& CIXg2axss|=2X| ()
il Journal of Digital Contents Society chock k.
* Vol. 20, No. 1, pp. 1-6, Jan. 2019 updates.

“ | = Sl B4 o
Zetietn HAE RS AZ e
s zostn HEeZ et

Forecast of Bee Swarming using Data Fusion and LSTM

Ki-Hyeon Kwon' - Jin-Su Kim' - Hyung-Bong Lee”"

"Department of Electronics, Information & Communication Engineering, Kangwon National University, Samcheok
25913, Korea

2Department of Computer Science & Engineering, Gangneung-Wonju National University, Wonju 25457, Korea

2 o

tolE] FAL F83 ARE FET B0 2 o]e] AXZRE HEN AR E 2§ el= 07 FES A2 S Hhsel= A
A5 A 2ot WA G M) b7k Al Wolth. Tre] 3t LSTM W= %) 3= RNN(recurrent neural network) ] & % ¢l
2 A Rl Alg] 2= dlolEl ol thalA] 5 shAL 11 AlRE ERte] o E s Bh5 e = Utk i m=iol A= ToT Fe 3 & Al 4tat
o], oFB-o] A& 87 WU E S X Ya)

op
o

S opge] B WA GG 25 % AL, TA A2 BAIse] HolH 2 53}
5T SRS ALE A4 FlolE 2 Frske] HlolE FAle] 488 HloBE AAsL AN S AAFETL LSTM U] =22
FAH 0B 2 ALESle] Bl A, B WA A7) el Ze] Fs e malt)

[Abstract]

Data fusion(DF) is the process of combining or preprocessing data originated from different sensors or sources to produce a
more specific, comprehensive, and unified dataset about event of interest that has been observed. And, LSTM(long short-term
memory) network is a type of recurrent neural network(RNN) that can learn classification and long-term dependencies between
time steps of sequence data. In this paper, we implement an IoT beekeeping device that attached in the beehive box, monitor the
bee living conditions and identify the time of the swarm. We gather the dataset from the [oT beekeeping device equipped with
the temperature/humidity, sound, weight sensors and fuse temperature with sound data to produce a comprehensive, and unified
dataset. We assess the usability of forecasting the bee swarming by an LSTM network model learned with the fused data.
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II. CIO|E{ FZ 1} LSTM

2-1 O|0|E{ FZ(data fusion)
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Table. 1. Hardware Specification

Ttem Value

Controller * Raspberry PI 3B+

+ Load Cell: capacity: 40kg, HX711 Module
+ Temperature/Humidity: analog DHT11
+ Sound: sampling frequencies of 44.1 kHz

Sensors

Touch Screen + 7* Touch Screen, 800 < 480 pixels

a8 2. loT & A
Fig. 2. 10T Beehive Monitoring Device
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