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-Remote sensing and machine 
learning. 

-Introduction of the problem. 

-A proposal solution. 

-Case study. 

February 15, 2018 

2
 

REMOTE SENSING AND MACHINE LEAiぶ ING
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A MACHINE LEARNING METHOD: LOGISTIC REGRESSION 

Logistic 1 ifyこ0.5→z E C1 

function: 
y = P(C1lz) = ~.., 

1 + e-0互 ify< 0.5→z E C2 

Likelihood of B 

given training set Z: 

K 

叩）＝日(yl)r,(1-yi)1-r,

i=l 

Cost function: E((J|Z)＝一ir; lny; + (1-r;) ln(l -Y;) 

i=l 

Key observation: 

ifr; = 0→ r;lny; = 0 

ifr; = 1→ (1 -r;) ln(l -Y;) = 0 

'A training sa111ple 

always cancel one 

term! 
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INTRODUCTION OF THE PROBLEM A PROPOSAL SOLUTION 

匿置璽匿璽置匿璽l
Wieland et al. 

MLIT 

MLIT 

August 4, 2011 

August 4, 2011 

Field survey Field survey: 
June 10-13, 2016 

Can you sec the common issue? 
After a large-scale disaster event, it is challenging 

f to gather iriformation to be used as training data 
5 
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Is there a way to 

dispense with 
training data for 

damage detection? 
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LETS REPLACE TRA[NING DATA WITH OTHER 

SOURCE OF INFORMATION! 
Researchers have been observing the relation 

between damage and hazard for several decades! 

Building 
damage 
inventory 

(So,rrce: BRI) 

Peak ground 
velocity 

(Yamaguch1 
and Yamazaki. 

2001) 咬涵

-日曲99...，fnし＇枷 199P闇r99

’‘ー・・

I[ ; 
ュい"”

Building 

damage 
function 

l□□. 
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BACK TO LOGISTIC REGRESSION 

To following modification is proposed: 
k 

E(BIZ) ＝—凶Pi Inyi + （1- Pi) In(1-yi)
i=l 

C̀ost 
fi.mction: 

P;: probability that the: sample i is collapsed given 

the demand of the hazard (estimated from the 
fragility curve) 

Interpretation: Consider 出at every sample is 
duplicated. One as collapsed and the other as non-

collapsed. However, tl1eir contribution to ilie cost 
function is weighted(p; and 1-p;)-

8
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CASE STUDY: THE 2011 TOHOKU EARTHQUAKE AND TSUNAMI 

October 21, 

2010 
Pre-event 

RESULTS: 

LINEAR 

March 13, 

2011 
Post-event 

DISCRIMINANT 

Inundation 

map 

Building 

damage 

surveyed ， 
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Two features: averaged 

difference and correlation 
coefficient (Bi-

dimensional space) 
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Empirical fragility curve 

Demand: inundation 

depth 

RESULTS:NON-LINEAR DISCRJMINANT FUNCTION 
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CONCLUSIONS 

-Avoiding training data for identification of 

building damage is crucial. 

-A new unsupervised classification method for 

damage classification is proposed. 

-Training data is replaced witll aggregate 

information from fragility functions and hazard 

information. 

-High accuracy was obtained in the detection of 

collapsed buildings due to the 2011 Tohoku 

Earthquake and Tsunami. 

ありがとうございます

Thanks 
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