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ABSTRACT: In this paper, we propose an Sound Event Detection (SED) model using self-training based on a
noisy student model. The proposed SED model consists of two stages. In the first stage, a mean-teacher model
based on an Residual Convolutional Recurrent Neural Network (RCRNN) is constructed to provide target labels
regarding weakly labeled or unlabeled data. In the second stage, a self-training-based noisy student model is
constructed by applying different noise types. That is, feature noises, such as time-frequency shift, mixup,
SpecAugment, and dropout-based model noise are used here. In addition, a semi-supervised loss function is
applied to train the noisy student model, which acts as label noise injection. The performance of the proposed SED
model is evaluated on the validation set of the Detection and Classification of Acoustic Scenes and Events
(DCASE) 2020 Challenge Task 4. The experiments show that the single model and ensemble model of the
proposed SED based on the noisy student model improve F1-score by 4.6 % and 3.4 % compared to the top-ranked
model in DCASE 2020 challenge Task 4, respectively.
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Fig. 1. (Color available online) Training procedure of the proposed sound event detection model composed of
the RCRNN—-based mean—teacher model for predicting strong labels and the self—trained noisy student model with
noise injections and a semi—supervised loss function.
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Table 2, Comparison of F1—score and ERs between
the top—ranked sound event detection model and
the proposed RCRNN-based noisy student sound
event detection model.

Model Event-based ER
Fl-score

Baseline of DCASE 2020 Task 414 34.8 .
Top-ranked model of DCASE 2020 46.0 i
Task 424
RCRNN-based mean-teacher model 46.8 1.13
et 710 00| 1o
RCRNN, noisy student, 3 =0.3 50.8 0.97
RCRNN, noisy student, 3 = 0.5 51.2 0.96
RCRNN, noisy student, 8 =0.7 51.4 0.96
RCRNN, noisy student, 8 =0.9 50.1 0.98

Table 3. Comparison of Fi—score and ERs between
the top—ranked ensemble sound event detection
model and the proposed RCRNN—based noisy student
ensemble sound event detection model.

Model Event-based ER
F1-score

Top-ranked model of DCASE 2020 506 )
Task 4 (6 model ensemble)™*! ‘
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(5 model ensemble) 326 0.92
RCRNN, noisy student, 5= 0.3
(5 model ensemble) ST 0.94
RCRNN, noisy student, 5= 0.5
(5 model ensemble) 527 093
RCRNN, noisy student, 5= 0.7
(5 model ensemble) 340 089
RCRNN, noisy student, 5= 0.9
(5 model ensemble) 518 0.93
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Table 4. Ablation study for the proposed noisy student sound event detection model using an RCRNN—based

teacher model with different types of noise injections.

Model FeaFure quel Lal?el Event-based Error
noise noise noise F1-score rate
Baseline: CRNN-based mean-teacher model!" (single model) - - - 34.8

RCRNN-based mean-teacher model (single model) - - - 46.8 1.13

- v N4 46.8 1.05

Noisy student sound event detection model v - v 49.8 0.9

(RCRNN model, single model) v v - 50.9 1.00

v v v 51.4 0.96
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