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ABSTRACT
In this report we present our system for the Detection and Classification of acoustic scenes and events (DCASE) 2020 Challenge
Task 4: Sound event detection in domestic environments. We
present a convolutional recurrent neural network (CRNN) with two
recurrent neural network (RNN) classifiers sharing the same preprocessing convolutional neural network (CNN). Both recurrent networks perform audio tagging. One is processing the input audio
signal in forward direction and the other in backward direction.
The networks are trained jointly using weakly labeled data, such
that at each time step an active event is tagged by at least one
of the networks given that the event is either in the past captured
by the forward RNN or in the future captured by the backward
RNN. This way the models are encouraged to output tags as soon
as possible. After training, the networks can be used for sound
event detection by applying them to smaller audio segments, e.g.
200 ms. Further we propose a tag conditioned CNN as a second
stage which is supposed to refine sound event detection. Given its
receptive field and file tags as input it performs strong label prediction trained using pseudo strong labels provided by the CRNN
system. By ensembling four CRNNs and four CNNs we obtain an
event-based F-score of 48.3% on the validation set, which is 13.5%
higher than the baseline. We are going to release the source code at
https://github.com/fgnt/pb_sed.
Index Terms— audio tagging, event detection
1. CONVOLUTIONAL RECURRENT NEURAL
NETWORKS FOR AUDIO TAGGING
Our systems input X is a 128 dimensional log-mel spectrogram using a short-time Fourier transform (STFT) with a hop-size of 20 ms,
a frame length of 60 ms and a sampling rate of 16 kHz. Waveforms are initially normalized to be within the range of -1 and 1:
x(t) = s(t)/ max(|s(t)|). Each mel bin of the log-mel spectrogram is globally normalized to zero mean and unit variance.
During training various data augmentation techniques are used,
namely random scaling, mixup, frequency warping, blurring, time
masking, frequency masking and random noise. Random scaling
and mixup [1] are performed on the waveform similar as in [2] by
shifting and superposing signals as follows:
x0i (t) =

J−1
X

λj xj (t − τj )

j=0
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with τj being uniformly sampled such that x0i (t) is not longer than
15 s, λj ∼ LogNormal(0, 1) and


1/3 J = 1,
Pr(J) = 2/3 J = 2,

0
else.
Note the difference to original mixup [1] as we do not do an interpolation of signals but a superposition. Therefore, we also do not
interpolate the targets but combine them into a single multi-hot target vector. Frequency warping and time- and frequency masking
are performed exactly as in [2]. Blurring is performed with a gaussian blur kernel of size 5 × 5 with σb ∼ Exp(0.5). Finally random
gaussian noise with a standard deviation of σn ∼ Uniform(0, 0.2)
is added to the log-mel spectrogram.
The input is forwarded through the CNN H = fcnn (X). The
CNN architecture is shown in Tab. 1.
Table 1: CNN architecture as in [2] but without temporal pooling.
Each ConvXd uses a kernel size of three and a stride of one and
includes BatchNorm [3] and ReLU.
output shape
Block
LogMel(128)
1×128×N
1×128×N
GlobalNorm
2×Conv2d(16)
16×128×N
Pool2d(2×1)
16×64×N
2×Conv2d(32)
32×64×N
Pool2d(2×1)
32×32×N
2×Conv2d(64)
64×32×N
Pool2d(2×1)
64×16×N
2×Conv2d(128) 128×16×N
Pool2d(2×1)
128×8×N
Conv2d(256)
256×8×N
Pool2d(2×1)
256×4×N
Reshape
1024×N
3×Conv1d(256)
256×N

Table 2: Recurrent classifier architecture as in [2].
Block
output shape
2×GRU(256)
256×N
fcReLU (256)
256×N
fcSigmoid (10)
10×N
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fwd
We then perform recurrent forward tagging Yfwd = frnn
(H)
bwd
bwd e
e
e
and backward tagging Y
= frnn (H), with H denoting time
flipped H. The recurrent architecture is shown in Tab. 2. During training tag predictions are computed at each time frame as
Y = max(Yfwd , Ybwd ) with max(·) denoting point wise maximum operation. We hypothesize that forward and backward classifiers jointly have to be able to perform tagging at each time
frame as the forward classifier has seen all sound events between start and current frame while the backward classifier has
seen all sound events between end and current frame. This
way we encourage the classifiers to tag sound events as soon
as they appear. At inference time tag predictions are obtained
as ŷ = ftag (X) = (Yfwd [N − 1] + Ybwd [0])/2. Event-specific
thresholds λk are used to get binary predictions
(
1 ŷk > λk ,
ẑk =
0 else.

During training on-the-fly tagging of unlabeled data is performed. If each event score either exceeds a event-specific detection threshold or falls below a exclusion-threshold, the audio file is
included in training. Detection- and exclusion-thresholds are newly
determined on the validation set every 1000-th update step. The
threshold with the best F-score constrained to precisions >90% is
chosen as detection threshold and the threshold with the best harmonic mean of specificity and negative predictive value (the F-score
of negatives so to say) constrained to negative predictive values
NPV > 98% is chosen as exclusion threshold. At test-time we use
decision thresholds which give the best (unconstrained) F-scores on
the validation set.
To get frame predictions we apply tagging to a small context
around each frame: ŷn = ftag (Xn−C:n+C ) · ẑ. We use an ensemble of four independently trained CRNNs, a context of C = 20 and
a median filter size of M = 41 frames to compute pseudo strong
labels for the weakly labeled and unlabeled portions of the training set using decision thresholds which give best frame F-scores on
the validation set. At test time different contexts C ∈ {5, 10} and
median filter sizes M ∈ {21, 41} are used for different events.
2. TAG CONDITIONED CONVOLUTIONAL NEURAL
NETWORK FOR SOUND EVENT DETECTION
Given the predicted pseudo strong labels from the CRNN-ensemble
we further train a CNN ŷn = fsed (Xn−R:n+R , ẑ) to perform
frame-wise sound event detection (SED) with R = 13 being
the one-sided receptive field of the CNN. The CNN architecture
is similar as in Tab. 1 with the last Conv1d layer outputting
K = 10 scores, one for each event class. Additionally to the
(augmented) log-mel input spectrogram, this second-stage CNN
is conditioned on the file tags by concatenating the multi-hot tag
encoding ẑ to each time-frequency bin along the channel dimension of the log mel spectrogram as well as to the hidden representation between the reshape operation and the first Conv1d layer.
We hypothesize that the CNN can do better event detection if it
is aware about the active events within the file, i.e. when it has
to predict Pr(event active in frame|event active in file) rather than
Pr(event active in frame). However, we add some noise to the concatenated tags to prevent the CNN from simply forwarding the tags.
Note that we have not yet explored the effectiveness of the conditioning. For more insides you may have a look at our workshop
paper we are going to submit.
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We independently train four tag conditioned CNNs to perform
frame wise event detection. Final scores are obtained as the average of the four CRNNs and four tag conditioned CNNs masked by
the file tag predictions and subsequent median filtering with eventspecific filter size M ∈ {21, 41}, which are determined on the validation set.
3. TRAINING DETAILS
The training criterion in all trainings is the binary cross entropy
between the model predictions ŷ and the multi-hot target vector z:
L(ŷ, z) = −

K−1
X

zk log(yk ) + (1 − zk ) log(1 − yk )



k=0

with K = 10 denoting the number of target event classes.
We randomly sample mini batches of size 24 from the training
data such that no signal in the mini batch is padded by more than
5%. We compute gradients of the average loss in the mini batch
with gradient clipping at a threshold of 20. Adam [4] is used for
optimization with a learning rate of 5 · 10−4 . Training is performed
for 20000 update steps, with validation every 1000-th update step
where the checkpoint with the best validation F-score is chosen as
final model.
4. RESULTS
Tab. 3 shows final validation performance as well as C and M for
each event class.

Model
Baseline
Ours

Table 3: Validation performance.
Event
C
M
macro-average
macro-average
Alarm bell ringing
5
21
Blender
5
41
5
21
Cat
Dishes
5
21
Dog
5
21
Electr. shaver/toothbrush 10 41
Frying
5
41
Running water
5
41
Speech
5
21
Vacuum cleaner
10 41

F-score [%]
34.8
48.3
45.9
54.4
49.3
22.8
27.0
57.9
52.6
41.2
50.5
80.9

5. CONCLUSIONS
In this report we presented our system for the DCASE 2020 Challenge: Sound event detection in domestic environments. We proposed a weakly labeled sound event detection method trained to
perform forward as well as backward tagging which encourages the
model to predict labels with low latency. This makes the model
suitable to also be applied to small segments of only a few hundred
milliseconds. Hence, the proposed approach presents a competitive
alternative/complement to the widespread use of attention methods.
We further suggest to use a second stage of CNNs which are conditioned on the file tags to refine sound event detection. The overall
system is able to outperform the baseline by 13.5%.
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