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ARG T (K22 81T 2715 (Space and Planetary Science)| ~ MARELK
B FIZ (Atmosphere and Hydrospheric Science) | ~ [ AJg#EKF: 12 (Human Geoscience)
| ~ TEEEHERFIEL(Solid Earth Science) | ~ M4 BRkFIE (Biogeoscience) | ~ [ FEE
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Interdisciplinary) ;| =R EH B/ AR E ERZMERETE - £ ABHIKFE
(Human Geoscience) | %535, » N 4H47 T #1 3 (Geography) ~ 1 57(Geomorphology) ~ T
F21h'E (Engineering Geology) ~ /J[f&2%(Sedimentology) » H #A £ 2% (Natural Disaster) »
2= [73&(Disaster Prevention) ~ & JE (Resources)E2EEE (Energy) E /& - £ T ARE
7K1} 22 (Atmospheric and Hydrospheric Sciences) ; &4y @ Bl @4l T KRR
(Atmospheric Science) ~ §& 522 (Meteorology) * A& ZEHE (Atmospheric Environment)
75 ¥F}2(Ocean Sciences) ~ 7K 3722 (Hydrology) ~ J&)8,2;2F}22(Limnology) ~ # 7K
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%1~ JpGU FAFREEDI TR

Sessions to present the up-to date frontier topics related to all

Union : ;
earth and planetary sciences related community.
Sessions open to the public to promote scientists' outreach
Public activities, and to help societies' understandings of research
fields of our union.
Space and . . - .
Plan Planetary Science, Solar Terrestrial Physics, Space Physics,
etary
I Space Electromagnetism Exoplanetology... etc.
Sciences

Atmospheric and
Hydrospheric
Sciences

Atmospheric Science, Meteorology, Atmospheric
Environment, Ocean Sciences, Hydrology, Limnology,
Ground Water Hydrology, Cryospheric  Sciences,

Geoenvironmental Science, Climate Change Research...etc.

Human

Geosciences

Geography,  Geomorphology,  Engineering  Geology,
Sedimentology, Natural Disaster, Disaster Prevention,

Resources, Energy...etc.

Solid Earth
Sciences

Geodesy, Seismology, Geomagnetism, Science of the Earth's
Interior, Earth and Planetary Tectonics Dynamics, Geology,
Quaternary Research, Lithology and Mineralogy, Volcanology,
Geochemistry...etc.

Biogeosciences

Biogeosciences, Space Biology, Origin of Life,

Geosphere-Biosphere Interactions, Palaeontology,

Paleoecology...etc

Education &
Qutreach

Earth Science Education, School Education, Relation to the
society...etc.

Multidisciplinary
and
Interdisciplinary

Session that cannot be categorized into one session, Joint

Symposium with other scientific societies...etc.
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% > 1320 {822 - MERIETIERAETR APA BUEIE AEFH -

5 A 19 H(N)1630

RS RREI T -

5 B 20 H(H)0900

SHMTEHE - B ESE2M[AAS0]] ~ [MGI22]FH
AL 2 E[AASO1-PO3] ~ [AAS01-07] ~ [HCG28-P01] ~ [HCG28-P02]

TR AR R R BT -

5 A 21 H(—)0900

SHETEHERE - B E & E200[HCG23-07] ~ [SSS14-04] ~
[HTT16] ~ [MIS13] ~ [MGI26] ~ [MTT36] - [SSS14-04])Z53% » I
£#[AGE31-P04] ~[HDS06-P03] [MTT36-P01] 5555 BT 1345
FHTT16-PO1 BRI T AR SR L R R AT °

5 A 22 H(=)0900

SR EHE > EEKKE S EH2M[ACG4H4] - [MGI25] »
[MGI27] ~ [HDSO07] ~ [HTT18 %33 - it 28 [SCG66-P04] ~
[HDS07-P03] ~ [HDS07-P04] ] ~ [HDS07-POS|E 54 EEAK -

5 H 23 H(=)0900

S EAEHE - BBKE & E2N[HDSI2] ~ [SSS03] »
[AASO5] ~ [MGI23]%555% » 3628 [HDS12-P01] ~ [HDS12-P03] ~
[MGI23-P01] ~ [MGI28-P02] ~ [MAG32-P02] ~ [MAG32-P03] -
[MAG32-P04] ~ [MAG32-P05] ~ [AAS05-PO3|Z G5

5 B 24 H(7H)0900
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%55 > I 28 [ACG36-P21] ~ [HTT15-P03] ~ [HTT15-P06]
[STT47-POS]E /B #R AR -

5 A 25 H(F)0930

BEBASRE AU ERK RS HETE 1820 RFIFHARET -

EEIEBHR BT Y » AEBEFR " Object Detection and Tracking in
Intelligent Video Surveillance Systems | i K E&ZHER 5 B 21 HERE@IE 4(a) @ BE
BT - HEYMEERN SREINER A BHRMIZER R (UE 4(b) @ MER
BXABRRKTRENARERHEEXRSF -
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/

REGHAEARERLL " REFKERRE | KHEH  AGRENEH R
BEAESMSIUEREESHRET - REHGRELV/NESwE H REEMESE
EEER HVERSSRESR T8 » EFER VR EESSRAVSBET » BFIHRE
TG LA R R - KETERESET - RRN2HERERE - GR8EE
B - YRR ERARBECARNREHINEARNE  EEERERCE ~ 5%
o SR P PR R F E R R R -

(—EEBEEIE -
25 Efx 255 Visual Technology Inc./\E]EETEE (T » %A T]FES Oculus 78
R RS Ee R HTERBR ER (GPU) M » ERREREER 24t
b AR BRI A 7- @ 7(a) RO FE B EE R FEZEMFY Visual Technology Inc.
ANEIRTBAREY B 710)AZ AT BN ERESEE GPU SEE
A THERRS © B 8 RIRZ A SRR N ERE R RAS -
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8 ~ Visual Technology Inc. Ffif{{ZFE T~ Oculus EHE E~es

B B ABII A ZE R 3E NS 7B S 1A - SECREHE JAMSTEC » K EHAE
XERIBAEENBIIAFHEEA - B TREH AR L 111 BOKIIEEHN -
JAMESTEC EREAE/NFUERTHE(CAVE) & » 1B 9 FiR » KRR
CAVELibWrapper %47 » &5 F Shintaro Kawahara 554:Fr&Z#7 [MAG32-P05]
CAVELibWrapper: Development of a CAVELib Compatible Library for HMD-type
VR Systems s » BI$HE H AT F R B IRBAVE K SRR R EEHARLIRIZ
KU BARRZK BE 3 e RERIIRER K LLETEE TN - tHRER B mER
BHEXUEEEY - FHEERAEKUEEER - B FRKIR X LR
FEEZEE - FEXELEH  WEBEEKPEFER SR T HEERN
TLERE » BUBE TR MERE - ER XS AR FRAEREK USSR
AR R SCRETARD B AR ZETE K LSS E -
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9~ ARKEHTELASTFE

(DK ETHREELET

BENE NS BTN RIS IR R R R -
pmmmplr e » BUIRHEMACHESEZNNE  BHFRIFHSEE - &
BEEEESEIER TR BT - BHFSRTHBUHIE A TR AR SRR
B BRIRAENSE - BTEREEEERH  SRESEERFTEAETE
2% BATKCS ST HISERRINEARENES - BEMFTA
B EE R RN E A B AR EATEE I FE AR - AR
JpGU 2018 BFsf& b » F B R A5 MAG32) i i BR T 22 5 H (Marine
Earth Informatics) » EiEE AT EE ARG EREFR - UERAVARE LR
SERTRRI TR - BEN T EERIS A E A AR R BRI AI2K
SEEEHIRERIRIERITATR - WERST AT AE R
® [MAG32-P02] Detection and identification of multiple-type earthquakes based

on deep learning approach.

LB AEFZEEBE Keisokugiken AT &{EFIZ T —fE A R EREUHEY
INEMETHEEEHIERHE » 1F 2017 4F 10 ARCEEESE Mt. Ontake JEXIOAE] 1
NS FHEESGEE 1Hz # B 8 (LE-3Dlite MKII » Lennartz electronic)3#$%
EREEYH R BRI S A B TS VBB - EEATE K L ORIEUH
SR EEEE K I OB E v B X EFR A Rt EE Rt R
GRERS - WA BRGNS IR IR SIRE S SRR - BRI R - R
GE SRR 2017 4E 11 AR K UBHEES: - BMER s EABESRAEE
eEE®  HENLLAARSEFENZHBRES TEE » KKHE—F
Aot EEAEE - WEREEARNEN - URUERE4FEEME - LSk
FHith B FRIZERERE -
® [MAG32-P03] Earth Sciences big data analysis using Unsupervised Deep

Learning, and challenge to "Earth Search".

551 BEEARHFRERSEE 2014 210 A 201554 A ~ 2016 £ 9
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B 12017 ££ 4 B7E Mt. Ontake JEX LLETTIFZERTHIE - WIRALRSTH 2014 £
% EAEERASTAERELEZERBREE BT - ARSI
Bk B K FEET BRI -
® [MAG32-P04]Data visualization service for the earth science

R REE SN T ESEUKRENREBR N Z2{EER - TTERR
B R S/KEHINE - ERRMA B v s G R T B IITET 0 A
T ZRIRRERHFERK » ERERAERENRERGHEERE > HEE
FEARNEHEAM R REHNGRN » AR SEHTEARRERKW > LTF
BRFLEEEST(nSAR)E: - 3 FHERH B {b(Data Visualization) ST~ &
WESMFR SR G - £ T oI DIREEE 2015 £F 5 A KILE K ETRAFED
(b AmERHAEIRK LR EEESER R BRI TH TS & rkfL
BEEITT(InSAR)F G AR EFFZRE - THRERREEA RADARSAT2 1§
EERTHERAREE(nSARFEFIISITH RIS EHRER - &5
REFRITRRIECR

BT IMAG32IslZ 5 - ESEREHRIT » INE SR GHERHPE
ERETREANGS » HPEEHEARTEAE - RERTAS - ®HASRE -

SRR ERRERE

EERFRT LK ETRRNEERN - SEEMEESEESRZET i
T - KEARKTERBERETHSER N EHSSTERESET
ERT - TEEBTRHEEEST - BUBERRDERESBEGET
HIER - HItEATAS & » BERERET TR
® [AGE31-P04] Comparison of ten machine learning algorithms for classification

of the tangential model parameters for various soil texture classes.

KAFHREASER TR T RZMEERAER » UHEEE(TANMOD)
BB K REFRGF(SWROMER  — » B FER A 81 T FIEEA] 35 -
DR+ AR P S RASIE(LAVRIE - TREE S B HE TR R
RIBGERERE LB K RSB ARIER ZEMER - #8328 Raoid]
AR SR S EE| SR LS B S GERRRRER AL — » EEMESRSET
JAEAEEL » IR EERIMESENZEL O R EIFREREE - AR
1 > BFZEEBLEE#; Linear Discriminant Analysis (LDA) - Classification and
Regression Trees (CART) ~ Bagging of Classification and Regression Trees (TB) ~
Decision Trees and Rule-Based Models using Quinlan's C5.0 algorithm (C5.0) -
k-Nearest Neighbors (kNN) » Naive Bayes (NB) ~ Neural Network (NNET) ~ Random
Forest (RF) ~ Stochastic Gradient Boosting (Generalized Boosted Modeling) (GBM),
BLR Support Vector Machines with a linear kernel (SVM)ZE+fEi%232EEE
% FLLFISRY] 1S A TANMOD) 2 » DIES R ER LE M - BFFACR

$14R#£24 7



FE7~ » H L, Random Forest (RE)FEEAF] 2 62.6%IEHER R RRAE -
® [HCG23-07] Inverse analysis of turbidity current by deep learning: application

tooutcrop data

EH A B (Turbidity Current) & 2 8B E B HHR  FrASEHAS Hajime
Naruse FAStEIERBREREERER R THNERNER D) > FREE
5278 (Supervised Learning)fJ5/IISRFETRIEE » EARER BRI A/ (Turbidity
Current) TR - FiA S BUE B EMSERETIISR - DAEEEES
8 WRARTFEACEREVRE ST - RRRRSHEEGUBRE R IEEE
tb - EEREEER 8 - HEYESTERE RS BRI TTERMET2 8
BERANEERR B4 R o] AR ERAIAEMRY - BERES
SR BERE LR  ERESTEIIEE T RARIE ¢ 55t > bt
ZeIN S B TR A 5 AR O] R A & R U6V E S B A2 (B K LR B AT 2
a5 - EERTRREEERATIES -
® [SSS14-04] Development of the damage detection method for buildings with

machine learning techniques utilizing aerial photographs of the Kumamoto

earthquake

A7 B ABI R HERFLEA SEEERAETAFTAT - Pasco 82 Mizuho AT E
&% TELREAHBNZEARE REE - FIFHREEHEVM)EEFRHK
HELE(CNN)REIAT » 43 BTSN B R S HEHIIRAIBR SR E SR - EMR
FREHTHE » SVM RUIERIAVEFEAERERE EE 5 74% » CNN HIEZEE 92% il E W&
FATEIRELE 10 S8R 1,000 BEESEMRVIESAN - RILEB EIRRMTR
BREREE R SRR T I P SRR, - DAFBCE BRRRE B 3 e

(MERREER

FEE SR IS SRS T - iR R - EEBRHERTY
B BEERESTNEREEEREE - CEHEERR  AIERESEHR
BERENHAEENAE AR SR EES TR PEATEREERT A MU
RFHEEERE  ET g P AEREEST T T :
® [MGI28-P02]Speed-up efficiencies of an SPH code with FDPS on GPUs or

PEZY-SCs

AR TERSHSETHSEDEERETETHER  RUERESREENE
ZEEAE - DR R Eas /2 (Smoothed-Particle Hydrodynamics, SPH)
B2 3ET AR T 2 BE R B8 /1 25T > B Gingold I
Monaghan(1977)f Lucy(1977)2 » BFIFIRRBYEERIE - HITACHKAR
HEMEES  BREARYES  BES - KIBEFEE - B ERER
HIRIF&EA H 5 AGN AR LB R — e 8)) - I B 73R8I RE F LA St 3
RENEENEERTRE - i EEREHREAEY (deformation) » ZEHAK

FISA#£24 7
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(Multi-component)f{l 5 #& % J7(Self-gravity{#&: - AR SPH (YA SEMERUA X
HETPEAMN FRE - AtEMHEER R ERNERE - {2 » SPH BEENER
HUEE AL - REAEHESHETERAE - BABIIARRSENSFEHE
W2 AR 8RS T —(EN RS FEDPSHER » TTHEIHTILERER
R FHIB(EIEEE - MATEERE RERFTRN " hIBESS | (B0 GPU)% SPH E{THI
- A4S & E WS - B BRS T —EARR T TH SPHAZR » o]
FEETEEE TS ERA GPU 5 PEZY-SC #E{THIZRI SRR E TR
& - ERETEFE FERAE E B A BRRRGES - AR ER BAYRE » TTEREE
{55 F Z 4B AR 7 SR IRV BERUR. » 5 RES | EAE R R e RE e AR U AT
BRHZE LA EERGER -
® [STT51-01]Acceleration of crustal deformation computation using GPUs and its

application to stochastic inversion analysis with geometry uncertainty

R BREEEE R T B R RS A4 B A ROV RS
5 - RS BAFCIRI A AT T A ETIREE - K B ROt ERZEMN -
SR » BT AIERZCE AR R =4 (3-D)EFRTTR(FE) J57% » (Bff{EHReS
BH=EIEE AT EER B ERERNER - 15 BEB R
B8 BT BBt R SRR 0 - HIt - HREE
%l F e AT = S R R B TR R B 5 B M AR A R TR T SR eI TR A
BB ERKAENI - ERGRXOTEEREE » HOTEEANR
1000 x 1000 x 100 A& - HEAENESHEHFREHERBBERE - FERFR
ER#FaaIsERt: - BURIBERNBSY - FEZEIGAEEESE
10,000,000 {5 (HEE(DOF) - £ T EEA RV RN EE ML ERRVETREA - B
F[RBEM R BT BENRERERSETE AR ABANERE Y - Edst
B KESTREEERARSEEENKRE - Rit - RET—ERMETE
HRPTERBAG AR EEREERNVER - STHRBA T HEE
WHE T BE  BEESTHRE RESRE - TELSERERSTREER
RREE » HPaBEMEHEE - SEARTIRA - B2 - EEERNGTRERE
EURAFTREYE T EARE - 1 GPU BRI Bt ET B8R RER - RRE
BERARERHTTENBESER - #8 GPU (IERIEAAFIR RS
& - B > GPU s HEF 2 EECRBARAIRG - REREEEGEEERS
HEHERE - LLOAR ERY T —EEREAS GPU WRRER ST R R E
R F7% - 1R3E GPU BURERBZEREZREIEEEL » A5 AT Element-by-Element
HERBFAEPEETEREARANMIERE O BREER - K THRZS
% WO SR RERE S ST AR T B AR E T FIREE B - I
B T HAHRALER - WA RR T 49 8000 & H HERVAMRTTRER! - 515 T 360,000
I 537 (360 KN 5347 1,000 A EIETA FRTTREE)I T T B =S
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it - BB ERETERER 9 X BBERAES 16 {# CPU(Intel Xeon
E5-2695 v2)F1 64 {i& GPUNVIDIA K40)5y GPU £EEFACGEI T - B FHIRET
ET 1000 {EEEEES SRS FEEMNRREE  BHRERER T
HER 13% - ERFTEREFPOFEERRFERNRE - ARERER
BE S i FIMERRAIRE D (Lol - BRRIREER A T Ry - FAREL
By A E—{EARAVR R IEEE R A R A R R R R E 8 57 ke
it - WO BRRERRNZET » Ho]ERNE B REEHEEE L -
Zif Pt GPU AHBREYERSC » AR BRI RAGAREEM GPU ZHmM&ER
RS R A A A i B AT -

(R)PIEtdE

REE B RS S EAVE RS - AR - KW -~ BKEREZ BN
25 RIFEMBERTSER LEA SRR TEMTT - 28 > EAEREHFK
W AR AR B RGN - it S BT RENREETE -
it BUAWEREAS DB GET » BB S REIARH R H(VSATERE
B REEEBESEGCREENTHEH - SHREEgEE T BAESIIRE
SBRFRAE - BB A SR B P AL S 5% » AR
et Z ST -
® [STT50-P08]Development of a wireless telemetering system for urgent seismic

observations by using IoT technology

HARILAZANHEEIRFS T —ERENBILEE RS - TUESMEE
A FATFAERETR - FlIFH NerveNet 245 (XM 10) » ZAGEBENEMETHE
& E4HBERBERSEGIRER - Br5RE - ERRAEDR  NET - &
B A48 NerveNet (FHli=IFH - 1045S HHRHEIRRaspberry PHEY/NEEATET
Ei% > FRAR LoRa SERB(S T EAIEAEIT RIERIE(S o 1 LoRa SE&RE(S
fEXER LPWA(EIhEBIREES E) - T HEEREGEEYY 10km)SR{EE(292bps
~37.5kbps)EfTHE(S - BBE RS RENERGETS R > WHEIREH
FEHAEFGRSAHIEASIES 5 km DINRILE 2 fE o] DUEfTERE - (HERE
R R R B E TR AR (~9.6 kbps) - it > WHEEAIH
HEEEE R FRTBIE R4 - KT RRHEE NerveNet 248 H50E]F
@k > WiEBNEEBEHEBRERTIRILAR - EERSEZBHEGENZSR
FEHFRSERAERENS  HRREAESTIEEARE » R
TE AR A ZE R PR (E RV B AR i R R GRS R0 1) - ZbTFER
AR ERK R ERS SRR RA RS TERITRYS RIS AR
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Intelligent video surveillance systems have become a vital part of the environmental
protection systems of the public security. These intelligent surveillance systems can help
prevent threats by offering an early warning based on visual information from IP camera
networks. With recent advances in the field artificial intelligence, an increasing number of
intelligent video surveillance systems are applying neural network models for training and
analyzing videos to achieve the goal of object recognition and object tracking. However, the
architecture for conventional neural network training requires a large amount of manually
labeled data to train the learning model and to analyze the object automatically. The high
computational cost and complex training process make it difficult to use in real-time.

In this study, we use a foreground detection method and behavior modelling techniques to
reduce the computational complexity. In order to recognizing object events in continuous
images to infer regular or irregular behavior, the proposed system utilized a foreground
detection method to locate the objects of the image, extract the features of the objects, and
analyze the features and to model the behavior by machine learning classification techniques.
Several conventional methods such as background subtraction, optical flow, and hybrid
foreground detection were applied for foreground detection. However, these methods are only
effective in controlled environment. More parameters and features need to be considered if
the system is to be used in real-time scenarios.

We followed the ensemble learning techniques to ensemble different foreground detection
methods in this study. The detection methods were applied to different foreground detectors to
detect foreground information such as momentum, dynamic background, and static scene
clues. Next, the proposed system computes the scene indicator, learning rate, and weights of
the detectors. Finally, the system uses the ensemble learning to integrate the adaptive
combination of the detectors to so that they may be used in complex, real-time scenarios.
Furthermore, the feature extraction algorithm can be applied to extract texture, color, shape,
size, and motion velocity and regarded as features of a specific image. Although all features
have different discrimination ability, the study considered computation cost and the
characteristics of physical world to select the essential features to improve the behavior
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modeling. The proposed system can reduce the computation load by using few key
information. After extracting key features, we applied the support vector machine algorithm to
project binary data to the high dimensional space using kernel functions. This is done to
compute the maximum margin of the hyper-plane to learn the classification model and judge
irregular behavior.

In order to verify the performance of the proposed system, we used the UMM, UCSD, and
CDnet 2014 datasets to conduct a series of experiments. The experimental results show that
the proposed system can not only detect the human movements in the foreground but also can
detect irregular behavior such as abandonment left in the environment. Future work will
involve research into improving accuracy, flexibility, and immediacy of intelligent video
surveillance system to meet the complicated environmental challenges.

Keywords: Intelligent Video Surveillance System, Ensemble Learning, Environmental
Monitoring
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