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ABSTRACT

Natural disasters are often unpredictable, in that they may occur
anytime. Such disasters can cause significant damage to infrastructure
and have an adverse effect on human life. Therefore, instant messaging is
critical for sending out early warnings during and after a natural disaster.
However, in the past, when a major natural disaster occurred, the
government would often be burdened be excess information and thus
unable to effectively transmit warnings and deal with a disaster in real
time. This study presents several contributions to the future analysis of
large volumes of disaster information taken from social media during
emergency operations. For any social media comment, the relevant

location can be identified.

Keywords:Social Media, Machine Learning, Location Reference
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- e A R E A L w B 2 & 4 (Text Segmentation )~
#-2 o & A B F B 7]~ B 7| e Zero Padding ~ One-hot Encoding ~ Word

Embedding - & #-3 5 Rd® % en ol @J PR SRR TR o

3212 * A2 kF R 7

2 & &3 (Text Segmentation) & #— @ 2 F a2 § BF &
amﬁwmﬁ.ﬂfﬁoﬂwﬂ“%’* Jieha k¢ =1 B> AL FHFI1E

Jieba #_r2 Python 5 A # B kY < &4zt » & 4 @ % 4 SR

JigFe R AT KGR A AL FHE] 2§ L KSE

]
e

b
(7
o
>
—
N
*ﬂ?at
\\3
@
O
D
3
&y
B

PR G EAY 2o T AR 2
AREEFERL AT ETERFWY > nF o s @I TR AFLINA
2% Ay % Jieba & iEarr @B 0 112 Jieba ¥
CREATRHEY PR I PR G R E AR o BTl
* Jieba g7 A F @I o7 ERARPREFL A F LA K AE
TR ERAFORFEZTINRG IFRL 0 GAAF LS LFH

B BRLPEE T 50 A0 R AL 277 1 ¥ Jieba &
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Jieha i p 37 g A% Y LR EE AL Ik WL E L g

#m P F R - BB L& SRR (Token) 1
T — —}!}Z\I‘h{j&—@%;‘: ﬁ-ﬁ*ﬁ'*’- l]}ﬁi%ﬁ;yl y ,g {& g‘mP,} @m

FAFERZ2 - BREFTHEE A9 ARG o0 & § IR

3.2.2F 3] ¢nZero padding® One-hot Encoding
FERIIER KT AR LT EHEI TR BT
dv g (Token) e € #FME RT3 T B 7 £ =
S e et SRR AL R T DR R REAT RS
gE B - RO JI* Keras kg5 84i8 {7 Zero padding 1 i® > Keras #_
12 Python 2 A#H B IRA SRl > 23 F A ERARERTLER
g 2 o AESRTERDRI LT GRIE A S HRALR

R RS Bl g a g g A+ 0 Zero padding £ 4p #- 0 et

\V‘\ﬂ

'?’ iﬁ_ * 1];@3: ﬁ,.}lj\:J ° l;lj—kr'r/{ Lﬁk j@;:j’-ﬁ;}l m—;\)it;; 10 &= LLL-E

PIg T nE RS ER S 10l A7) ER S T licF A 7§
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bw Gt 3 05 K& G 13 Sl A IR § #ATE
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A ¥ o Zero padding shi & peh3 E4F L 50 00 @ A& 4 gkt
PR T E R AR R G AR 0 TR SRR Rl

02 PR FIEE ReHZ B -

% (Encoding) m ed® b § 7 fs - 304 o 4 AR SRR
S LA TRRIANA e S R R i A MR R S AR D
WRER ST R R R R T A TRT g P

W E R E W U EE S hE & 0 WSS x4~ 5 Label
Encoding = One-hot Encoding - Label Encoding 7 — i 48 ¥ v i
¥ A OiE* T A fpdcdy 0 3t Label Encoding € 3B A s el 2 3 ER M
o TR E G BF A LB blded 2 BOKESY R T A
¥rig o ¢ * Label Encoding #-= e sfw] A~ fe— BHcF &7 A5 %

=1’EJ‘}f}:Z”FfPfé‘_:?J’j»gﬁ/n\ﬁﬁﬁ;;%ﬁ*ﬁ“'Ef}%‘*»l’s?fffi’ LA -

4?

d

Tk

WKLY LG UER & o] 24 o 282 % 1% One-hot Encoding i& 7~ &
IlcF o i > J* Keras k{584 i& {7 One-hot Encoding =1 % » 3
SEEHTRY 01 F R R - AITREG AR S 1 F 2Pk
O AT REG AR - AEHFTIRG S

« e —_ /7_ 1 oyl
LI A5 Fordy @ gk b

i

P R RE R 1T R
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3.2.3% “’$ » (Word Embedding)

BRA SRR AESE T B ZREAEF LT AR oA
Kumar and Singh (2019) # * Word Embedding #- Twitter 4& < 1% 5 %
g ~ > Word Embedding # 7 F# f ¥ aniq B A LA DA LA
Bd ke 47 0 XHAPNE RDFRANEA M £ o
Embedding Layer £_Word Embedding &~ A& & g + ¢ * ol S

R F BB e TE Y - Embedding Layer * Al i g g eh

ée

Wrge ¥ Ko B3% 5 2 (Backpropagation Algorithm ) 28 #¢ & 4 g,
PEE R - i &g p RE T AJLE 390w £ (Goldberg, 2017)

*F 7 4% Word Embedding #-#icF A 7| 3% = F B £ 0 1 Keras

BEt -k R KE R BT A ISR R KRR DRI A A
Jt‘;na’_m;?fﬁ'goxﬁ qu'_}il_a‘n3,'§’;’»k— a:_%:gc_,

N

#F 57 &4 Keras # i  Embedding Layer &J2 (s » #&5 5 7|7
i e Mg S 3R £ o0 b ek B € HETIAP R o
we g o

3.3 & w&# 5% (Long Short-Term Memory)

£ =¥ s (Long Short-Term Memory, LSTM ) &viimdy i 12 %
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I+ Blow e Fx g g ¢ £ %P (Olah, 2015) - LSTM £ JaskA4? (5 %

( Recurrent neural network, RNN ) =z ¢ - RNN 31 sg«ju&;? (Recurrent)
SPEL 1 N e B2 e o ek ) R ARIE A TR
PLE G F M e RILfEY T E PR 0 A AIZ A RFF T L
( Natural Language Processing, NLP ) =% 3 + » B B i L aoas st
T F T R R R AR PR OLR S o TN b
2L RNN 272 A2 foif R RV B 7|7 AR frat B2t Eend R F 2o
AT Al LSTM 5 T4 & o S fisq] > LSTM aafr w4 2.3
BH P (Gates) Kipdl# g~ 7 bR ekl SERFT

l};'&——,;\_f{m c]@@lgq 1?"‘. % B 5 = =) I—STI\/IE‘n f#‘

© ® ©
( ® ) ® @ | - ®
() X o %
Lodstl| | o o]
/ J J

Bl 5LSTM % -
LSTM i & R ® 5%, & &~ 5 = % - Forget Gate ~ Input Gate ~ Output
Gate » ™ 2 — x4 w4 gk G ehCellstate » % - 3¢ 5 A2l §
& & Cellstate # 3 > o+ ¥ Zx 1 & % 15 ForgetGate *x R 7 1345 h,_4

v x; t Cell state C,_, ¥ 1 * sigmoid function é@l At 04l 2
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FlF o1l A T2EgpriEd »0RL T2 dptige -4
¥ fi % % ForgetGate ; W = ## € w & ; o sigmoid function; h;_; =

Wt Cell Sy d 2 o f ix s Al r K s 2 b

BobihEEe $-HIT U T IWEAT B 65 F -

R N ) I
fi=0X (Wf X [he—g, xe] + bf) (D
s T
ft
ht_{
- /
Xt
B 6LSTM % - % 22 77 & B
f Ml aﬁ.ﬁﬁ T rr T f Cell State ™ & REF o8 3730 4 > & F Input

Gate ;- %_{ #7 » % 4| * tanhfunctionz* & 1% & C, o # ¢ i, £

InputGate » % = #HZx7 % UT 3N~ Q)ET B 7T 5% H

R N ) I
ip =0 X (W; X [he_q, %] + by (2)
C, = tanh x (W, X [he_q, %] + bc) (3)

30



i
h,_,
\ J
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Bl 7LSTM % = # 382 7 & B

¥ = % AR Cell State C,_; { #75 #7 Cell State C; » ¥ 2 2

WA E Mo »RTIFEE [ X G TRREE
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S
=
@

fr

She

BT o iﬁiﬁﬁ’f’l?”” NTF 2 AR N(3)& T 0 B 8 & Aﬁ::*b.ﬂ?
27 %W
Ctzftxct—l_l_it)(ét (4)

Cer(” N Ce

v

B 8LSTM % = # 22 7 & §

e hFAT o F R

jﬁﬁ

» 1% Output Gate 7z T_& ﬁ] q
Cell State srwmit 284 » ¥ H*+ %% 2 & ch Cell State C, » i i tanh

function 15 > #- Cell State # & 1 -1 4 1 2 & 2. & » & {$ ¥ i f- Output
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Gate %k fi 7 3

‘—-\)
o

H ¢ o184 Output Gate » ¥ 12 % 3 47355 (4) »

G)=st#7 B 9 FrHHI T RLE

0r =0 X (W, X [he_q,x¢] + by (5)
h; = o; X tanh(C;) (6)

h;

s \

0
he_y i h,
o 4
Xt

B OLSTM % = # 22 7 L
331 fRits LRBAR L

g-%t LSTM 20 Rz cnfi ] 18 (7 R15E o 1% RIE TR 17 et 03

T B R R 7 TR R

\\3

CEFARR FEY TR e T B

PR AR AEE S Ty o F 2Rl TR o A R A
i T3 g FHE ¥l T3 g3 &F41* Jieba
dre iR A Bse iR ko Jieba avddRce a5 AT I
P I AR EGY S ¥ % #04] (Hidden Markov Model, HMM ) #5321 3
RN & T R AL PRE EFPR OGP P AR g

Wiz i A B G AT A ke 2 s HON P ke 2
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BRI G R AR LG s A Uk B8 (Finite-State
Machine, FSM) crhfkie = 2 et S o fis= 2 - A7 7
B en Jieba SR e et B BB Y A S sk S gk 0 P

MEOT A RRFE* A 0 < B35 o e okl ok

FoehE ek Lo bldc TEBEBER D 5 FILEBEE L

BeF D e LR S > A J1* Google Maps #% ik
Geocoding APl k&L= 23 e i+ > Geocoding &_#-3 ht #& 4% 5
TR AR R AR > W L 3% TR e [B] P A Rge e T B o
B a5 kA 8y fiE Geocoding APl #-H s 2 o R
25.0173405 frig & 121.5397518 e 32 k4R o AT 3 {1 * Geocoding
APl HFx 8 p > TEFD S BaEpaI@ g UEFL- T8N
Google Maps ® 4 {7 — 3 htcf* AF o
3.3.2 f&i=(Label) & ]:'Uiﬁ e 51

& LSTM # g pfcdl s s a2k (Dense) i * sigmoid
function kB FESenE X A %E > F ¥ 30 A LM F BlE Y 20

0 ¥ 1 2. & » sigmoid function ¥ 2 * = 42 ;%(7) % %
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1) = 1+e™*
AFETREG A BANEN - LEHET TN G E G LA
ToRAEeild pRELL LD EREFT I PG ¢ g8 80

3.3.3 3 % S #k(Loss Function)g & it % (Optimizer)

A7 R F - 2R 2§ (Binary Cross Entropy ) § = 4fF % &0 e
(Loss Function) » 4f % S fic* >3- 5 ﬁi%l VAR B EeIE R 2 B e
AFE B A w4 > B35 E 7 ks 3 0 2 R BUadE A

FI B - AR RFFUHE 2ARNB) A H Y oy ey B R AR

_ 5 | 5 (8)
loss == p _ Yilogyi+ (1 =y)log(=73i)
=

L e i it BB (Optimizer) o ] 4ciE s 4R B T "8 2 (Stochastic
Gradient Decent, SGD ) ~ Adam 4= RMSProp - & {& $% 1% PliE s % & &
s Adam § o AR PVRA SRR R E I B ER L Sl

E

2

—-\\

\\xr

fr

‘-\\1-

BB o kdF A S E A S E AT S .

34 BHA ERE

¥ FF 4 5 4§ (convolution neural networks, CNNs)£_p # /% & %
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PHIFY RN EA P SRR - AR A R B
% R AUk * o CNNs chiBhz — £ % F & B4 ch (o LB A2
CNNs = 12 E 42 » R 4o g 7 - & PR IR 1T o ] 10 #7
7w » CNNs ek & JF 4 > & % F dew 4 3% 4 5 & i (feedforward
networks) 7€ #.47 o7 » CNNs o - f[Hi%] ~ & (input layer) » - lei%J ki
(output layer) » % ¥ % “£ & & (hidden layers)#f e = ; "Z &Kk ik I e it

v

PR E A LAk

s v

R4 % — 384 5 & #c il Bl & (feature detection

4

layers) > # 3 & d ¥ 4 & (convolution layers) ~ i i & (pooling layers)#¢
P o FHHB PRV EMR T REE - IV UHEINFHET B &
s ¥ 2 384 5 i & (fully connected layer, FC) » ¥ #* kg {3
PO S P AR P e E R — K o R e Akt R Bl ek A %

SRR o 1T BHEE A e ) M

Input image Convolutional layers Fully connected layer Output class

A N
r N 7

Convolution

B 10 £ 44 B A 7 12 Bl (Rawat & Wang, 2017)
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EHRACHIEET LAY kg EHKDITF T - Bk B
(filter)é"ﬂi%J »RGIEFTEFE Y > TOEE - 5k F SR B (feature map)
ERmERY 5B Raypd BT LEE - B EATRE B 11
i h - A EL e B 11°¢ 285 - 4] % 32x32 ¢h3
AEA Bl S A 5 5X5 gk BEFEFIL LV E
B %] i 32X32 AR R TR 11 ¢ L d ehn oA
THo FET 107 Fajpik B B 7 & F 10 5% 2 Ek Bl (Dertat,
2017) - FiEpBBEOLEKF > EHAELT T A48 CNNs #5 o
F M T R g 2 M (local connections) 2 # & = 3% (shared

weights)(LeCun et al., 2015) = j€ R ¢ ¥ 125 Fljgak B 5 409 ihehk

SRS S R TR SR S X

receptive field) » @ 2P sx M plenP BT ¥ © ARG ANEBE F
F

<

FARM L A5 P CNNs #F B3 £ % ki 7R grrai & R 7o

1 F 5 B %2 (equivariance) > B 4F rA_F B2 P Bx R ehd 80 %

-



i 5 CNNs E4P » 38R e R E € 51 54 - K1
i+ ¥ = (ReLU, Rectified Linear Unit):& {7 #& 4% > ReLU & - f& &
ik S LR 1F CNNs e f -3 ¥ { 2 5 »uid - ReLU Sniic

L RREE - F BRI 0 A B RIES B o

Bl 11 %4 &85 ;* 2 B3> p Towards Data Science % F)

B kot itk ena & F A% 2Ea 4 E P-4k (downsampling) f§ i
=K mﬁ%] Ao v VE MR AT T DR A R BliC P o AL R AR j\'JF]: )
PO ARE R R - BT RERNE - B A4
PR B P A B S B R G ) TR R
1+ (invariance to small shifts and distortions) » F] ¢ # 12 3 4c 45 #c P e

Ao - SICNNS ¥ Bod Behd fi L 3hE S N S Bk @ i
(max pooling) 2 T =i& 4 1t (average pooling) » H 2+ 5 = N 4c@] 12 #¢

7+ (Rewat & Wang, 2017) -
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Max pooling

Average pooling

B 12 # it 5+ % Bl(Rewat & Wang, 2017)
2R B OCE R TRI 0 T R i 7R R

BARE o AR Y 5 - 23 %A (fully connected layer, FC) » 3 K

BAKFES S A ST R R S LTS K
- BREFSCNNs FHRid ¥ g 835 S S A~ R R AL

— A NOREE 7 B E s gk chdE fi(lower-level features). g
B g (s RIE T E K adri(higher-level features) » pt &2 g 22 R P

SRR R 5SS ALAR 1 £ che blde e f? 08 2] 5] e 5 4 (edges)

SN

L _
S

—\

P s - 42w A3 - BB E(motif) @ F B E VT 12 B

W

F (part) o # e £ B - AL3RA) S - % B ehie 4 (object) - &
CNNs ¥ 2 # it {7 8 (e i & chil A PEA o
35 @i

351 =~ F & ix

—

*EF R B2 AT AR B L8 T BRI A TR
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BAnifo FRUTMEPNGF S E L B EARE S HAMH £

TG AR TR SRR T hRE R

e
*
75
b
,‘@3\
R
3

B~ 1 %k > @ * Google Maps 7 Geocoding API ¥ 1]
L BRARESSER > FRERRE T
352 ik iz

AP TRITF G 3 g Ad AP T TR IEZ B RS

A PTG S A SRR TSRS R E B 7 R (POI)

P4

LA R HEEAET TR G B e F L 0 0t et U R

2 AS 4o ily 2oy 44 2\ G228 e 2
\:31/2—‘— Z Bz I_‘l:_l’\%%;fé I 75’3\‘%’/1%"\' 7o
)
A '

e
'ﬁi}"\v . ?,:;

OO
s
....'I

P Sl oL

. J

e > POI ¥ fif
'L FARELL
POI JERHE B 0
POLID |25 IES Fd ligrs it

1 [7-ELEVEN :BHPITT 121.530418 | 25017671 fioeeibi A aE Hirtms —FH2458%
2 7-ELEVEN [7-ELEVEN AP 121.540573 | 24.983211 |23 13T IEr IS BEAERE 1958
3 £ SREFBESATIER | 121536089 | 25013946 | 1065 0T A2 E BRI ERE TIERESHE
4 =% SFETIESEHIEETN | 121541072 | 24983364 |23 B IEATSTRsE FiERs 195
6 [hnipssh |l S T R B R, 121.537406 | 24.981288 2315 IERETE R B IERE 21085
7 |DOFERSE | ESCGar i 121.540124 | 25.00541% |1 1630 21 LR BIRERE—ER 1305
9 |Doess | STECIHGTE FEREE) | 121543007 | 24.079957 |231BTICMHTEE A EIRE = F8 13168
10 [k (2590 = SN s 121.519886 | 25.014234 | 116835 301 I B fRAdpE—Fa 538

Bl 13 ¥z 7 4 B
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YrR FRLPH

"

L4t LSTM iz ehfiedlie Tl AR @ A8 2 &
£ h AP T TR /8 2014 £ 3 2020 £ Ak 4 Rk KB
¢ PARFA AT S e R e TR R RA R SRS
AFE R PRB 2 2 FAL MM AL BE L 61,082 %5 TR LR
¢ 4% Facebook ~ Mobile01 #3 ~ PTT 7 & i 2 1§ ~ ETtoday #7# Z -

HEPHFTEIME P FL I -IFEFE -BEATER P I TR

R Rk P R T F AT 10,000 i #F R
Flehdg+ £ B 1315 @9 £ R L 256 ; LSTM ﬁi»%] e & 2R
1280 RAT Mg 2 TRLA G 80% TR T B e 2000:175k 18 7 AL
85 % e LSTM #4] 1234 8 + - (Batch Size) 100 i& {7 jp|2 ; #°7
ek #p #ic (Epochs) Pz 75 10 -

41 =2 4
~ & ¢ * &g & (Accuracy)# Fz & (Precision) ~ 7. w 3 (Recall){e

F1 4 #c(F1-Score) ¥ =& 45 % k=& #03] ch4 3R » True Positives # 77
I Fx e = 3p iR 5 True Negatives # 7+ & Fx e f = 3piB] ; False Positive

F. o1 45 et o 78] 5 False Negative # -+ 45 3§ » 7R 5 Total
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Examples # 7+

AT eniEA Bl U T SR BEfpfRanim B
g R A BT

A AT KR G ) e T
FHAE AR YR BB A L oo T3 E e 254 (9) 4

F -

True Positives + True Negatives 9)
Accuracy =
Total Examples

AR 3 FRID 9 )T o F

> #255(10) % 1

e S

r]j ’ j:’ ‘?‘—L _é; ‘liL"
o True Positives (10)
Precision = —

True Positives + False Positives
P AR REN L L AT R RS S 1wl F
T E e A (1) £
R Il True Positives

ecall = -

True Positives + False Negatives

(11)
F1 &gl e oy g AR &2 4w 5 i tldpth > £33 4o
2578 (12) % =
F, — score =

Precision X Recall
2 X

(12)
Precision + Recall
EREZEY Y £ (Confusion Matrix) £+ 4L i 1 &

41
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@f e RlE TR E R EERT o ¥ g A A A R A
gRrRAAELLAFFIER B EEEA - HER 2 Y FFLA
Bk RR AR R A hE R S BOR Rdc A TR > XRP F gy

LR S s s AR

'? 237
AR R AN A ¥ AE¥ L EIE

TRR S &

AR IS AN 4 C11 €1z
R S Cas C22

BRER G U7 TR R RT3 B AT A
Cll + C22
Accuracy = (13)

C11 + C12 + C21 + C22
WRERGIEREE ST T3 ¥ L r PR T s LRERNT

CE AT P E 40T A

e

. c
Precision = —2— (14)
C11+C12

P FRRRENE TR L R R T BT Y

Recall = L (15)
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F1 & s ¥ B3 R R &2 2 v 5 oMtk - 32 5 4o 97

Precision X Recall (16)
F, — score = 2 X —
Precision + Recall

\z;

£ 45603 & 4o 3 TR BH T A 2 R (T 4B o

{
\

BRIZAIHE LGP ETe g0 LR R FAFTIRT O 2

il

Flp -t g A itkie s TR AT R ERT T § 58 L

A 30B82ENFTHRT TV LG ¢ g LR R B RATRA

5 80% 3 T B fr 20% sk TR B 0 X % 10,000 Rl E

T

BRICIRE 2518 £ nTHRG ¥ ¢ FH LRSI TAR LT

o

BFT Pt e 50 AR 4 5 5 AR

% 5LSTM 3% %

ok Lk

| AR RN TTRE LR
A Z5%
A A 2,147 202
A SRS A 431 7,220

d & 57 @3]Hrg FpRE AEen o 5 9,367 £ B F L 94%;

FRIESE LT T F LT DERRNT TR LB

P

BTl s 2349 % > HAEA 5 91%: FEF LT TR L H iR

KIS
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R 0 DRTERINT TR E L R TOR S 25784 0 2w F
5 83%; FEMmAIoL v X EF| e FL Al 87% 0 B % AT K

WnT A ko BT RS B 4% BT T Y § R

N

e

AR AR FEANY B0 R ATRIEEZT TR L p R
ToRw e S i 91% > % ot 32| (False Positive) s 5 7 B

AR EERE AT TG L EERERT o HAER R e v

% 83% > 4 77 ik F|(False Negative) 4 & 4p g2 e S ip ¥t 3

42 FHREIZFREHFRB L VR

27 RAA R ECAFER g% e RIGREE M PIBRF R

7

lf“b

AR ERRIARBE S LOTREY THRAOPLE >+ 7 UGB

SRR 18 1 B Ao BEANSE Rk Sle PF O TR TG ke ki 4

R E S WRGHE LBt 4 EER
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A & 4 %[ g * 10,000 ~ 20,000 ~ 30,000 & 7R FHLE o R &
KRR SRR A P RS E RS F LA RERE
5 FREFRF PR L F LS 20,000 £ o A BREEVR TR E &
10,000 ~ 20,000 ~ 30,000 & pFenfg s » £ 6 5 HA F B RF R
PPl c REAHPRE NI RRARRE BVRTEEFE

% 20,000 & > & wipl3EP 4 £ A 10,000 ~ 20,000 ~ 30,000 4 pF i Fy

lf“\ﬂ

Fod T FwaE oy - B 14 57 F P L

PRTHE # PR E LR
406 3P RT AR B e

AT E i 5

10,000 £ 85.41%

20,000 = 89.08%

30,000 % 91.03%

WRE I g I
10,000 ¥ 88.74%
20,000 % 90.25%
30,000 ¥ 89.56%
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20%
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85%

80%
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2 7 f1* Google #7# &1 Vision APl 2 AutoML Vision & &

PRARE (7 G pat cnipl3 2 1L B0 M BRE AT R L Y AR S

i o Bl 22 97 LA FEIRIRE (T GA Fr e fe R H A B poeng
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Al > w Sg s K ARG 2 K fpiat Cloud Vision API > AutoML

Vision s 3| Bar B B 0 oae L B 2 VPO F TR B R o

PUT R A PRI TR R AR R R o

5.1 Vision API
Vision APl % Google Cloud rRix+¢ 5 B > Al & Machine

Learning & 5-chH ¢ — B> H &+ Google T pF 1 & chi (fFF L2
M- A WA R R R gj&l)\ Tl HCA PG A BB
?OHE I Ao RIR P hiB R4 R R AR IR s H T U P
B H? ehe F o L ¢b Cloud Vision #% i RESTAPI i=# 2 X B { %

% LA R U ] A (7 A 4T o

B Clou . N
Q-b : Storage ? Pub/Sub | R K

e Visicn API &

O vwrn — — @@L
Bl 22 Google Vision APl 2 AutoML Vision § 4 47 7% 47§
-2 fz»j;-l ~ 1% > Vision API #1335 Google Vision = 5 3F % 2" JUiE
2R R RCRER - T SR A S T@?]i' %% ¢ 34 i* (objects)
& B R4 (labels)~ 78 #-(logos) s~ 45 1 g ix (web) + 5 i e o
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7 2 F #(document) ~ B2 a4+ (properties) A 47~ R E > HEF
(Safe Search) + & f& #-r§ 1A 1746 % f B & JSON 5% i * &
~H i r o U 23 ¢ g Bab kBl B 0 Vision APl iz BB
AR (| A ) kB S 2 #5Y (Mode of Transport) ~ ™ & (Rain)
7 (City) ~ & -k (Flood) % # F & 55 A ; & £ 6 > Vision AP
PR R E Y 23 & ¥ (McDonald’s)=hp 4504 1 & % i 95%:
4o B 24 Sror o ?F%ﬁfd Google B i3z ss 50 » Vision APl # i jp] 2
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T
o

Objects Labels Logos Text Properties Safe Search

Mode Of Transport 86%

Atmospheric Phenomenon

86%
Rain 83%
City 80%
Metropolitan Area 7%
Urban Area 75%
Neighbourhood 71%
phpwCpPNL.jpg
Flood 70%
@ 23 Cloud Vision APl 3% {7 % %
Objects Labels Logos Text Properties Safe Search
McDonald's 95%

National Central University 56%

phpwCpPNL.jpg

Bl 24 r2 Cloud Vision APl i 7 logos sy i %

64



Car 87%

Car 53%

(a) Objects

Dominant Colors

#5C5E43, RGB(92, 91, 67) 10%
7 T A
Crop Hints

Aspect Ratio: 0.8 v

(c) Document

Page 1]
im

BERE E& O

-
(b) Text
Adult Very Unlikely
Spoof Very Unlikely
Medical Very Unlikely
Viclence Very Unlikely
Racy Very Unlikely

(d) Properties

B 25 Cloud Vision APl =% 34 7 5% %

Request URL

https://vision.googleapis.com/v1/images :annotate

Request Response

1

"requests”: [

“features": |
q
"maxResults”: 58,
"type”: "LANDMARK_DETECTION"

"maxResults": 50,
"type”: "FACE_DETECTION"

"maxResults”: 58,
“type": "OBJECT_LOCALIZATIO

“maxResults”: 58,
“type”: "LOGO_DETECTION"

"cropHintsAnnotation": {
"cropHints": [

"boundingPoly”: {
“vertices”: [
i
"x": 240

"x": 558,
Tyl 807

"x": 248,
Tyl 397

B 26 12 JSON #: 5% & 5= Cloud Vision APl =2
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5.2 AutoML Vision
Google AutoML Vision # & # z 7 AutoML Natural Language -

AutoML Tables ~ AutoML Translation » AutoML Video Intelligence ~ 14

% AutoML Vision > 2 ¢ AutoML Natural Language B3 i3 * 12

F A 77 it ~AutoML Translation p] ¥ 3§ i@ * 75‘ 7 Peid ends i i

@ AutoML Vision 1 & 3% &55 ~ el ifom T a0 o AP P chd &
TR GIERE 4% F)pt gk * AutoML Vision i 7 B|EE o AutoML
Vision £ 1T ;4o f] 27 #777 > g A d @ % F R F IR DR
Al (Dataset) > 7 1245 & & 2 M % B B2 itk 4t (label) 2 F % 3] google
# 1% 3 B (google storage) » ¥ 4 Google Machine Learning Engine i&
FHRR I RE (2 (80 2 (SMEP R F IR GRS RCR] A TR
fFEas o

Dataset AutoML Generate predictions
with a REST API

<P

g =2

Train Deploy Serve

B] 27 AutoML & i3 58
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(1) - BHP A S %
RETE A & PR G SRR B MRS (4 B ALPOI T

FLE S 45 N B L R L %0 107 ER A RP R

\

|

s RIFR P A PTFRROAER ¢ 7 su- AZF (Seven_Eleven) s > R 1R
J& (FamilyMart) ~ ~ ;B3 (RTMart) ~ 12 1 2 > B354 ¢~ (PXMart) 5 5%
P & RAEH R 5(logo)4e Bl 28 7T 0 E R ARBIUAT AT e
F & Hikst(label) o & 0 R > R E R E < iR R IRE
AIELPIRTAL - B 29 970 2 AR BT E OB RT M Z D
£ 4 > AutoML Vision & = - # 3 > Z W & 100362 £F + &

]

Gl B AR S o AR ke A -6 { BaE o

T

= I g F oy

FamilyMart
Seven Eleven FamilyMart RTMart

Bl 28 3 kAR op 2 R
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- :
amuIiMart

B 29 1} &3] AutoML =15 58 3 14

MR FHAR A2 S TE R FHCRDM 0 B 30 T 5 A
FEHAPREE > BEEN OB EFY S 2 - g AL
F R ez BI%A o TR (trainset) » %2 & (validation set) ~ 14 2
BleFf(testset) o H P 2l b SVl emd & TR R S RER A
R e S o o e R S A A R Sl e B

WA RSP G s A BIEE R KPR R R S R

+

Afa > BRERE T 2 FEVBGELR o I X DEIRT > AutoML € A
B P iE 80% ik ATV 10%H Ak EE ~ F1 T 10% % SRR - B
31 #fm & AF 2GS > B ¢ M m S (precision) & 95.455% > %
T s R 0 @ zow F(recall) B B iE 91.304% 0 £ 7 B L] s
F KL 8.696% c AW kAR AR A S o R EE A AR
* o Bl 32 B & A= R 4 42 (confusion matrix) & fliE A 4B

(error matrix) o
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Model

Demo_SuperMart_v20181125085248 A

Created Analyzed Avg precision @
1 compute hour 438 images j 0.969

4 labels, 46 test images

Precision and recall are based on a score threshold of 0.5

Type to filter labels. ..

All labels
All labels
FamilyMart Score threshold @ —_—
PXMart Total images 438
RTMart Precision @ 95.5%
Recall @ 91.3%

Seven_Eleven

Use the slider to see which score threshold works best for

your medel on the precision-recall tradeoff curve. Learn

more about these metrics and graphs [

Bl 30 % & 20 e am e g

1.00 1.00 4@___/—--1 @
0.75 0.75
-
§ E
T 030 5 050
S 8
a
0.25 0.25
0.00 0.00
0.0 0.2 0.4 0.5 0.8 1.0 0.0 0.2 0.4 06 0.8 1.0
Recall Score threshold

69

Precision (@
95.455%

Recal@?

1.00

0.75

0.50

0.25

0.00

0.0

0.2

04 06

Score threshold

Recall (D
91.304%

0.8



Confusion matrix

This table shows how often the model classified each label correctly (in blue), and which labels were most often confused for that label (in orange).

True label
RTMart
PXMart
Seven_Eleven

FamilyMart

(RS EE SIS & LA R S ENEES A e
0 W 33 5~ - R 2 RAAIE BRI AT A 2R

FamilyMart %4 > 22 & § #5 » — 5R:B 3 - Q7 R 1 > #3403

—

*| 5 FamilyMart %4 > 4o 34 > Bom 2t 53] v 5 s ez B o

Test your model on new images

If your model will be used to make predictions on people, test your model on images that capture the diversity of your userbase. Learn more 5

X
Predictions
Only top 5 labels are shown.
FamilyMart — 0.577
PXMart e 0.21e
Seven_Eleven - 0.139
RTMart . 0.064
—other— 0.004




Test your model on new images

If your model will be used ta make predictions on people, test your model on images that capture the diversity of your userbase. Learn more &

X
Predictions
Only top 5 labels are shown.
PXMart — 0.557
Seven_Eleven - 0172
RTMart - 0.161
FamilyMart L 0.090
—-other-- 0.021

Wl 34 Fhp RIS % ()

(2) 4 &1 p= &

% AutoML Vision sfe it x5y o B ¥ 03y peasge it

15 objects
Tomato — 0946
Tomato — 0939
Tomato — 0923
Tomato — 0883
Tomato — 0.881
Tomato — 0874
Salad — 0856
Tomato — 0824
Tomato — 08
Tomato — 0.785
Tomato — 0785 «

B 35 AutoML Vision g it id Jp|#5 i
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ATBFE- LR LB R R TR 4oB 360 H P
&30 F- AP~ 2 RICAIF R OK A2 (OkMart)~ % f % (HILife)

8 4% (Wellcome) ~ 7 2% 4% (Carrefour) ~ & % % (McDonlads) ~ ;g 2

(BurgerKing) ~ # # (CPC) ~ & # % jé (Formosa) & -

ok ®

 EXCE

FamilyMart
7-Eleven FamilyMart OkMart HiL.ife
i (O AR
UGy Carrefour I‘ y
Wellcome Carrefour McDonald’s BurgerKing
& =R s):
CPC Formosa

B 36 7 I R A H I PR £ A
g - A B PR R L R AR
SRR TR S DT 0 B 37 40T 5 AR ST B i
FALZ STH iR dk o AUtOML Vision & $5 - #7315 F & § 100 5

o 9B 0IdBARS R ki€ { B By
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Google Cloud Platform  2» Loges »

<> Vision ¥ Image 7 of 36 a
OkMart =

Okhart =

Bl 37 &% 7 iR T iR LA

=
s

\\\

Gt E R N TF R FRAID R B 38 1o 5 AR
Bt B - RS- R RFH R R K A
A= Ja 2 g SR (train set) 0 k3 & (validation set) ~ 12 2 B3 & (test
set) o £ ¥F 2% T 0 AULOML 5 34 3F 80%:5 A i& 7 20 3 » 10%
FNETE S FIT 10%H TP e AFHRZVREF > H P TIEHR
(average precision) = 0.864 - #F 7z 5 (precision) = 100% > # 7+ =t §
X m Low F(recall) 5 76.74% > 2 o1 R H[ s 5 5 5 25.26%
B & I It 7-Eleven f A& ik 2] 7 2 £ 20 Stk & ik B iR

PERCE TR
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e o B 39 éﬁ;?])\u?bf}%ffv‘ RF2-%RFFLT

A f’r)& w:,;i )

R TR -

SEE FULL EVALUATION

Models

untitled_15927572_20200622034440

Average precision @
at0.5lol

0.864
Precision* @ 100%
Recall* @ 76.47%

* Using a score threshold of 0.661

1007941889035658592256
Jun 22, 2020, 3:45:07 AM
131 images

Mabile Best Trade-Off
Deployed to 1 node
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Predictions

1 object

7_Eleven —= 083

Predictions

2 objects

7_Eleven —_— 0.98

FamilyMart —_— 0.57

Test your model

UPLOAD IMAGES

Up 10 10 images can be uploaded at a time

Predictions

No objects

B 40 B g~  (7-Eleven 7 )& 72 # 2l %))
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d12F 7 B8 ¥ =2 (framework) > 4- Google 7 TensorFlow~Microsoft
17 CNTK (Cognitive Toolkit) ~ Amazon =7 MXNet ~ 12 2 Facebook
Torch & o gt =3 + 03k i B R (open source) 4z ;¢ & (library) » &
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iz ié (7 TensorFlow £ 7 4p % 7 4 eA2 38 34 {7 2cae 2 #F B 12 o Ft &
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50000 Framework GitHub Star Count
B TensorFlow ........ 44508
37500 B scikit-learn ......... 16191
W caffe .............. 15690
B CNTK ..o 9383
25000 B MXNet ..o 7896
B Torch .......... 6285
B Theano ... 5568
12500
0

rzma | 2014 I 2015 ‘ 2016 | 2017

B 41 L EH Y =% 3 GitHub sE 542 & (% & © Google)

Aims%

RT-MART

. | 7 I
CNN Architecture mi’g. FamilyMart @

Can
repeat
many
times

B 42 AFF 7 ArRa* ¥ fF A G e (CNN)

Bl 42 #770 2 AP FEERNIBEFATEY DEHH SRR
(CNN)f& & 2 -] » x st st % 1 & 5 7§ iF 2 (Burgerking) « % % ¥
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A i * Keras % Ryt CNN ZEHpchn LB > 2 & d = B B

9
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_1 I |
! FEERE
il L P R There are
NE= - 32 3x3
A filters.

Input_shape = ( 128, 128 ﬁ)

; e
128 x 128 pixels  3: RGB  1: black/white

-

Bl 43 iRk ek A S Bk T

Input

3x128 x 128

32 x 126 x 126

32 x63 x 63

32 x 61 x 61
32 x 30 x 30

Output

S Y

64 x 28 x 28



In [9]:

MName

test

madel . summary ()

Laver (type) Output Shape Param #
conv2d 1 (Comv2D)  (Neme, 126, 126, 32) 895
activation_1 (Activation) (None, 126, 126, 32) a
max_pooling2d_1 (MaxPooling2 (None, &3, 63, 32) a
conv2d_2 (Conv2D) (None, 61, 61, 32) 9243
activation_2 (Activation) (None, 61, 61, 32) a
max_pooling2d_2 (MaxPooling2 (Mone, 3@, 3@, 32) a
conv2d_3 (Conv2D) (Mone, 28, 28, 64) 13496
activation_3 (Activation) (Mone, 28, 28, 64) a
max_pooling2d_3 (MaxPooling2 (Mone, 14, 14, 64) a
flatten_1 (Flatten) (None, 12544) a
dense_1 (Dense) (None, &4) 202880
activation_4 (Activation) (None, &4) a
dropout_1 (Dropout) (None, &4) a
dense_2 (Dense) (None, 4) 268
(None, 4)

Trainable params: 831,780
Non-trainable params: @

B 45 H-3)4p B S-dcK T

Mame

burgerking
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mcdonalds

watson
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Original image Random Rotate Random Noise Random crop

B 47 B apH S 5

Training and validation accuracy

ini .
pg{ ® Tra!nlngacc .......0....
— Validationacc _ o ® L]
[ ]
0.8 1
0.7
0.6 1
0.5
0.4 4
T T T T T T
0 5 10 15 20 25
Training and validation loss
14 A
12 A
10 A
0.8 1
0.6 1
o L
044 ® Training loss * . e
= Validation loss ............
T T T T T T
] 5 10 15 20 25

Bl 48 B AR 2Z R EEHREFRERAEA LA E
FHEARIRR S T F A LA F R RS AT R
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81



5.4 3F & %1

* | & % & + i Google Cloud Vision ~ Google AutoML Vision ~ %

’.-\
1»\-
al-

B =8 ’?ﬁi'\ > SE’% .}:J:_}{ LS TR

Google Cloud Vision # it 25% 38 < 5 i PFFE2 oy o a8 -
T2 FFE(OCR) S Pl =~ 2 PH25% 4 & # i - Google Cloud
Vision Zi& * b @ g WP Y e F A BT LA E 0
R GRS AR BE R EE Y ey A
https://cloud.google.com/vision/pricing » p* ¢F H $-3| ¥ 2L 4L 4t AT 7 2
2R AR TP TR B R R T LA T TR LT
18 ¥+ Cloud Vision > AutoML Vision ¥ 3 & * 37 L3 45 s *
MR PREPEPRESGUl e > IR HHp DE

LI TR i~ r B3] ¥ o AutoML Vision B iv G RIRE R
Fioig® 5300 F £ PR LRI RFD A ST o 4p
WY R P WEFYIRG AL FRF LN LEE 27

G REIRB AT R R R R R T e

é_‘* |J 2yl lﬁﬁg& 2 /g\’LIJ :F$ 7‘,’{_’_}2 i ;/"E‘" fﬁf_“ g 33 bl:; *‘;ll fﬁ

Cloud Vision % Google Fg-L3":E i) » 2R * FFa fp (73"

82


https://cloud.google.com/vision/pricing

B 5 AutoML Vision Ak A#c 2 5 100 s ™ » 2IHPEER L
4 mdb ;s p RS Rk AEE 5 1000 SR o R pE
E]‘J = l“/'] :‘; 19 Av\ﬁ_(llgl ﬁ/'/‘) o _“'F"-%" EE; -P:‘itnl ﬁj% 3[53 Eﬁ*kﬁ:,’;& , ll—l-‘:: -—’f:_l’( é__,gi/l’g\

LR AR ENLF e

83



¥2F BHeAikEY

PARLTHFHNARREEL 2 MA AAX I L L 2
FRP o FEERE S FRE IR CELER G LT REEY A
FARR O E A o g N A g FanE A B Fpt s TR LS
PARLTEFEFADG T o2 2 en ﬁ%ﬁ%@i%ﬁioE@i%ii
AR IEOBEIE Y gl TALTH £ TFEG BRY e
RBEXF EFHEEILARS AL HEAAFEM I AL TR T
BAATIE AL o F AT R P AT T L TR I AR
PR o ARt By F AR F LR Ty F RS
o AR Al A K F LT F AT T A AT R P TR D
TEFFREFLT S T U T R L A
Py * £zl (Long short-term memory, LSTM) % ¥ & 4!

B AR R AT R AT RS AT R

FORFE LA A R AL LT H BRE ST

Wretpb LT LEE R BRI g% o

AT R AER R RSk E R T PR ook 2B g S

84



P AR AR BEVRTHEEE PR IR F
o TS BB e PR T O R R R SR e eDIF R
& TG PR e VRO E VR A SRR 0 WA e PR e 3

FECVRFRE F B A B 4 BT LV RT RAET

WA R AT T AT RFHLT T EALA T S IE
B2 LTI AN BN R B BB RREL BT F
APHBEE NS NBTRENRLEHN AT F L F AR
EZE T Pipe AL BN FRITIFIF VI ALE R
o b enTrpE T 2 FEMEBE LT G R o e LT R

S ST TR A R R TR 1d

AT hF SEARY O BIMFSARM LT T EE bldch
AFER AT TP - B2 FA L AR T A E
AR RG T T ARG A F AR EREL RN § i i
it ;\?ﬁ s Bilde TSk 4R EET i’gﬁv“ﬁﬁ"ﬁ ] SN gsl.va M58 F & ¥ 7RI

Begiboksd o~ ot b rEdeaas Tad TR A

85



FAF pARISEREPERDAFEET S TP T HF

BPFRNBF NG AT 3o Lot 3 e la M4 215

FEFRAVTRENER AT RAR B2 bl S4F £

i ERECA ATERIBEF LA ERA NI T LA R

R TSR T

AFEFERAKIFL 2 5 ¥ e M FHES T A RATAY T
EL GBIl oA E BEYFY e fof o nFiE > T
TR POF 2 B EL PREERE R TREP AN LT 2 F o
FRF ML R LTS 0 bl4eTling Ting |~ & BT X T

7 -3

WL Bl TRFE > A AL T AR RLTHAS LY 0

‘E
&~
"1

-

T

=~
=
=t

e

7“_.
]
EA
~0

L

x
gl

RN
‘(m

ED

Ey

e
R

-k
=
K

k.

P

h\

R
}\-—
=~

(&)
o+
=4

Phb A e B O B e st iz ] 0 ik Geocoding API B i
Al - P37 il E CAEE k- PTG S LR
B Mm S e TR LEFEEERARFEL T M g

SECE-PFTPTRARS R LA R EST o § b A SRR



R T PEMH O GRS E e R R RS TR

4y

BB FFARNANREL P E A (- HEEFSLS

e LA SR F R &K

AT R AR R L TR T AL TR I AR

A BT R RGBT R R ] B R A 4TI 0 R
KGR TFA P T AU AL RER L STE T BT EE X
T R R e T e R L A E R R
AR B2 2 R POl AAFHERL R R RE - LT BRE A
FEAPEM XTILEE RF O U E F R B AR
TR EHFEE LR P EEEA Y PEEVFE ARV
VAEF R TR PR s H k32 90% 1 o H R

S MR B E R (R R

ARG PR A B E AR F R R 2
IR FERLREREL PR A DAY e g2 i
B LB Ao o T R HSRERE & L AR

V- BERFTRZERYFEA AR w562 FFLATHIT

87



542

Adeva, J. G., Atxa, J. P, Carrillo, M. U., & Zengotitabengoa, E. A. J. E. S. w. A. (2014).
Automatic text classification to support systematic reviews in medicine. 41(4),
1498-1508.

Aipe, A., Mukuntha, N., Ekbal, A., & Kurohashi, S. (2018). Deep Learning Approach
towards Multi-label Classification of Crisis Related Tweets. Paper presented at the
Proceedings of the 15th ISCRAM Conference.

Bafna, P., Pramod, D., & Vaidya, A. (2016). Document clustering: TF-IDF approach.
Paper presented at the 2016 International Conference on Electrical, Electronics,
and Optimization Techniques (ICEEQT).

Barbier, G., & Liu, H. (2011). Data mining in social media. In Social network data
analytics (pp. 327-352): Springer.

Berger, C. (2014). From a Competition for Self-Driving Miniature Cars to a
Standardized Experimental Platform: Concept, Models, Architecture and
Evaluation. Journal of Software Engineering for Robotics, 5(1), 63-79.

Brooks, C. H., & Montanez, N. (2006). Improved annotation of the blogosphere via
autotagging and hierarchical clustering. Paper presented at the Proceedings of the
15th international conference on World Wide Web.

Brynielsson, J., Granasen, M., Lindquist, S., Narganes Quijano, M., Nilsson, S., Trnka,
J.J.J. 0. C., & Management, c. (2018). Informing crisis alerts using social media:
Best practices and proof of concept. 26(1), 28-40.

Cervone, G., Sava, E., Huang, Q., Schnebele, E., Harrison, J., & Waters, N. J. I. J. 0. R.
S. (2016). Using Twitter for tasking remote-sensing data collection and damage
assessment: 2013 Boulder flood case study. 37(1), 100-124.

Cheng, G., Zhou, P., & Han, J. (2016). Learning Rotation-Invariant Convolutional
88



Neural Networks for Object Detection in VHR Optical Remote Sensing Images.
IEEE Transactions on Geoscience and Remote Sensing, 54(12), 7405-7415.
doi:10.1109/TGRS.2016.2601622

Choi, D., Matni, Z., Shah, C. J. P. 0. t. A. f. I. S., & Technology. (2016). What social
media data should i use in my research?: A comparative analysis of twitter,
youtube, reddit, and the new york times comments. 53(1), 1-6.

Cormack, G. V., Gomez Hidalgo, J. M., & Sanz, E. P. (2007). Spam filtering for short
messages. Paper presented at the Proceedings of the sixteenth ACM conference on
Conference on information and knowledge management.

Dertat, A. (2017). Applied Deep Learning - Part 4: Convolutional Neural Networks.
Towards Data Science. Retrieved from https://towardsdatascience.com/applied-
deep-learning-part-4-convolutional-neural-networks-584bc134cle2

Farinosi, M., & Treré, E. J. T. J. 0. C. I. (2010). Inside the" People of the Wheelbarrows":
participation between online and offline dimension in the post-quake social
movement. 6(3), 2010.

Fayyad, U., Piatetsky-Shapiro, G., & Smyth, P. J. A. m. (1996). From data mining to
knowledge discovery in databases. 17(3), 37-37.

Felt, M. J. B. D., & Society. (2016). Social media and the social sciences: How
researchers employ Big Data analytics. 3(1), 2053951716645828.

FU, J.-l., & CHEN, Q.-x. J. J. 0. C. . P. (2005). Study on Topic Partition in Automatic
Abstracting System. 19, 28-35.

Gaikwad, S. V., Chaugule, A., & Patil, P. J. I. J. 0. C. A. (2014). Text mining methods
and techniques. 85(17).

Garcia, C., & Delakis, M. (2004). Convolutional face finder: a neural architecture for

fast and robust face detection. IEEE Transactions on Pattern Analysis and

89



Machine Intelligence, 26(11), 1408-1423.

Goldberg, Y. J. S. L. 0. H. L. T. (2017). Neural network methods for natural language
processing. 10(1), 1-309.

Goodchild, M. F., & Glennon, J. A. J. 1. J. 0. D. E. (2010). Crowdsourcing geographic
information for disaster response: a research frontier. 3(3), 231-241.

Graves, A. J. a. p. a. (2013). Generating sequences with recurrent neural networks.

Gupta, R., & Ratinov, L.-A. (2008). Text Categorization with Knowledge Transfer from
Heterogeneous Data Sources. Paper presented at the AAAL.

He, Q., Chang, K., Lim, E.-P., Banerjee, A. J. I. T. 0. P. A., & Intelligence, M. (2010).
Keep it simple with time: A reexamination of probabilistic topic detection models.
32(10), 1795-1808.

Hughes, D. J., Rowe, M., Batey, M., & Lee, A. J. C. i. H. B. (2012). A tale of two sites:
Twitter vs. Facebook and the personality predictors of social media usage. 28(2),
561-569.

Imran, M., Elbassuoni, S., Castillo, C., Diaz, F., & Meier, P. (2013). Extracting
information nuggets from disaster-related messages in social media. Paper
presented at the Iscram.

Kaplan, A. M., & Haenlein, M. (2009). Users of the world, unite! The challenges and
opportunities of Social Media. Business Horizons, 53(1), 59-68.

Krizhevsky, A., Sutskever, 1., & Hinton, G. E. (2012). ImageNet classification with
deep convolutional neural networks. Paper presented at the Proceedings of the
25th International Conference on Neural Information Processing Systems -
Volume 1, Lake Tahoe, Nevada.

Kryvasheyeu, Y., Chen, H., Obradovich, N., Moro, E., Van Hentenryck, P., Fowler, J.,

& Cebrian, M. J. S. a. (2016). Rapid assessment of disaster damage using social

90



media activity. 2(3), e1500779.

Kumar, A., & Singh, J. P. J. 1. j. 0. d. r. 1. (2019). Location reference identification from
tweets during emergencies: A deep learning approach. 33, 365-375.

Kumar, S., Barbier, G., Abbasi, M. A., & Liu, H. (2011). Tweettracker: An analysis tool
for humanitarian and disaster relief. Paper presented at the Fifth international
AAAI conference on weblogs and social media.

Kubat, M. (2015). An Introduction to Machine Learning. Cham: Springer.

LeCun, Y., Bengio, Y., & Hinton, G. J. n. (2015). Deep learning. 521(7553), 436-444.

LeCun, Y., Boser, B. E., Denker, J. S., Henderson, D., Howard, R. E., Hubbard, W. E.,
& Jackel, L. a. D. (1990). Handwritten Digit Recognition with a Back-Propagation
Network. Paper presented at the Neural Information Processing Systems 1998.

Liu, P, Qiu, X., Chen, X., Wu, S., & Huang, X.-J. (2015). Multi-timescale long short-
term memory neural network for modelling sentences and documents. Paper
presented at the Proceedings of the 2015 conference on empirical methods in
natural language processing.

Long, Y., Gong, Y., Xiao, Z. h., & Liu, Q. (2017). Accurate Object Localization in
Remote Sensing Images Based on Convolutional Neural Networks. IEEE
Transactions on Geoscience and Remote Sensing, 55(5), 2486-2498.
doi:10.1109/TGRS.2016.2645610

Lu, R., Zhu, H., Liu, X,, Liu, J. K., & Shao, J. J. I. N. (2014). Toward efficient and
privacy-preserving computing in big data era. 28(4), 46-50.

Middleton, S. E., Middleton, L., & Modafferi, S. J. I. I. S. (2013). Real-time crisis
mapping of natural disasters using social media. 29(2), 9-17.

Mills, A., Chen, R., Lee, J., Raghav Rao, H. J. J. 0. I. P., & Security. (2009). Web 2.0

emergency applications: How useful can Twitter be for emergency response? , 5(3),

91



3-26.

Moe, T. L., Pathranarakul, P. J. D. P., & Journal, M. A. I. (2006). An integrated
approach to natural disaster management.

Munro, R., & Manning, C. D. (2010). Subword variation in text message classification.
Paper presented at the Human language technologies: The 2010 annual conference
of the north American chapter of the association for computational linguistics.

Neppalli, V. K., Caragea, C., & Caragea, D. (2018). Deep Neural Networks versus
Naive Bayes Classifiers for Identifying Informative Tweets during Disasters. Paper
presented at the ISCRAM.

Nguyen, D. T., Joty, S., Imran, M., Sajjad, H., & Mitra, P. J. a. p. a. (2016). Applications
of online deep learning for crisis response using social media information.

Olah, C. (2015). Understanding Istm networks.

Rawat, W., & Wang, Z. (2017). Deep Convolutional Neural Networks for Image
Classification: A Comprehensive Review. Neural Computation, 29(9), 2352-2449.

Ritter, A., Etzioni, O., & Clark, S. (2012). Open domain event extraction from twitter.
Paper presented at the Proceedings of the 18th ACM SIGKDD international
conference on Knowledge discovery and data mining.

Sakaki, T., Okazaki, M., & Matsuo, Y. (2010). Earthquake shakes Twitter users: real-
time event detection by social sensors. Paper presented at the Proceedings of the
19th international conference on World wide web.

Sarkar, D., Bali, R., & Sharma, T. (2018). Practical Machine Learning with Python: A
Problem-Solver’s Guide to Building Real-World Intelligent Systems. Berkeley, CA:
Apress

Salloum, S. A., Al-Emran, M., Shaalan, K. J. I. J. 0. C., & Systems, D. (2017). Mining

social media text: extracting knowledge from Facebook. 6(02), 73-81.

92



Sermanet, P., Kavukcuoglu, K., Chintala, S., & Lecun, Y. (2013). Pedestrian Detection
with Unsupervised Multi-stage Feature Learning. Paper presented at the
Proceedings of the 2013 IEEE Conference on Computer Vision and Pattern
Recognition.

Severyn, A., & Moschitti, A. (2015). Twitter sentiment analysis with deep convolutional
neural networks. Paper presented at the Proceedings of the 38th International
ACM SIGIR Conference on Research and Development in Information Retrieval.

Spasic, 1., Ananiadou, S., McNaught, J., & Kumar, A. J. B. i. b. (2005). Text mining and
ontologies in biomedicine: making sense of raw text. 6(3), 239-251.

Starbird, K., & Palen, L. (2011). " Voluntweeters™ self-organizing by digital volunteers
in times of crisis. Paper presented at the Proceedings of the SIGCHI conference on
human factors in computing systems.

Struhl, S. (2015). Practical text analytics: Interpreting text and unstructured data for
business intelligence: Kogan Page Publishers.

Subasinghe, 1., Nittel, S., Cressey, M., Landon, M., & Bajracharya, P. J. I. J. 0. G. . S.
(2020). Real-time mapping of natural disasters using citizen update streams. 34(2),
393-421.

Sun, Y., Chen, Y., Wang, X., & Tang, X. (2014). Deep learning face representation by
joint identification-verification. Paper presented at the Proceedings of the 27th
International Conference on Neural Information Processing Systems - Volume 2,
Montreal, Canada.

Sutton, J. N., Palen, L., & Shklovski, I. (2008). Backchannels on the front lines:
Emergency uses of social media in the 2007 Southern California Wildfires.

Tan, P.-N., Steinbach, M., & Kumar, V. J. I. t. d. m. (2006). Classification: basic

concepts, decision trees, and model evaluation. 1, 145-205.

93



Travis, E. A., & Sykes, T. F. (2012). Social Media and Disasters: Uses, Options,
Considerations. New York: Nova Science Publishers.

Vieweg, S., Hughes, A. L., Starbird, K., & Palen, L. (2010). Microblogging during two
natural hazards events: what twitter may contribute to situational awareness.
Paper presented at the Proceedings of the SIGCHI conference on human factors in
computing systems.

Wang, H., & Ren, M. (2011). Lane Markers Detection based on Consecutive Threshold
Segmentation. Journal of Information and Computing Science, 6(3), 207-212.
Wartena, C., & Brussee, R. (2008). Topic detection by clustering keywords. Paper
presented at the 2008 19th International Workshop on Database and Expert

Systems Applications.

Xiao, Y., Huang, Q., & Wu, K. J. N. h. (2015). Understanding social media data for
disaster management. 79(3), 1663-1679.

Yin, J., Karimi, S., Lampert, A., Cameron, M., Robinson, B., & Power, R. (2015). Using
social media to enhance emergency situation awareness. Paper presented at the
Twenty-fourth international joint conference on artificial intelligence.

Yubo, C., Liheng, X., Kang, L., Daogjian, Z., & Jun, Z. (2015). Event extraction via
dynamic multi-pooling convolutional neural networks.

Zhang, K., Zhang, Z., Li, Z., & Qiao, Y. (2016). Joint Face Detection and Alignment
Using Multitask Cascaded Convolutional Networks. IEEE Signal Processing
Letters, 23(10), 1499-1503.

Zhang, X., Zhao, J., & LeCun, Y. (2015). Character-level convolutional networks for
text classification. Paper presented at the Advances in neural information
processing systems.

Zomaya, A. Y., & Sakr, S. (Eds.). (2017). Handbook of Big Data Technologies. Cham:

94



Springer.

95



S EEY Sk AARANA LT X THT R A

D h R R P RPEREY

Boph lRTAY R AT R AVATRRZ £ 200 5L 9
@ 3%+ 02-8195-8600

FL = pHpd FANRLI9 £ 122
Ak E 2 oo ¢ 23R 110 & 01 2

U EREE

2t &
25



ik 23143 T AT /S & CHT S = BR2005% 912

i

&5 . ++886-2-8195-8600

BHE : ++886-2-8912-7766

494k ¢ http://www.ncdr.nat.gov.tw



	封面
	NCDR_技術報告_以機器學習方法與社群媒體訊息應用於災害情資空間定位分析＿20210111
	第一章  前言
	第二章 　相關研究
	2.1 社群媒體與災害防救
	2.2 文字自動辨識與定位
	2.3 影像自動辨識與定位

	第三章   研究方法
	3.1 資料收集與標記
	3.2 文字訊息資料前處理
	3.2.1 文本分詞及數字序列
	3.2.2 序列的Zero padding及One-hot Encoding
	3.2.3 詞嵌入(Word Embedding)

	3.3 長短期記憶(Long Short-Term Memory)
	3.3.1 標註地名與檢視定位
	3.3.2 標記(Label)在輸出層的表示
	3.3.3 損失函數(Loss Function)與優化器(Optimizer)

	3.4 卷積神經網路
	3.5 定位方法
	3.5.1 文字定位
	3.5.2 影像定位


	第四章   文字訊息實驗
	4.1 評量指標
	4.2 資料量與詞彙量對預測結果之比較
	4.3 比較不同社群平台之有效留言
	4.4 社群媒體之災害留言分析

	第五章  影像特徵辨識實驗
	5.1 Vision API
	5.2 AutoML Vision
	(1) 單一標籤影像分類成果
	(2) 物件偵測成果

	5.3 自行開發程式之結果及驗證
	5.4 綜合評估

	第六章  結論與未來展望

	版權頁
	2015封底

