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Meteorological Information Analysis Algorithm
based on Weight for Outdoor Activity Decision-Making
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Abstract Recently, the outdoor activities were increased in accordance with economic growth and improved
quality of life. In addition, weather and outdoor activities are closely related. Currently, Outdoor Activities
decisions are determined by the Korea Meteorological Administrator's forecasts and subjective experience.
Therefore, we need the analysis method that can provide a basis for the decision on outdoor activities based
on meteorological information. In this paper, we propose an algorithm that can analyze meteorological
information to support decision-making outdoor activities. And the algorithm is based on the data mining. In
addition, we have constructed a baseball game schedule with automatic weather system's observation data in the
training data. We verified the improved performance of the proposed algorithm.

Key Words : Meteorological Information, Data Mining, Classification Algorithm, Decision Support System,
AWS(Automatic Weather System)
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(Table 1) Observation data of AWS

Column Name Comment

Station_ID observation point number
Station_Name observation point name
Station_Type observation point type

Station_Latitude
Station_Longitude
Sky_Code
Sky_Name
Precipitation_Type
Precipitation_SinceOnTime
Rain_SinceOnTime
Rain_SinceMidNight
Rain_Last10Min
Rain_Last15Min
Rain_Last30Min
Rain_Last1Hour
Rain_Last6Hour
Rain_Last12Hour
Rain_Last24Hour
Temperature_TC
Temperature_Max
Temperature_Min

observation point latitude
observation point longitude
Sky status code
Sky status name

precipitation type
1 hour accumulated precipitation
1 hour accumulated rainfall
1 day accumulated rainfall
last 10 minute accumulated rainfall
last 15 minute accumulated rainfall
last 30 minute accumulated rainfall
last 1 hour accumulated rainfall
last 6 hour accumulated rainfall
last 12 hour accumulated rainfall
last 24 hour accumulated rainfall
present temperature
maximum temperature

minimum temperature

‘Wind_WDir wind direction
Wind_WSpd wind speed
Humidity relative humidity

Pressure_surface spot atmospheric pressure

Pressure_Sealevel sea-level pressure
lighting
observation time

Lightining
TimeObservation

Journal of Digital Convergence | 211



ST A WA= 7143E A524 SKP(SK Planet)
A SAU(AWS)9] #5 A5S &

B RolA AEE g AsE 2 F S B8
%

L3k AE7dREAgNeA FHEE B AEE
1292 dlolgjn]o] 2 (database)ol] FHFH o5 &
g3to] of9)&E AA S $1e g5 Hlo|EHE AME-s)
Ak <Table 1> A5713ad57411¢] dlo|EHo] =
7Fet & (catalog) S AE]e ol

FalAlE FAA AdE Ve R RS AR
S FYs] Qe gEAd ok ~¥xz FEQ X
RofrE o R A7) U ARE FHEY &
7719k A7 2 FEste] oL Abelel dld ke 717
AL B3 [Fig. 1] KBO(Korean Baseball
Organization)2] &2 F# o744 015U % 47| 44
HEE FHt do|Huo] 22 P53k Hg-& AY

i
I
NP

HEEEEXEEEEX)

£

[Fig. 1] Game records of KBO League

7174 Ze w2 ZR2oly $3FH A vlolEE
3] 9l A1 A<D (time series)® 7] A} AWS =

-t

¢

A58 W gE FPste 3F vlolEE AT 3
5 HlolE 4 717k 2015 ZRoRE A]Eo] AjutEl
3¢9 84HH 102 497H4 TEakgion, 7HE 5 9l
£ AWS BSARE 7oz HE AAe] Fay) BF
A 127449 B35 ARE AHEste 3t HolHE
gatoict. [Fig. 21& €84 3t 55 47173 < #

[Fig. 2] Location of AWS(Jamsil & Mok—dong Stadium)

ARE ol 5 A AR B, T, dUEE, dA7Y,
sl 7|qte] Aol AFEE UL AA ) ZZof 9
AF 2% KBO A7) #Ede] dde upe 37 A%
2-3N7 A 5 AEE B9 F HA AAe] "k
2 A7) Az Ak 2417 307 A 7)1 BE ARE
Ao A28kt [Fig. 319] 4H8 % (Scatter Diagram)
= dEA 71 A ke A5 Addsta 9k

Plot Matrix

HUMIDITY PRESSURE_SURREBBLL

ES E

PIAYBALL

PRESSURE_SURFA(*

HUMIDITY

o

G

VIND_WSPD

—
h

TEMPERATURE_T(|

RAI_LASTIHOUR

RAI_SIHCEMIDNIC

RAIN_SIHCEONTIM|

A S

PRECIPITATION_S|

AEE S

|

[l CAY ol Bz,

[Fig. 3] Scatter Diagram
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% HlolE 9] ARFF(Attribute-Relation File Format) &
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@relation Seoul_Baseball_Staium

attribute PRECIPITATION_SINCECNTIME numeric
gattribute RAIN_SINCEONTIME numeric
attribute RAIN_SINCEMIDNIGHT numeric
attribute RAIN_LASTIGMIN numeric
attribute RAIN_LASTISMIN numeric
attribute RAIN_LAST3@MIN numeric
@attribute RAIN_LASTIHOUR numeric
attribute RAIN_LASTGHOUR numeric
@attribute RAIN_LASTIZHOUR numeric
@attribute RAIN_LAST24MOUR numeric
Battribute TEMPERATURE_TC numeric
@attribute TEMPERATURE_TMAX numeric
attribute TEMPERATURE_TMIN numeric
@attribute WIND_WDIR numeric
@attribute WIND_WSPD numeric
attribute HUMIDITY numeric

attribute PRESSURE_SURFACE numeric
attribute PRESSURE_SEALEVEL numeric
attribute PLAYBALL (y,n}

6.2,16.8,3.5,47.2,1,21.6,1014.18,1007.5,y
s, 1 20.9,1814.57,1009.6,y
.9,1014.58,1009,y

N .45,1088.8,y
16.1,16.8,3.2,238.6,2.1,19.9,1014.23,1006. 1,y
0.1,14.9,16.5,7.4,162.3,1.6,58.1,1015.32,1008.6,y
6.9,84.5,1.6,55.2, v
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(Table 3) Experimental results of Class Y

F- ROC
Measure| Area
J48 0.987 0.832 099 | 0987 | 0989 | 0965
JRip 0.99 0912 0992 | 099 | 0991 0.96
1Bk 0.982 0.676 0972 | 0982 | 0977 | 0864
SMO 0.93 0.235 0937 | 093 | 0958 | 0607
Naive
Bayes
Proposed| 0.99 0.93 099 |099 | 0994 | 098

TP_Rate | FP_Rate | Precision | Recall

0.921 0853 | 0986 |0921 | 0953 | 0951

[Fig. 9] Diamond plot of Classification Performance
(Class Y)

<Table 4>} [Fig. 10} A 20 g+ 2 E77]
7

o BF 45g vuEdd A

(Table 4) Experimental results of Class N

F- ROC
Measure| Area
J48 0882 | 0987 0857 | 0882 | 087 0.965
JRip 0912 0.99 083 | 0912 | 089 0.96
1Bk 0676 | 0982 0.767 | 0982 | 0977 | 0.864
SMO 0.235 0.93 05 0235 | 032 0.607
Naive
Bayes
Proposed | 0.92 0992 | 0.898 | 092 | 0.901 | 0.972

TP_Rate| FP_Rate | Precision | Recall

0853 | 0921 0483 | 0.853 | 0617 095

[Fig. 10] Diamond plot of Classification Performance
(Class N)
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