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Abstract
The Sound Event Detection task aims to determine the tempo-
ral locations of acoustic events in audio clips. Over the recent
years, this field is holding a rising relevance due to the intro-
duction of datasets such as Google AudioSet or DESED (Do-
mestic Environment Sound Event Detection) and competitive
evaluations like the DCASE Challenge (Detection and Classifi-
cation of Acoustic Scenes and Events). In this paper, we anal-
yse the performance of Sound Event Detection systems under
diverse acoustic conditions such as high-pass or low-pass fil-
tering, clipping or dynamic range compression. For this pur-
pose, the audio has been obtained from the Evaluation subset
of the DESED dataset, whereas the systems were trained in
the context of the DCASE Challenge 2020 Task 4. Our sys-
tems are based upon the challenge baseline, which consists of
a Convolutional-Recurrent Neural Network trained using the
Mean Teacher method, and they employ a multi-resolution ap-
proach which is able to improve the Sound Event Detection per-
formance through the use of several resolutions during the ex-
traction of Mel-spectrogram features. We provide insights on
the benefits of this multi-resolution approach in different acous-
tic settings. Furthermore, we compare the performance of the
single-resolution systems in the aforementioned scenarios when
using different resolutions.
Index Terms: Sound Event Detection, DCASE Challenge
2020, Multi-resolution, Acoustic degradation.

1. Introduction
Sound events can be defined as the acoustic signals that are di-
rectly caused by a particular ocurrence in the near environment,
so that a human can identify the event by hearing them. Some
clear examples of sound events would be an alarm bell, a dog
barking or a person speaking.

Aiming to automatically localize and classify the sound
events in audio signals, the task of Sound Event Detection
(SED) is an ongoing challenge for machine perception. Train-
ing deep learning algorithms in order to develop SED systems
requires the use of a large amount of annotated data, which is
usually costly to obtain. However, several public datasets have
been released over the last years, such as Google AudioSet [1],
FSD (FreesoundDataset) [2] or DESED (Domestic Environ-
ment Sound Event Detection) [3], which are specifically built
to train and evaluate SED systems and consist of audio record-
ings extracted from web sources, such as YouTube1, Freesound2

1http://youtube.com/
2http://freesound.org/

or Vimeo3. These audio recordings can be strongly or weakly
annotated, depending on whether the temporal location (onset
and offset times) of each event is included or not. In addition
to a large scale weakly-labeled audio dataset, Google AudioSet
introduced an ontology of more than 500 sound event categories
in which sound events can be classified, which has been used as
well in the other two mentioned datasets.

On the other hand, the recent development of SED sys-
tems and techniques has been notably supported by the DCASE
(Detection and Classification of Acoustic Scenes and Events)
yearly evaluations, which have helped to define benchmarks
not only for Sound Event Detection, but also for other related
tasks such as Acoustic Scene Classification [4] or Anomalous
Sound Detection [5], among others. Regarding Sound Event
Detection, the DCASE 2020 Challenge proposed the task called
“Sound event detection and separation in domestic environ-
ments”, which consisted on locating the temporal boundaries of
sound events in ten-seconds audio clips and classifying them.

During the DCASE 2020 Challenge, we developed a multi-
resolution approach to Sound Event Detection that was able to
outperform the evaluation baseline exploiting the use of several
time-frequency resolutions in the process of mel-spectrogram
feature extraction, combining up to five different resolution
points.

In this paper, we offer an analysis of the performance of
single-resolution and multi-resolution SED systems when fac-
ing adverse acoustic scenarios that critically affect the spectra
of the acoustic signals (high-pass and low-pass filtering) or their
dynamic range (clipping and dynamic range compression). For
this purpose, we process the audio segments of the Public Eval-
uation set of DESED in order to achieve the mentioned acoustic
conditions, then SED metrics are computed over the obtained
sets. Through this study, we aim to determine whether the im-
provement on performance obtained by the multi-resolution ap-
proach is robust to the proposed types of acoustic degradation.
These adverse settings represent possible scenarios that could
be found when applying the detectors in other data, obtained
from web sources or from a real life application.

The rest of the paper is organized as follows: Section 2 ex-
plains the Sound Event Detection task of the DCASE Challenge
2020, as well as our multi-resolution approach. Section 3 de-
scribes the motivation of this analysis and the different acoustic
scenarios that we are considering. In Section 4, the results of
the experiments are provided and discussed. Finally, the con-
clusions of this work are highlighted in Section 5.

3http://vimeo.com/
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2. Sound Event Detection in DCASE 2020
2.1. DCASE 2020 Challenge: “Sound Event Detection and
Separation in Domestic Environments”

In the 2020 edition of the DCASE Challenge, one of the task
proposes a Sound Event Detection scenario where systems are
trained using the DESED dataset. This dataset includes weakly-
labeled data and unlabeled data extracted from Google Au-
dioSet, along with strongly-labeled data which is synthetically
generated using the Scaper toolkit [6]. In addition, a subset of
AudioSet segments is provided (DESED Validation set) with
strong, human-verified annotations, which is used to validate
the performance of the systems. An optional pre-processing
step based on sound separation is proposed in the task, although
our work does not take it into account.

The set of target categories includes ten event cate-
gories which are usually found in the acoustic context of a
house: Speech, Dog, Cat, Alarm/bell/ringing, Dishes, Fry-
ing, Blender, Running water, Vacuum cleaner and Electric
shaver/toothbrush.

Systems output the predicted onset and offset times of the
detected events, along with their category. To define whether
a prediction is correct, a collar of 200 ms is considered for the
onset times, whereas for the offset times the collar is the maxi-
mum between 200 ms and the 20% of the event length, aiming
to handle the difficulty to determine the offset times of long
events. The system performance is measured by means of the
F1 score metric, which is computed as a combination of the
True Positive (TP), False Positive (FP) and False Negative (FN)
counts [7].

F1 =
2× TP

2× TP + FP + FN
(1)

First, F1 scores are computed for each event category, then
the Macro F1 is obtained by averaging the class-wise F1 scores.
Macro F1 is used to measure the global performance of the sys-
tems.

The challenge provides a baseline system as a benchmark
of SED performance [8]. Such system is based on a Con-
volutional Recurrent Neural Network trained using the Mean
Teacher method [9] for semi-supervised learning. This method
allows the network to learn from labeled and unlabeled data.
Additionally, an attention module is used to infer the temporal
locations of events using weak labels. The system is fed with
the mel-spectrogram features of the audio segments.

2.2. Multi-resolution analysis

Each sound event category shows different temporal and spec-
tral characteristics. Therefore, in order to improve SED perfor-
mance, our main idea is that different time-frequency resolu-
tions would be more suited to detect different types of events.
Thus, combining the information of several mel-spectrogram
features extracted at different resolution points should lead to a
better overall performance [10].

Aiming to test this hypothesis, we defined five different
time-frequency resolutions, taking as a starting point the res-
olution used by the baseline system, which we called BS. Each
resolution point is defined by a set of values for the parame-
ters of feature extraction. It should be noted that, due to the
feature extraction process, there is a compromise between tem-
poral resolution and frequency resolution. Hence, we propose a
resolution point with twice better time resolution than the base-
line, which we call T++, and a resolution point with twice better

frequency resolution than the baseline, which we call F++. In
the intermediate points between each of these points and BS,
we define T+ and F+, respectively.

In order to obtain multi-resolution systems, first we trained
single-resolution systems, which were based on the DCASE
Challenge baseline and modified to operate on each of the dif-
ferent resolution points. Then, we performed a model fusion av-
eraging the posterior probabilities given by systems trained with
different resolutions. Using this method, we obtained a three-
resolution system which combines the BS resolution with T++

and F++, denoted as 3res in this paper, and a five-resolution
system combining all the mentioned resolutions, denoted as
5res.

Through the use of the 3res and 5res systems, we were
able to outperform the single-resolution baseline system in the
DCASE 2020 Challenge task 4. The improvement of per-
formance in terms of macro F1 score was observed over the
DESED Validation set and the YouTube subset of the DESED
2019 Evaluation set, which is called DESED Public evaluation
set. The 5res system was submitted to the evaluation and out-
performed the baseline system over the DESED 2020 Evalua-
tion set.

3. Experiments
Both the DESED Validation set and the Public Evaluation set
consist of YouTube audio segments drawn from Google Au-
dioSet. Due to the crowdsourced nature of a web resource like
YouTube, the audio clips can have very diverse origins and qual-
ities, ranging from mobile recordings to professional studio pro-
ductions. Therefore, the evaluation of Sound Event Detection
on YouTube data requires the systems to be able to handle a va-
riety of acoustic conditions that sometimes may be adverse for
the task.

In order to test the performance of Sound Event Detec-
tion in a wider range of acoustic settings, we have applied sev-
eral types of degradations to the DESED Public evaluation set,
which contains 692 audio clips. We have computed the F1

scores of single-resolution and multi-resolution systems over
the original set and its degraded copies, aiming to analyze to
what extent does multi-resolution help to improve performance
when the test data is degraded.

The acoustic conditions that we have considered for our ex-
periments are inspired by some of the scenarios described in
the DESED Synthetic evaluation set, which has already been
used to analyze the performance of state-of-the-art SED sys-
tems [11].

3.1. Acoustic degradation scenarios

We consider three types of degradations for the audio clips: fre-
quency filtering, dynamic range compression and clipping. We
apply each perturbation to the whole dataset, obtaining a total
of eight copies of the DESED Public evaluation set:

• Frequency filtering. We apply high-pass filtering and
low-pass filtering separately. In both cases, the cutoff
frequencies are 500 Hz, 1000 Hz and 2000 Hz, leading
to a total of six copies of the DESED Public evaluation
set.

• Dynamic range compression. We apply dynamic range
compression with a threshold of -50 dB and a ratio value
of 5.

• Clipping. To obtain clipping distortion, we multiply the
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audio signals, which are bounded to [−1, 1], by a scale
factor of 5, limiting the output values again to [−1, 1].

Figure 1: F1 scores of the single-resolution systems
(F++, F+, BS, T+, T++) and the multi-resolution systems
(3res, 5res) over the DESED Public Evaluation set. Best viewed
in color.

4. Results
All the results are provided in terms of event-based F1 score,
considering the same collar settings as in the DCASE 2020
Challenge task 4.

4.1. Results over DESED Public evaluation set

The results of the seven systems over the original DESED Pub-
lic evaluation set are presented in Figure 1. The figure repre-
sents the F1 scores of each system in groups of bars, one group
for each event category and an additional one for the macro av-
erage, which represents the global performance.

It can be observed that, in terms of macro F1, the 3res
and 5res systems both outperform every single-resolution sys-
tem. However, this improvement is not applicable to every tar-
get class. Whereas most event categories obtain their best per-
formance when using a multi-resolution system, other classes
reach their maximum F1 score with a single-resolution system:
This is the case of Alarm bell/ringing (T+), Dishes (F+), Dog
(T+) and Speech (F+).

4.2. Results under acoustic degradation

4.2.1. High-pass filtering

The results obtained when applying high-pass filtering to the
DESED Public evaluation set are shown in Figure 2. Three sep-
arate graphs are presented, one for each cutoff frequency (fc).
As expected, the general performance decreases for every class
and every system when the cutoff frequency of the high-pass fil-
ter increases. In terms of macro F1 score, the multi-resolution
systems 3res and 5res achieve the best results for fc = 500
Hz, similarly to the clean set. However, for fc = 1000 Hz
and fc = 2000 Hz the highest macro F1 scores are obtained
with some of the single-resolution systems, BS and T+, re-
spectively.

4.2.2. Low-pass filtering

Figure 3 shows the results for the DESED Public evaluation set
after applying low-pass filtering with fc = 2000 Hz, fc = 1000
Hz and fc = 500 Hz. It can be seen that the performances de-
crease when lowering the cutoff frequency of the filter, which
is the expected behavior. When using a cutoff frequency fc =

Figure 2: F1 scores of the single-resolution systems
(F++, F+, BS, T+, T++) and the multi-resolution systems
(3res, 5res) over the DESED Public Evaluation set applying a
high-pass filter with cutoff frequencies of 500 Hz (top), 1000 Hz
(center) and 2000 Hz (bottom). Best viewed in color.

2000 Hz, the best overall performance is obtained by the multi-
resolution system 5res, whereas for fc = 1000 Hz 3res and
T++ both achieve the highest macro F1. When the cutoff fre-
quency is set to fc = 500 Hz, the best macro F1 scores are
obtained with the single-resolution systems T+ and T++.

4.2.3. Dynamic range compression

The results obtained after applying dynamic range compression
to the DESED Public evaluation set are presented in Figure 4.
In this scenario, the best overall performance (macro F1) is ob-
tained by the multi-resolution systems, 3res and 5res. How-
ever, for some particular classes the best performance is ob-
tained with a single-resolution system, as observed in the clean
set results. Such is the case of Alarm bell/ringing (F++), Cat
(F+), Dishes (T++) and Running water (T++).

4.2.4. Clipping

Figure 5 presents the results obtained when applying clipping
saturation to the Public evaluation set. The best macro F1

performances are achieved by the multi-resolution systems,
whereas in some event categories multi-resolution is not able
to outperform every single-resolution system. This situation is
observed for Dishes (T+), Dog (F++) and Shaver (F+).
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Figure 3: F1 scores of the single-resolution systems
(F++, F+, BS, T+, T++) and the multi-resolution systems
(3res, 5res) over the DESED Public Evaluation set applying a
low-pass filter with cutoff frequencies of 2000 Hz (top), 1000 Hz
(center) and 500 Hz (bottom). Best viewed in color.

4.3. Discussion

It has been shown that the proposed adverse settings have a neg-
ative impact on the performance of both single-resolution and
multi-resolution Sound Event Detection systems. Overall, the
most critical scenario is high-pass filtering, especially with fc
values of 1000 Hz and above. This suggests that the informa-
tion of low frequencies is essential for this task, especially when
considering categories like Blender, Speech, Running water or
Vacuum cleaner. On the other hand, low-pass filtering is the
most adverse condition for the class Frying, implying that high
frequencies are particularly relevant for this event.

The results also show that the improvement on performance
obtained when combining several single-resolution systems into
a multi-resolution system does not always hold when facing
very adverse conditions. Likely, this effect is due to the way
in which our multi-resolution systems are obtained. An aver-
age fusion of the scores of different models can result in more
accurate scores when the individual scores are precise enough.
On the other hand, in scenarios where the individual systems
perform worse, the average fusion is not able to obtain better
results.

Nevertheless, it can be observed that, under these adverse
settings, multi-resolution systems have an overall result approx-
imately as good as the best performing resolution in each case,
which means that our multi-resolution approach provides an im-
proved robustness against these very adverse distortion scenar-
ios.

Figure 4: F1 scores of the single-resolution systems
(F++, F+, BS, T+, T++) and the multi-resolution systems
(3res, 5res) over the DESED Public Evaluation set applying dy-
namic range compression. Best viewed in color.

Figure 5: F1 scores of the single-resolution systems
(F++, F+, BS, T+, T++) and the multi-resolution systems
(3res, 5res) over the DESED Public Evaluation set applying
clipping saturation. Best viewed in color.

5. Conclusions
In this paper, we have studied the performance of several Sound
Event Detection systems over a public dataset when diverse
acoustic perturbations are applied. Five of these systems are
convolutional neural networks with a common structure, but
employing mel-spectrogram features extracted using different
time-frequency resolutions. Two more systems are considered,
which combine the previous systems into multi-resolution mod-
els by means of an average fusion, increasing the performance
over the evaluation subsets of the DESED dataset.

According to the results, the proposed acoustic scenarios
have, as expected, a clearly negative impact on the performance
of our systems. Although it is shown that our multi-resolution
approach is robust to slight degradations, the average fusion is
unable to improve performance when facing very adverse con-
ditions. Additionally, an extra robustness against these adverse
distortion scenarios is observed when using multiple resolu-
tions. We are currently working on alternative implementations
of the multi-resolution approach in which fusion is performed
earlier, aiming to improve both performance and robustness.

Furthermore, the data generated and the results obtained
through this study will serve as a benchmark to evaluate the
performance of future Sound Event Detection approaches and
their robustness to diverse acoustic settings.
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