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ABSTRACT

Sound event detection (SED) is an active area of audio research
that aims to detect the temporal occurrence of sounds. In this paper,
we apply SED to engine fault detection by introducing a multimodal
SED framework that detects fine-grained engine faults of automo-
bile engines using audio and accelerometer-recorded vibration. We
first introduce the problem of engine fault SED on a dataset col-
lected from a large variety of vehicles with expertly-labeled engine
fault sound events. Next, we propose a SED model to temporally
detect ten fine-grained engine faults that occur within vehicle en-
gines and further explore a pretraining strategy using a large-scale
weakly-labeled engine fault dataset. Through multiple evaluations,
we show our proposed framework is able to effectively detect engine
fault sound events. Finally, we investigate the interaction and char-
acteristics of each modality and show that fusing features from audio
and vibration improves overall engine fault SED capabilities.

Index Terms— Sound event detection, Engine fault detection

1. INTRODUCTION

Automobile engines are highly-complex mechanical systems that re-
quire consistent maintenance for normal operation. Occasionally,
engines may develop faults, often through broken or worn compo-
nents. These faults are often subtle issues that require expert me-
chanics to diagnose and fix the fault. Expert mechanics often use
sound and vibration to diagnose vehicle engines, as engine faults
often emit unique sound and vibration characteristics, for example,
metal-on-metal knocking of broken components, or excessive vibra-
tion from engine misfires [1].

As a result, automatic engine fault detection and machine condi-
tion monitoring have become active areas of research that use these
signals to try to automatically monitor and diagnose mechanical
faults [2]. Works like [3] use signal processing techniques on engine
audio recordings to diagnose faults. Similarly, [4] use these tech-
niques on accelerometer-recorded vibration instead of audio. Works
like [5] explore both of these modalities together to explore differ-
ences in using audio and vibration to detect engine faults. More
recently, deep learning has been successfully applied to automatic
engine fault detection, using both audio [6, 7] and vibration signals
[6, 8]. [6] recently proposed a large-scale multimodal engine fault
detection framework that performs sample-level classification of
broad engine faults, across a wide variety of vehicles.

However, these works perform sample-level classification of en-
gine faults, which only give a high-level understanding of an en-
gine’s condition. In this work, we seek to extend engine fault detec-
tion into sound event detection (SED), which is the task of detecting
the temporal occurrence of sound events, with onset and offset times.
Specifically detecting engine fault sound events at this granularity
gives greater insight into present faults, as not only is the occurrence
of a fault being detected, but the timing and duration of the fault as
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well. For example, a similar-sounding engine fault occurring at the
startup of an engine may give clue to different faults compared to a
similar sound when an engine is idling. Similarly, short-duration ab-
normal sounds may indicate other faults than sounds that are present
for long durations [1]. Extending previous works by understanding
what faults are occurring and when they occur significantly increases
the informativeness of automatic engine fault detection systems.
SED is an active area of research with multiple works span-
ning application in detecting domestic and urban sounds, and others
[9, 10, 11]. Many works focus on improving deep learning architec-
tures for SED, including the convolutional recurrent neural network
(CRNN) and its variations [12, 13, 14, 15], and transformer-based ar-
chitectures [16, 17]. Others focus on developing new loss functions
[18] and postprocessing strategies [19]. Given the high cost of creat-
ing strongly-labeled sound events, others explore performing SED in
weakly-labeled and semi-supervised learning settings. Recent works
have developed new strategies for weakly-labeled SED including
new architectures [15, 16] and training strategies [9, 19]. Similarly,
works like [9, 13, 15, 20] improve SED with unlabeled data, by
leveraging semi-supervised learning methods like the mean teacher
algorithm [21]. Additionally, the annual DCASE Task4 Challenge
[9] focuses on weakly-labeled and semi-supervised SED in domes-
tic environments. In this paper, we draw upon these works and ap-
ply them onto fine-grained engine fault SED. Overall, our contribu-
tions are: 1) we collect a strongly-labeled dataset of ten fine-grained
engine fault sound events across a wide variety of vehicles, 2) we
propose a multimodal fusion SED model that predicts engine fault
sound events using audio and accelerometer-recorded vibration, and
3) we introduce a pretraining scheme to overcome our limited-size
dataset by pretraining on a weakly supervised engine fault dataset.

2. METHOD
2.1. Dataset

To perform engine fault sound event detection, we collect a dataset
of a large variety of common vehicles used in the United States,
with the collaboration of professional vehicle condition inspectors
of ACV Auctions, an online automotive marketplace. For every ve-
hicle, we collect a 25-35 second audio and vibration recording us-
ing a professional-grade microphone and tri-axial accelerometer co-
located on the same device, placed inside the vehicle engine bay.
‘When recording, the vehicle is initially off, then turned on with an
idle period, and finally accelerated 2-3 times to ensure each state
of the engine is captured in the recording. The recorded audio and
vibration are temporally consistent, with equal start and stop times.
Given the nature of vehicle engines, many engine faults are of-
ten subtle and difficult to detect. As a result, we leverage automotive
engine experts that are asked label engine fault sound events of each
vehicle, given all of the recorded information. As shown in Table 1,
we label ten fine-grained engine faults that are broad enough to en-
compass most engine types, while being specific enough give fine-
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Fig. 1. a) Proposed engine fault sound event detection architecture using audio and vibration engine recordings. b) Proposed pretraining
strategy using a large-scale weakly-labeled engine fault dataset with our supervised contrastive loss. Best viewed with zoom and color.

Class Avg. Sound # Events
Event Time (s) Train Valid. Test
Engine Knock 9.07 531 97 117
Belt Squeal 12.00 93 19 21
Exhaust Noise 9.66 460 86 102
Unstable Idle 4.40 130 24 29
Internal Tick 10.48 211 39 46
Ambiguous Tick 9.58 381 70 83
Accessory Noise 6.82 735 136 155
Engine Rattle 5.25 807 145 168
Startup Rattle 1.21 199 37 42
Trouble Starting 2.09 234 42 49

Table 1. Engine fault sound event detection dataset overview.

grained insights into engine condition. Engine knocks, ticks, and
unstable idle are often more serious faults that occur deep within
the engine internals. Belt squeal and accessory, exhaust, and rattling
noises are often audible from non-critical accessory components at-
tached to the engine. Startup rattle and trouble starting are two faults
that occur specifically during the startup of an engine. These faults
encompass a wide variety of common issues with an engine that
when correctly detected, gives direct insight into the engine’s condi-
tion and repairs necessary to resolve it.

Table 1 shows our labeled dataset across the ten engine faults.
As shown, most sound events having an average time of over 5
seconds, while certain events like startup rattle are often quickly-
occurring that last about 1 second. The entire dataset consists of over
5,000 sound events across 2,643 audio-vibration samples, spread
across 232 unique vehicle models. We create a train/validation/test
split by splitting the samples such that there is a 70%/15%/15% dis-
tribution of each class of sound events across the sets.

2.2. Model Architecture

Our proposed model, shown in Figure la, is a multimodal fusion
SED model built upon the CRNN architecture, widely used across
other sound event detection applications [12, 14, 15]. We extract
features from the audio and vibration spectrograms using indepen-
dent CNN networks, then fuse them and pass the fused features into
a bi-directional GRU network. Finally, we perform a frame-wise
classification that yields the final SED predictions across time steps,
which are thresholded and aggregated to yield an event-based tem-
poral detection and sample-level classification, respectively.

Given a vehicle that has a recorded audio and vibration sample,
we construct a log-Mel spectrogram X, € RTe*Fa of the audio
and a linear magnitude spectrogram X, € R**T»*F of each of the
three accelerometer directions. T, x F, and T%, x F, denote the

number of frames and frequency bins of the audio and vibration rep-
resentations, respectively. The audio CNN, denoted by f,(X,), ex-
tracts features from the audio spectrogram X ,, resulting in a frame-
wise feature representation I, € R**** where ¢, and z, denote the
number of time steps (frames) and feature vector size, respectively.
fa consists of seven repeated blocks comprised of a 2D convolution,
batch normalization, ReLU activation, dropout, and an average pool-
ing layer. Similar to the audio CNN, the vibration CNN, f,(X5), ex-
tracts features from the tri-axis vibration spectrogram X, resulting
in a frame-wise feature representation I, € R*™**", with ¢, and z,
denoting the number of vibration time steps and feature size, respec-
tively. f, consists of six repeated blocks with the same structure as
fa- Since each modality has different-sized spectrogram representa-
tions, the resulting representations [, and [, have the same channel
dimension, but different time step amounts. To match the number
of time steps ¢, and ¢,,, we use nearest-neighbor interpolation across
time steps to match the vibration features to audio, such that £, = ¢,.

Next, we fuse the audio and vibration features by concatenating
features across time steps, resulting in loy = [la,ly] € R¥*(Fat2v)
The fused features [, are then passed through a bi-directional
GRU, denoted by foru(lav), to extract temporal features and
dependencies between each modality and time steps, resulting in
l; € RIGRUXZGRU where zgry and tgro is the resulting hid-
den state size and number of time steps, respectively. Finally, we
perform a frame-wise classification using a linear layer, fc, and
sigmoid activation, o, resulting in the final output of the model
ijs € R™*C where n; and C denote the final number of time steps
and classes, respectively. The overall model f is written as:

¥s = f(Xa, Xo) = o(fe(feru([fa(Xa), fo(X0)]))) (D)

To create a sample-level classification alongside 3, we simply take
the maximum prediction of each class across time steps, denoted by
gw = MaXn, (’-’;’3) € Rc'

2.3. Implementation Details

The audio and vibration samples are zero padded and cropped to
30-second signals, with a sample rate of 44.1kHz and 416Hz, respec-
tively. The audio spectrogram X, is a log-scaled Mel-spectrogram
using 128 Mel bins, and a frame size and hop length of 2048 and
1024 samples, respectively. The vibration spectrogram X, is a
linearly-scaled magnitude spectrogram using a frame size and hop
length of 256 and 32 samples respectively, with 129 frequency bins.
For X, and X,, we perform channel-wise Z-score normalization.
Each convolution layer in f uses a kernel size of (3 x 3). For f,, we
use an average pooling kernel of (2 x 2) of three blocks and (1 x 2)
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Setup PSDS; PSDS; PSDSz EB-F1 SB-FI | mROC mAP

Random .0208 .0008 .0013 .0053  .0629 | .5031 .1033
Audio Only No Pretraining 5036 .3968 .2876 0979 3449 | 7586 .3384
Vibration Only .3690 2272 .1958 0385 .1636 | .6249  .1853
Audio + Vibration 5207 4024 3289 1020 3579 | .7646 3532
A1 =1.0,A2=0.0 5346 4078 .3492 0980  .3753 | 7758  .3890

A1 =0.0,22=1.0 5224 4130 .3296 0934 3380 | .7579  .3349

Audio + Vibration A1 =1.0,A2=0.2 5458 425 .36098 1010 3758 | 7790 3759
(Pretrain + Finetune) A1 =1.0,22 =0.5 5524 4315 3799 1163 4067 | 7761  .3966
A1 =1.0,A2=1.0 5618 439 3760 (1046 3882 | .7849  .3795

A1 =1.0,22=20 5588 .4319 3752 1050 3773 | 7870 3653

Table 2. Quantitative results on engine fault sound event detection. Each result is the average of three models with random initializations.

for the remaining blocks. Similarly for f,, (2 x 2) is used for one
block and (1 x 2) for the remaining. For both f, and f,, the blocks
have channel sizes of 16, 32, 64, and 128 for the remaining blocks,
respectively. For foru, we use a hidden state size of 128. For all
dropout layers, we set p = 0.5. We use 161 time steps for the audio,
vibration, and GRU network, which results in a resolution of about
0.2 seconds per time step. The model is trained for 100 epochs using
binary cross entropy loss with the AdamW [22] optimizer, with a
learning rate of 0.001, weight decay of 0.02, and batch size of 48.

2.4. Large-Scale Pretraining

Using weakly-supervised training to improve SED has been shown
to be successful, lessening the need of large amounts of strong la-
bels [9, 15, 20]. For engine faults specifically, labeling sound events
is extremely expensive, often involving multiple engine experts to
discern subtle faults. Therefore, as shown in Figure 1b, we utilize an
existing weakly-labeled engine fault dataset to pretrain our proposed
SED model. Our hypothesis is that pretraining the model to per-
form sample-level classification of broad engine faults will provide a
strong initialization when training for fine-grained engine fault SED.
To do so, we utilize the large-scale multimodal engine fault
dataset from [6], which contains over 100k audio and vibration
recordings of vehicles with sample-level labels for five multi-label
broad engine faults. To pretrain, we utilize a combination of a
multilabel classification loss and a supervised contrastive loss. In
literature, contrastive losses have been shown to create strong and
discriminative embedding spaces for a wide variety of tasks [23].
When labels are present, simple classification losses, supervised
contrastive loss [24], and combination of them [25] have been
shown to be strong learning objectives.
Since only sample-level labels are available for pretraining, we
average the output s of model f across time steps, denoted by
Zléﬂ §s; € R, yielding a sample-level output used in
the classification loss. Note we average across time steps rather than
the max operation in 3.2 for better gradient flow across time steps.
Similarly, we also average the feature representations [; before the
classification layer, yielding I = m D ictopy i € RPORYU. We

pass [ through a projection layer of two linear layers and a ReLU
activation, denoted by fpro;, yielding a projected representation =z,
which are used in the contrastive loss. Similar to [25], we extend su-
pervised contrastive loss [24] to the multilabel setting by averaging
multiple losses across each class. For a given sample z, we define
our loss:

Li=M (—— Z%c log(gi.) + (1

e=1

— i) log(1 — ?J'ic))

C

exp(zi - zp/T) @

C pr Z=:)| pEP(ic) ZﬂeA(;) exp(2i - 2a/T)

Here, P(i.) = {p € A(%)|yp. = ¥i. = 1}, which is the set of all
samples in a batch with the same positive class c. The loss for an en-
tire batch is the average across all samples i, L(N) = Zi\;l Li.
The classification term in £ focuses on the classifying engine faults
of individual samples, while the supervised contrastive term enforces
the similarity of features across samples with the same engine faults,
creating a more separated and discriminative embedding space.

‘We pretrain the model f with (2) using 100k samples from [6],
for 40 epochs. We set A;=1.0, A2=0.5, and 7=0.07, and use the
same details in 2.3. The audio and vibration samples are recorded at
44.1kHz and 100Hz, respectively, with a length of 30 seconds. For
vibration, we upsample the signals from 100Hz to 416Hz to match
the dataset we collected. After pretraining, we use the weights of
each pretrained CNN f, and f,, discard fc, fproj, foru, and fine-
tune the model f using the same details in 2.3. We found that dis-
carding the pretrained weights of fgrr yields better finetuning per-
formance. We hypothesize that the pretrained fg g is not useful for
SED as there is no temporal information from the weak labels.

3. EXPERIMENTS
3.1. Evaluation Metrics

To evaluate engine fault detection performance, we follow stan-
dard metrics used in SED. Specifically, we use the Polyphonic
Sound Detection Score (PSDS) [26, 27] under multiple settings,
and segment- and event-based F1 scores [28]. For PSDS, we use
three settings, denoted by PSDS;_ 3. For PSDS; and PSDS», we set
poro.parc.est = (.05,.05,0) and (0.4,0.4,0), which evaluate de-
tection performance with relaxed and strict intersection tolerances,
respectively. For PSDSs, we set pprc.perc,ast = (.05,.05,1.0),
which evaluates the stability of detection performance across classes.
Alongside PSDS scores, we calculate segment- and event-based F1
scores as an auxiliary metric. For F1 scores, we find optimal class-
wise thresholds that result in the highest class-wise F1 scores and
then macro-average across classes for a more fair comparison. For
segment-based F1 scores, we use a segment length of 0.2s, and for
event-based F1 scores, we use an onset and offset collar of 0.5s.
For sample-level classification, we use the standard macro-averaged
receiver operating characteristic area-under-curve (mROC) and av-
erage precision (mAP) metrics.

3.2. Quantitative Results

As shown in Table 2, we ablate our proposed method to investi-
gate each modality’s respective contribution to engine fault SED
performance. To do so, we remove the other respective modal-
ity by excluding the CNN feature extractors f, and f,, while
keeping the rest of the network the same. The audio-only model
becomes o(fo(feru(fa(Xa)))), while vibration-only becomes
o(fe(feru(fo(Xv)))) when comparing to (1). We train these
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Class (PSDS1) Audio Vibration A+V  A+V (Pretrain)
Engine Knock .6702 3012 .6480 6765
Belt Squeal 3975 .2890 4126 4665
Exhaust Noise .7538 3347 7567 7332
Unstable Idle .0839 .3353 .2761 3708
Internal Tick 4751 3340 4075 4712
Ambiguous Tick .4260 .3062 4523 4865
Accessory Noise  .4089 .2029 4127 3750
Engine Rattle .3818 .2763 3465 4192
Startup Rattle .6628 .5666 .6594 J179
Trouble Starting .7763 7441 8354 8071

Table 3. Class-wise PSDS; scores. “A+V™: Audio+Vibration,
“A+V (Pretrain)”: Audio+Vibration with pretraining and finetuning.

ablated models using the same implementation details in 2.3. When
comparing audio-only to vibration-only, we see that the audio
modality outperforms vibration across all metrics, showing that
audio is a strong signal for engine fault SED. However, the vibra-
tion modality still significantly outperforms random predictions,
showing there are still useful features being learned from vibration
for SED. When comparing against our proposed audio+vibration
fusion model, we see it outperforms any single modality across all
metrics, showing that although we perform sound event detection
from audio, the fusion of vibration provides complementary infor-
mation that improves SED performance. Specifically, we see a 2.5%
improvement in PSDS scores, 1% improvement in F1 scores, and
a 1.5% improvement in sample-level scores. Further in Table 2 we
show the performance of pretraining the fusion model with different
A1 and A2 values, from 2.4. When using only the classification loss
term, A;=1.0, A;=0.0, we see that finetuning performance outper-
forms the fusion model without pretraining across most metrics,
showing a simple classification loss on weakly-labeled data is useful
for the final SED task. When using only the contrastive loss term,
A1=0.0, A2=1.0, we see finetuning performance similar to the fu-
sion model without pretraining, showing the contrastive loss alone
does not create a strong model initialization for finetuning. When
setting A1=1.0 and using various A2 values, we see a significant
improvement in finetuning performance over all the non-pretrained
and classification-only pretrained models. Specifically, we see this
pretraining strategy outperform the non-pretrained fusion model
by about 4.5% on PSDS scores, 2.5% on F1 scores, and 2.5% on
sample-level classification scores.

In Table 3 we show class-wise SED performance to investigate
each engine fault individually. As shown, the pretrained fusion
model outperforms other methods across a majority of engine faults,
showing both vibration fusion and the pretraining strategy improves
SED performance. When comparing audio- and vibration-only with
results from Table 2, we see audio outperforming vibration, however
we see vibration outperforming audio for certain engine faults. For
example, unstable idle is better detected using vibration signals, as
an unstable idle event often results in a non-audible shaking vibra-
tion of a vehicle. For classes like engine knock and accessory noise,
we see that audio outperforms vibration as these engine faults are
often only audible and do not cause significant abnormal vibrations.
‘When we fuse audio and vibration, we see an improvement across
most engine fault types, showing that there are still complementary
features between the modalities that improve SED performance.

3.3. Qualitative Results

In Figure 2, we show example detections of faulty engines. In Fig.
2a, we see that the audio model successfully detects the engine knock

Audio Only Audio + Vibration
(Pretrained)
Troubde Starting - Trouble Starting -
Engine Enock Engine mnock
a)
Engine Knock Engine Knock
Unstable idie I 1
Trouble Starting -
Accessory Noise - Accessory Naise - Ground Truth
Startup Rattle Startup Ratthe
b) M M
Engine Rattle |
Startup Rattle Startup Rattle
Accessory Naise - Predictions

Fig. 2. Example engine fault detections. Events above the red line
are ground truth labels and below the red line are predicted events.

Ground Truth Exhaist Noise
Engine Knock — 1 —

Engine Knock

sntermal Tick — — Engine Knack

Intermal Tiek

Predictions Exhaust Noise

a) b)

Fig. 3. Example failure cases of detecting engine fault sound events.

event, but misses the small-duration trouble staring event and has
false positives on other faults. When combining the vibration modal-
ity with our pretraining strategy, we are able to remove the unstable
idle false positive and more accurately detecting the trouble starting
event. InFig. 2b, we see the audio model captures the small-duration
startup rattle, but misses the accessory noise and also has false posi-
tives. In the fusion model, we see all engine faults are detected with
accurate onset and offset times.

In Figure 3, we show example failure cases of our proposed
SED model. In Fig. 3a, we see that the ground truth engine knock
sound events are falsely-detected as internal tick events. These sound
events are extremely similar sounds coming from similar areas of the
engine, often confused even by engine experts. In Fig. 3b, we see
the model is able to effectively capture the exhaust noise, but has
false positives on internal tick and has poor onset and offset times of
the knock event. This example vehicle has multiple significant en-
gine faults that results in a very noisy audio and vibration recording,
making the accurate temporal detection of the engine faults diffi-
cult. Further, this example shows the polyphonic nature of engine
faults, that is, multiple sound events may be simultaneously occur-
ing, adding to the difficulty of accurately detecting these events.

4. CONCLUSION

In this paper, we explore engine fault sound event detection and show
we are able to temporally detect fine-grained engine fault sound
events using audio and vibration recordings across a wide variety
of vehicles. Along with our collected data, we propose a simple
multimodal CRNN-based SED architecture with a weakly-labeled
pretraining strategy to perform engine fault SED. This work can be
used to create automatic engine repair estimates, help mechanics di-
agnose engines, and serve as the basis for real-time engine condition
monitoring. In the future we hope to explore other engine faults and
more advanced SED architectures, like transformer-based methods.

5. ACKNOWLEDGMENTS

This work was supported by ACV Auctions, Center for Identifica-
tion Technology Research (CITeR), and National Science Founda-
tion (NSF) under grant #1822190 and partially under #2229873.

1189

Authorized licensed use limited to: University at Buffalo Libranes. Downloaded on July 01,2024 at 20:53:55 UTC from IEEE Xplore. Restrictions apply.



(1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[91

[10]

[11]

[12]

[13]

[14]

6. REFERENCES

T. Denton, Advanced Automotive Fault Diagnosis, Taylor &
Francis, 2006.

Patricia Henriquez, Jesus B Alonso, Miguel A Ferrer, and Car-
los M Travieso, “Review of automatic fault diagnosis systems
using audio and vibration signals,” IEEE Transactions on sys-
tems, man, and cybernetics: Systems, vol. 44, no. 5, 2013.

Wail M Adaileh, “Engine fault diagnosis using acoustic sig-
nals,” Applied Mechanics and Materials, vol. 295, 2013.
Jianfeng Tao, Chengjin Qin, Weixing Li, and Chengliang Liu,
“Intelligent fault diagnosis of diesel engines via extreme gra-
dient boosting and high-accuracy time—frequency information
of vibration signals,” Sensors, vol. 19, no. 15, pp. 3280, 2019.
Simone Delvecchio, Paolo Bonfiglio, and Francesco Pompoli,
“Vibro-acoustic condition monitoring of internal combustion
engines: A critical review of existing techniques,” Mechanical
Systems and Signal Processing, vol. 99, pp. 661-683, 2018.

Dennis Fedorishin, Justas Birgiolas, Deen Dayal Mohan, Livio
Forte, Philip Schneider, Srirangaraj Setlur, and Venu Govin-
daraju, “Large-scale acoustic automobile fault detection: Di-
agnosing engines through sound,” in Proceedings of the 28th
ACM SIGKDD Conference on Knowledge Discovery and Data
Mining, 2022, pp. 2871-2881.

Syed Maaz Shahid, Sunghoon Ko, and Sungoh Kwon, “Real-
time abnormality detection and classification in diesel engine
operations with convolutional neural network,” Expert Systems
with Applications, vol. 192, pp. 116233, 2022.

Ronny Francis Ribeiro Junior, Isac Antonio dos Santos Areias,
Mateus Mendes Campos, Carlos Eduardo Teixeira, Luiz Ed-
uardo Borges da Silva, and Guilherme Ferreira Gomes, “Fault
detection and diagnosis in electric motors using 1d convolu-
tional neural networks with multi-channel vibration signals,”
Measurement, vol. 190, pp. 110759, 2022.

Nicolas Turpault, Romain Serizel, Ankit Parag Shah, and
Justin Salamon, “Sound event detection in domestic environ-
ments with weakly labeled data and soundscape synthesis,” in
Workshop on Detection and Classification of Acoustic Scenes
and Events, 2019.

Justin Salamon, Duncan MacConnell, Mark Cartwright, Peter
Li, and Juan Pablo Bello, “Scaper: A library for soundscape
synthesis and augmentation,” in 2017 IEEE Workshop on Ap-
plications of Signal Processing to Audio and Acoustics (WAS-
PAA). IEEE, 2017, pp. 344-348.

Annamaria Mesaros, Toni Heittola, and Tuomas Virtanen, “Tut
database for acoustic scene classification and sound event de-
tection,” in 2016 24th European Signal Processing Conference
(EUSIPCO). IEEE, 2016, pp. 1128-1132.

Lu JiaKai, “Mean teacher convolution system for dcase 2018
task 4,” Tech. Rep., DCASE2018 Challenge, September 2018.

Diego De Benito-Gorrén, Daniel Ramos, and Doroteo T
Toledano, “A multi-resolution crnn-based approach for semi-
supervised sound event detection in dcase 2020 challenge,”
IEEE Access, vol. 9, pp. 89029-89042, 2021.

Yadong Guan, Guibin Zheng, Jiging Han, and Huanliang
‘Wang, “Subband dependency modeling for sound event detec-
tion,” in JCASSP 2023-2023 IEEE International Conference
on Acoustics, Speech and Signal Processing (ICASSP). IEEE,
2023, pp. 1-5.

1190

[15]

[16]

[17]

[18]

(191

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

Janek Ebbers and Reinhold Haeb-Umbach, “Forward-
backward convolutional recurrent neural networks and tag-
conditioned convolutional neural networks for weakly la-
beled semi-supervised sound event detection,” arXiv preprint
arXiv:2103.06581, 2021.

Koichi Miyazaki, Tatsuya Komatsu, Tomoki Hayashi, Shinji
Watanabe, Tomoki Toda, and Kazuya Takeda, “Weakly-
supervised sound event detection with self-attention,” in
ICASSP 2020-2020 IEEE International Conference on Acous-
tics, Speech and Signal Processing (ICASSP). IEEE, 2020.

Kang Li, Yan Song, Li-Rong Dai, Ian McLoughlin, Xin Fang,
and Lin Liu, “Ast-sed: An effective sound event detec-
tion method based on audio spectrogram transformer,” in
ICASSP 2023-2023 IEEE International Conference on Acous-
tics, Speech and Signal Processing (ICASSP). IEEE, 2023.

Sandeep Kothinti and Mounya Elhilali, “Temporal contrastive-
loss for audio event detection,” in ICASSP 2022-2022 IEEE In-
ternational Conference on Acoustics, Speech and Signal Pro-
cessing (ICASSP). IEEE, 2022, pp. 326-330.

Heinrich Dinkel, Mengyue Wu, and Kai Yu, “Towards duration
robust weakly supervised sound event detection,” IEEE/ACM
Transactions on Audio, Speech, and Language Processing, vol.
29, pp. 887900, 2021.

Romain Serizel, Nicolas Turpault, Hamid Eghbal-Zadeh,
and Ankit Parag Shah, “Large-scale weakly labeled semi-
supervised sound event detection in domestic environments,”
arXiv preprint arXiv:1807.10501, 2018.

Antti Tarvainen and Harri Valpola, “Mean teachers are bet-
ter role models: Weight-averaged consistency targets improve
semi-supervised deep learning results,” Advances in neural in-
Jformation processing systems, vol. 30, 2017.

Ilya Loshchilov and Frank Hutter, “Decoupled weight decay
regularization,” arXiv preprint arXiv:1711.05101, 2017.

Phuc H Le-Khac, Graham Healy, and Alan F Smeaton, “Con-
trastive representation learning: A framework and review,”
leee Access, vol. 8, pp. 193907-193934, 2020.

Prannay Khosla, Piotr Teterwak, Chen Wang, Aaron Sarna,
Yonglong Tian, Phillip Isola, Aaron Maschinot, Ce Liu, and
Dilip Krishnan, “Supervised contrastive learning,” Advances
in neural information processing systems, vol. 33, 2020.

Son D Dao, Ethan Zhao, Dinh Phung, and Jianfei Cai, “Multi-
label image classification with contrastive learning,” arXiv
preprint arXiv:2107.11626, 2021.

Cagdas Bilen, Giacomo Ferroni, Francesco Tuveri, Juan Az-
carreta, and Sacha Krstulovi¢, “A framework for the robust
evaluation of sound event detection,” in ICASSP 2020-2020
IEEE International Conference on Acoustics, Speech and Sig-
nal Processing (ICASSP). IEEE, 2020, pp. 61-65.

Janek Ebbers, Reinhold Haeb-Umbach, and Romain Serizel,
“Threshold independent evaluation of sound event detection
scores,” in ICASSP 2022-2022 IEEE International Conference
on Acoustics, Speech and Signal Processing (ICASSP). 1EEE,
2022, pp. 1021-1025.

Annamaria Mesaros, Toni Heittola, and Tuomas Virtanen,
“Metrics for polyphonic sound event detection,” Applied Sci-
ences, vol. 6, no. 6, pp. 162, 2016.

Authorized licensed use limited to: University at Buffalo Libranes. Downloaded on July 01,2024 at 20:53:55 UTC from IEEE Xplore. Restrictions apply.



