all its values are in the range of [0 1].
Mel-spectrograms corresponding to a duration of t seconds
are extracted. For audio files longer than t, the spectrogram
is extracted and cropped. Shorter audio files are handled by
replicating the spectrogram until temporal slices of length t
are obtained. The mel-spectrograms are then resized. Two
different methods for obtaining resized spectrogram are com-
pared. The first one uses bi-linear interpolation: for each
sample in the dataset, the mel-spectrogram is calculated and
resized at three different resolutions R1 < R2 < R3, being
R3 the full resolution, without resizing. This method repre-
sents progressive resizing as introduced in [8] and has been
shown to improve the performances in image classification
problems.
The second method resizes the spectrograms by cropping a
portion of the input in the time dimension and leveraging a

Fig. 1. Comparison of spectrograms: (a) spectrogram at full
resolution R3, (b) and (c) spectrograms at resolution R1 cal-
culated with the mel method and bi-linear resizing, respec-
tively, (d) and (e) magnified versions of (b) and (c), respec-
tively.

mel filterbank with fewer triangular filters. As in the first
method, for each sample in the dataset, three versions at
resolution R1, R2 and R3 are obtained. Figure 1 shows the
effects of the two resizing methods on the spectrograms. It
can be noted that spectrograms extracted using fewer mel
filters ((b) and (d)) generate a low-pass effect on the final im-
age, thus resulting in the presence of blur in the finer details.
We speculate that this effect can yield improvements in the
domain of audio classification, as it allows the network to first
learn coarser features on the down-sampled spectrogram, and
then learn finer features as the training data are progressively
sharpened. A final set of spectrograms is extracted with res-
olution R3. These spectrograms provide a baseline against
which the effects introduced by the resizing procedures are
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benchmarked. The spectrograms are then used to train a
CNN. The selected CNN is a ResNet34 model. It should be
noted that no extra steps are taken to improve the model per-
formances (e.g., data augmentation, mix up regularization).
This choice stems from the fact that our purpose is to evaluate
progressive training in a reference setup.

3. EXPERIMENTAL VALIDATION

In this section, the technical details of the procedure used for
training the models are presented. Each model is initialized
with parameters learned for the ImageNet [11] dataset. In our
experiments, this initialization allowed shorter training dura-
tion (i.e. faster convergence), albeit it did not have an im-
pact on the final performances. Based on the assumption that
using different Learning Rate (LR)s allows the model to im-
prove its performances, each model is trained in stages. To
this purpose different values of LR λ are used for each stage.
Before the beginning of each step the best performing model,
based on the performances on the held-out set, is loaded. All
models are trained with weight decay, with a factor of 0.1.
The baseline CNN is trained using data at full resolution R3

as follows:

• train the network with λmax λ1 for 20 epochs;

• train the last layer of the network with λmax λ2 and the
other layers with λ2

3 for 50 epochs;

• train the last layer of the network with λmax λ3 and the
other layers with λ3

3 for 120 epochs.

The networks that use progressive resizing are trained using
progressively increasing resolutions as follows:

• using data at the lowest resolution R1:

– train the network with λmax λ1R1 for 20 epochs;

– train the network with λmax λ2R1 and the other
layers with λ2R1

3 for 20 epochs;

• using data at intermediate resolution R2:

– train the network with λmax λ1R2 for 20 epochs;

– train the network with λmax λ2R2 and the other
layers with λ2R2

3 for 20 epochs;

• using data at full resolution R3:

– train the network with λmax λ1R3 for 20 epochs;

– train the network with λmax λ2R3 and the other
layers with λ2R3

3 for 70 epochs.

As can be seen, all the methods use the same number of
epochs. Each step follows the 1Cycle policy introduced in
[12]. It consists in varying the LR (λ) and the amount of

momentum (m) used to train the model based three phases
(i.e. a cycle). In the first phase, λ is initialized with a low
value, λmin, and it is increased to the peak value, λmax.
Simultaneously, m is initialized at mmax and it is decreased
to mmin. In the second phase, the λ value is decreased from
λmax to λmin while the m value is increased from mmin

to mmax. In the third phase, that corresponds to the last
n iterations of training, the value of λ decays to zero. The
adopted parameters for the 1Cycle policy were the ones pro-
vided by the library implementation [13], except for λmax,
which was selected based on the test proposed in [14]. To
select an efficient LR, the model is trained with a different λ
value for each batch. Each iteration reduces the loss until λ
is so large that it causes the loss to diverge. The selected λ is
the largest value that achieves a stable reduction in loss. The
λmax used for training are reported in Table 1. To validate
the proposed method, two state-of-the-art datasets are used:
the UrbanSound8K [15] and the ESC-50 [16] datasets.
The UrbanSound8K dataset consists of 8732 short audio
clips (i.e. duration <4 seconds), each containing one out of
ten acoustic events. The dataset is split into ten folders for
cross validation. For each split, 9 folders are used for training
and 1 folder is used for testing.
The ESC-50 dataset consists of 2000 5-second long audio
clips, each containing one out of 50 acoustic events. The
dataset is split into 5 folders for cross-validation. For each
split, 4 folders are used for training and 1 folder is used for
testing.
For both these sets, the models were trained using the splits
defined by the datasets’ creators. All spectrograms were
extracted using an Short Time Fourier Transform (STFT)
window of 1024 samples and an hop size of 256. R1 mel-
spectrograms have a resolution of 64x128. For the mel-based
resizing method, this corresponds in using 64 mel filters and
t=1.5 seconds. R2 mel-spectrograms have a resolution of
96x214. For the mel-based resizing method, this leads to the
use of 96 mel filters and t=2.5 seconds. R3 mel-spectrograms
have a resolution of 128x300. This corresponds to 128 mel
filters and t=3.5 seconds for all setups. Time cropping was
performed starting from the beginning of the audio file.

The code was developed using the Fastai [13] and Fastai-

Learning rate UrbanSound8k ESC-50 Epochs
λ1 10−2 5x10−3 20
λ2 5x10−6 10−4 50
λ3 10−6 10−6 120
λ1R1 10−2 5x10−3 20
λ2R1 10−3 5x10−4 20
λ1R2 5x10−3 5x10−3 20
λ2R2 5x10−6 5x10−6 20
λ1R3 5x10−3 5x10−3 20
λ2R3 5x10−6 5x10−6 70

Table 1. Values of the learning rates used during training.
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audio [17].

Split Baseline (%) Mel (%) Resize (%)
0 79.68 81 84.22
1 79.41 83.57 79.41
2 71.09 71.46 79.15
3 76.98 81.98 75.29
4 73.26 79.7 78.73
5 84.61 85.57 86.43
6 72.52 78.48 75.65
7 66.16 63.45 68.97
8 70.6 73.19 74.88
9 71.59 74.79 71.59

Average 74.59±5.47 77.31±6.66 77.43±5.32

Table 2. Accuracy results for the Urbansound8K dataset

Split Baseline (%) Mel (%) Resize (%)
0 68.5 74.5 71.74
1 81.25 83.5 83.24
2 74 80.25 73.25
3 68.25 73.5 77.49
4 70 72.25 74.25

Average 72.4±5.45 76.8±4.83 75.99±4.56

Table 3. Accuracy results for the ESC-50 dataset.
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Fig. 2. Box plot of the UrbanSound8K performances.

3.1. Results

Results are shown in Table 2 for the UrbanSound8K dataset
and in Table 3 for the ESC-50 dataset. As can be seen, both
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Fig. 3. Box plot of the ESC-50 performances.

methods introduce an improvement with respect to the base-
line. These results are far from the current state-of-the-art,
which reaches 95.3% accuracy for UrbanSound and 86.4%
for ESC [18]. A natural question would be if this improve-
ment would still be present on a state-of-the-art system.
While we were not able to include the full investigation in
this version of the paper, we found that other augmentation
techniques such as Mix-up [19] didn’t have any interaction
with the proposed method, introducing a flat gain in accuracy
with and without progressive resizing. This suggest that the
improvement in performances would still be present even on
state-of-the-art systems. Looking at the aggregated data, it
seems that mel-based resizing has a small advantage over
bi-linear resizing. This trend is also highlighted by the box
plots shown in Figures 2 and 3. However, the split-by-split
results show that the two techniques are complementary. In-
deed, while the aggregate statistics are similar, each technique
performs best on a subset of the splits. It is thus likely that
aggregating the two techniques can yield further gain in per-
formances. The investigation of this approach is left as future
work.

4. CONCLUSIONS

CNNs represent the state-of-the-art in audio event classifi-
cation. In this paper, an evaluation of progressive training
of CNN for audio events classification has been presented.
A resizing process based on progressively introducing more
mel filters has been proposed and compared with the bi-linear
resize-based procedure on two of the most important datasets
for audio event classification. Experimental results show that
both methods significantly improve the performances of the
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network, thus suggesting that progressive resizing improves
the performance of CNN for audio classification problems.
While the effects on performances appear comparable on ag-
gregate, the performances of the two methods are consider-
ably different on the different splits of the dataset. This find-
ing suggests that combining the two techniques can yield fur-
ther gain in performances. An interesting topic would be to
investigate how different data augmentation techniques inter-
act with the proposed technique. Another possible direction is
the investigation of the effects of different resizing operators.
These ideas will be explored in future work.
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