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Introduction ; Objective
» 000 Deaths from heat As a first step of using tweets for a real-time and local Temperature estimation result (August, 25) Center of Tokyo
’ stroke 1,731 : heatwave management, we examine whether tweets : o Without (RMSE: 3. 89) With (RMSE: 3.85)
’ (Data compiled by health are useful for local real-time temperature estimation. . RMSE isimproved -
,500F ministry) : . by using tweets.
1 000k 1,076 : * Research questions o
’ (people) ~ Do tweets explain temperature? With” approach
§ - A correlation analysis between heat-tweets and . successfully captures
500" ' : temperatures is conducted. the heat island effect
OLS l!.!.,l'.. ' I. L : - How can we utilize tweets as a participatory sensing data in the central area at
1994 '96 '98 2000°'02 '04 '06 08 10°12'13 : that complement unobserved temperatures? . the noon.
T — : - The spatial best linear unbiased estimator (S-BLUE) is :

To cope with heatwave risks, it is important to know the risk in a applied. . The strange result of

local (e.g., district-level) and real-time manner. \Y OdEl “Without” approach at
: . OPM would be due to

* Temperature: y(x;) . the small number of WY LA
— Temperatures are describes by a latent spatiotemporal process, . the monitoring : 6PM

Available temperature-related data

Official monitoring data| Remote sensing data fx;), and a noise process, v(X;).  stations (8).

. —= ~ g 3- 0-32  2%-28 ' 2-24 @ Heattweets
reizijlt?(lm Poor ii&ar:;;):gormg High (1km grids) . y(x;) = f(x;) +v(x;) Co-n 28- 130 24-26 ' 16-22 [®] Monitoring stations
T | Poor (10:30, 13:30, 20:30 S (i)~ NOelx;,x;))

empora . oor (10:30, 13:30, 20:30, : : . . :
: Medium (every 1 hour : ~ :
esolution (every ) 23:30) | v(x;)~ N(0,07) | Gap of RMSEs (With minus Without)
%L = r_,. | X;: Spatiotemporal coordinates of monitored temperatures : — Red: With twitter approach is better
10 3 Ground : C(xi’xj): Covariance between sites X; and X; — Blue: Without twitter approach is better
\ . ) y e -~ * Temperature 02: Variance parameter
Image +9"_°'?f"”"0*'" . q wo : : \ Sy,
‘ wv |« Heat-tweets: y, (X)) é 3 .
. 325 - 350 : : Value
lemperature 20- | ns-mo | — It assumes that the probability of being a heat-tweet increases |
[ 24-26 [126-28 me-me | if f{x,) exceeds a threshold temperature 7. : : . S W om-
m 28-30 m30- 23: mb-us g . A~ (9w, B 001 - OCB
. . : ‘ A = ;.
] | P(y,,,(X,)=l|f(X1))= § } | (‘,‘ - _%?1_%%10
Twitter data l 0 10 20 40 km_ “/ B -006--001
T S S k‘~ . —0.00 — 006

N P (x) =11y o(X1) = DPGu_o(x1)= P f(x)))
p=0

* Geo-tagged tweets in Tokyoin August 2012

— They consist of 1% of random samples * The accuracy isimproved in the bayside area

: 1 ] X,)=T .
— Sample size (after a cleaning): 130,331 : Vi o(X;) = o rx) : — It might be due to the fact that heat-tweets capture the
5 - 0 otherwise heat island effects in this area around noon.
Twitter data Monitored data :
X, : Spatiotemporal coordinates of /-th tweet Remaining Issues
R \_ YulX): 1if Ith tweet is a heat-tweet, and 0 otherwise ) . | * Improvement of the heat-tweet extraction approach
‘ ' — Some words might explain heat stronger than others
Spatiotemporal temperature estimation equation . - Some tweets might not comment about the current situation, but
Spatial resolution  High Low . . . . : about future prediction.
N 8 * Spatial best linear unbiased estimator (S-BLUE) . .
Noise Large Small _ S * Difference between feeling temperature and actual
5 - It e§t|mates the temperature at x+, by minimizing the error temperature
Extraction of heat-tweets : variance. B .
_ . - ; [~ —— : 5 - : , : - To analyze heatwave risks, it is needed to analyze feeling
H;at':weet: 'tTweEts in¢lediog st it zrl'f"ymsc’f :;eat . fi=a+BY=argmmn E|(f. - (¢ +BY))" | = E| /.Y ]E_ [YY ]Y i temperature, which depends on humidity, sunlight,
2\ Ho uggy : : .
B Hot Ko Ak Rehydration Es mood/sentiment, etc.
Te heatway e S S . — Use of vital sensors would be needed.
; eal wave R urious f+: The value of the temperature process at site x. . .
% KT  Blazing sun =50 Dull * Fusion with other data
Aoty JEn e a: Constant
e hoorg summerheat I e . — Remo sensing data, data of vital sensors etc.
et e eSS Ul Discomeors Y: A vector of monitored temperatures, y(x;) and heat-tweets, y,,(x;) : ,
s * The computational complexity of S-BLUE
R R 17 hlisencda B: A matrix of unknown parameters
%7}2% g"l'f::i;:‘tme’ ‘f/ ‘EJ;‘SI':;‘::”‘ : : — S-BLUE still requires the inversion of a covariance matrix, which
) Reflected heat Orz Expletive \ becomes large if large samples are utilized.
IE’Q :A'l;‘;gre iL’” :::g .+ c(x;,x)) in E[f.Y] and E[YY'] is usually given by a kernel function. :
;‘,’; “ Sweat A Hard However, the kernel approach is computationally expensive. HEIFEE -
e gim ;.:;Lr/fi&\“ g';flgre | * Hence, we developed an EM-algorithm-based approach, which : UJﬁ/'q_.,u & A K (E I REHZERT)
~y~<y  Sticky g Weak lighten the problem by defining c(x;, x;) using radial basis functlory 7 Gareth W. Peters (UCL)

AFHEFIRRBIAA 1538 - AT LIRS

=+ K TR R 92 PR The Institute of Statistical Mathematics




