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Abstract

Sound event detection is one of the research areas to model human auditory cognitive characteristics by recognizing events in an
environment with multiple acoustic events and determining the onset and offset time for each event. DCASE, a research group on
acoustic scene classification and sound event detection, is proceeding challenges to encourage participation of researchers and to
activate sound event detection research. However, the size of the dataset provided by the DCASE Challenge is relatively small
compared to ImageNet, which is a representative dataset for visual object recognition, and there are not many open sources for the
acoustic dataset. In this study, the sound events that can occur in indoor and outdoor are collected on a larger scale and annotated
for dataset construction. Furthermore, to improve the performance of the sound event detection task, we developed a dual CNN
structured sound event detection system by adding a supplementary neural network to a convolutional neural network to determine
the presence of sound events. Finally, we conducted a comparative experiment with both baseline systems of the DCASE 2016
and 2017.
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Table 1. Sound event classes = : =R =
# Atele] oHe IR AP AP
Number of Hazard
Event class label )
instances event
Kettle whistle 227 ) T2 =2 M5 34
Children crying 255 0 Table 2. Recording signal specifications
Children playing 602 -
Children shouting 94 - Signal type Binaural / Stereo
I Dish cleanup 249 - Sampling rate 44.1 kHz
2 Dish rinse sound 121 - Bit resolution 24 bits
o Dishwasher 143 - Audio format PCM WAV
o Doorbell 201 -
. Dra'wer sound 155 - o3t tlolg] 2%l al LEOIA RbOl
Drop impact sound 287 (0] 2. =% '” | '| H = 0'|_|_ “ ||_ =
Fire alarm sound 218 (0]
Footfall 139 - _ _ -
Keybound sound % : AT &% wlolE £1L 99 voled ¥ AedS
Scream 236 0 vlo) 28 AHREHE £ lolel $3 AW S FEEIT,
Speech 411 - - - -
Water ﬂowmg 211 - H}O]l—‘:g ‘%b:)}: )\\J-Q—T_— ?‘O]OJ U]—O]ii:‘f_% /\]—%O] ZJIX‘;]]
Bicye idle horn 127 0 343 ool A FRshe AL 1ROR B, 9 24
Bird singing 504 - _ = - —
Car crash 82 (o] %—_Q_E ?_]'o‘H A]'%Lo] Z[:zsg 6]'7] CHE#T'C_)‘ )\o]”%](.g_i "’d"a'%_] 75]
Car idie hom %0 0 $ dul =S FEAQE <lolo] vlolARE RE
Car passing 173 (0] . . . .
o) Car passing horn 130 0 Soundman OKM II Klassik/studio A3 electret in-ear micro-
ltj Drop impact sound 231 ) phones% o] &3, A" QL 23 A5 FHoe 1=
Footfall 485 - #
g Motorcycle idle horn 141 o) ZH# L vlo] A2 E2] Rode NT4 X/Y Stereo Condenser
- Motorcycée passing horn f;i 8 Microphone% /\}%3}9‘11:}. Z}7}e] mlo|d 2 XS B ¢
cream _ - =
f Speech 3 - H¥ 33 A5 E TASCAM DR-100mkll PCM ZEE &
Truck idie hom 108 o o 9% vlola 4HE F3l Lk $F dold
Truck passin 123 (6]
Truck passing 44 ol <lolo} TolAREL A8T FUAE /A
ruck passing horn 206 ) B BRI = o T = Ell
Wind sound 563 : wistsh A4 $79) EP H2POR T 5 YEE AT
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Table 3. Examples of sound event metadata
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onset offset event class label
2.087000 10.354000 footfall
16.977000 21.690000 footfall
26.481000 31.470000 water flowing
32.999000 40.825000 dishwashing
38.326000 38.984000 drop impact sound
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Fig. 1. Schematic diagram of dual CNN based sound event detection algorithm
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Table 5. Detailed results of detection per sound event in an indoor

Ay P N e
Sholz, 49 A%E T 49k 2k B QWAL 8
do]eiwo] 2 = A vlolE o] AE o] &5l A3 <Indoor> F1-[:‘/:]0re Error Rate| Precision | Recall
on, 44 WA} A5E Bl FI-ATE 37 71E8 R 5t Kettle whistle 934 0.13 0.928 0.94
S E QT E 404 B upe}l o] Bl F7]71 A Children crying 64.4 0.74 0.62 0.67
Eﬁﬂ%‘ %1" —‘ﬂi 257H .‘_j.ﬂl?:!/y—} “6‘ 517H = ] n]% }Q_o} Cl’?ildren playir}g 75.7 0.56 0.666 0.877
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Dishwasher 79.5 0.42 0.77 0.821
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Table 4. Acoustic event detection results according to the context and Drawer sound 668 0.66 0.672 0.664
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