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Climate Prediction Division, JMA

1. Introduction

Guidance is a statistical downscaling technique from GPV data predicted by numerical
model (Fig. 1). Although it is possible to use GPV data for surface elements such as
surface temperature and precipitation, there is a possibility to increase accuracy after
using guidance. In general, guidance uses some elements such as 500hPa height and
850hPa temperature over the target areas. However, the indices associated with El
Nifio phenomenon may be more effective in tropics. The purpose of this training is to

understand how to make guidance for your countries.

Numerical Prediction
---=> Grid Point Values e.g. height, wind, temperature, etc.

I

Guidance

I

---> Area averaged or stations temperature, precipitation, etc.

Issued Forecast

2. Single Regression model

Our situation is that we have a time series of meteorological variable to forecast and a
set of time series of other variables obviously related to the former. The former and the
latter elements are predictand and predictor, respectively. Our purpose is to predict the
future value of predictand using the relationship between predictand and predictors
and the present values of predictors.

In order to help the recognition of regression method, let consider the simplest case,
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that is, single regression. It is a predictive approach using one predictor.
Single regression model is written as
Y=ax+b+ ¢
Y is objective variable (i.e. predictand), x is predictor, a is regression coefficient, b is

constant. € 1s error term.

s _ Estimated regression ling

Figure 2 What is Single Regression?
Y is predictand.

X 1s some other variable that can be used to predict demand.

2-1 Normalization of precipitation

The histogram of temperature is generally normal (Gaussian) distribution but that of
precipitation is usually Gamma distribution and has gaps from Gaussian distribution.
The error distribution of regression model is assumed normal distribution, so
precipitation data is needed to take normalization (Fig. 3). The simplest method is
power technique. JMA seasonal forecast guidance is used the power of 1/4 for

precipitation and snowfall.

Frequency

Precipitation (Raw) Precipitation (power of 1/4)
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Figure 3 Histogram of precipitation
Raw precipitation data have gap from Gaussian distribution (left).
After taking power of 1/4, the histogram fit Gaussian distribution (right).

Both bold lines indicate Gaussian distribution.




2-2 Methods
Preparation

Observation data
ExerciseForGuidance.xls
GPVdata.xls

Indices.xls

1st step

Open the ExerciseForGuidance.xls.

Paste observation data on a Temperature/Precipitation worksheet.

And input “=AVERAGE(C4:C33)” at C34 to calculate normal.

In case of precipitation, input ="C470.25” at D4 to calculate the power of 1/4 and copy
D4 and paste D5:D33.

) JrOUE) BEE) TRV BAD ERQ) YLD F-50) T<YEIW) ALTH)
PN EEH O FE %GB ] E -8 s 8] F [ 4p 100%

- .@! MS PIzws

C4 - & 257
A | 8 [ [ o T & [ F T @& ] H | I [
| 1 | Tokyo JAPAR Oleervation Forecast Prokabilistic Forecast
| 2 | “ear Target Mean Temp  Predictor 1 Predictor 2 Predictor 3 s Regression Error MiXs, @n)
| 3 | deg C Proh. of akove—normal
| 4 | 1975 JJA 257
| 5 | 1980 JJA, 236
| 6 | 1981 JJA 242
| 7 | 1982 JJA 238
| 8 | 1983 JJA 238
N 1984 JJA 255
10| 1985 JJA 248
11 | 1986 JJA, 238
112 | 1987 JJA 255
13 | 1988 JJA 238
| 14 | 1985 JJA 240
| 15 | 1990 JJA, 258
16 | 1951 JJA 253
117 | 1992 JJA, 244
(18 | 1953 JJA 230
| 19 | 1994 JJA, 265
| 20 | 1955 JJA 254
| 21 | 1996 JJA, 248
| 22 | 1957 JJA 254
| 23 | 1998 JJA, 247
| 24 | 1955 JJA 257
| 25 | 2000 JJA, 262
| 26 | 2001 JJA 260
| 27 | 2002 JJA, 258
| 28 | 2003 JJA 240
| 29 | 2004 JJA, 265
| 30 | 2005 JJA 256
EN 2006 JJA, 252
| 32 | 2007 JJA 255
| 33 | 2008 JJA, 250
| 34 |Mormal 250
| 35 | slope R R I T\ on
| 36 |Single Regression intercept HODWA D #DIV/ O #OIV/ Q1
| 37 | Correlation [ #DIv/0r ~ #DIv/Or — #Dv/OL |
38
| 39 | slope : sVALUE 7 wvaluR " avaLuB
| 40 |Multi Regression intercept #WALUBE
| 41 | Carrelation

For Example:

Paste temperature data on JJA in Tokyo from 1979 to 2008.



2rd gtep

Open GPVdata.xls and Indices.xls.

Select a predictor and Paste it on D (in case of precipitation, E) line. Try each of
predictors until you can find the most effective predictor.

Note: Prepared predictors are anomalies from normal.

(] Microsoft excel - ExerciseForGuidancerorcample

H] JrME) \EE) FRV) BAQ SO0 w0 F-F[D) TYEIW) ALTH)

RN NENE = NN AR e s A

2, = -5l &l |6l 45 100%

v @! MS PITZws

For Example:

Select Zonal Mean height.

jx] £ 23040
A \ @ \ D \ E | F [ & ] H | I [ 4
| 1 | Tokyo JAPAR Oleervation Forecast Prokabilistic Forecast
| 2 | “ear Target Mean Temp Predictor 1 Predictor 2 Predictor 3 s Regression Error MiXs, @n)
| 3 | deg C 23040 Prob. of above—normal
| 4 | 1975 JJA 257 -4 68
| 5 | 1980 JJA 236 —0.73
| 6 | 1981 JJA 242 -045
| T 1982 JJA 238 —422
| 8 | 1983 JJA 238 -555
| 9 | 1984 JJA 255 —457
10| 1985 JJA 248 -416
|11 ] 1986 JJA 238 —4.75
112 | 1987 JJA 255 —445
| 13 | 1988 JJA 238 186
| 14 | 1985 JJA 240 -1 56
| 15 | 1990 JJA 258 —-052
16 | 1951 JJA 253 025
|17 ] 1992 JJA 244 452
(18 | 1953 JJA 230 -723
| 19 | 1994 JJA 265 -321
| 20 | 1955 JJA 254 082
|21 | 1996 JJA 245 —053
| 22 | 1957 JJA 254 173
| 23 | 1998 JJA 247 774
| 24 | 1955 JJA 257 37
| 25 | 2000 JJA 262 138
| 26 | 2001 JJA 260 381
| 27 ] 2002 JJA 258 384
| 28 | 2003 JJA 240 347
| 29 | 2004 JJA 265 519
| 30 | 2005 JJA 256 1.7
|31 2006 JJA 252 512
| 32 | 2007 JJA 255 6.36
| 33 | 2008 JJA 250 316
| 34 Normal 250
| 35 | slope 008 . HOIWA O #OIWATL an
| 36 |Single Regression intercept 2500 #DIV/ O #OIV/ Q1
[ 37 | Corrslation | 040 " #DIV/O! sonv/o |
38
| 39 | slope : sVALUE 7 wvaluR " avaLuB
| 40 |Multi Regression intercept #WALUBE
| 41 | Carrelation



3rd step

Confirm a regression coefficient at D35 and a constant at D36.
Input a regression equation “=$D$35 * $D4+$D$36” at G4.
Copy G4 and Paste G5:G33.

In case of precipitation, should be E, H instead of D, G.

Microsoft Excel - ExerciseForGuida

H] JrME) \EE) FRV) BAQ SO0 w0 F-F[D) TYEIW) ALTH)

BT T T AP R R YR AP fMs PIus ;
G4 = & =§D§35+5D4+5 D536
A | B c | o [ e [ ¢ T[T"& | H | I [

| 1 | Tokyo JAPAR Oleervation Forecast Prokabilistic Forecast
| 2 | “ear Target Wean Temp. Predictor 1 Predictor 2 Predictor 3 _ Regression Ermar N(Xs, onl
| 3 | deg C 23040 Prob. of above—normal
| 4 | 1975 JJA 257 -4 468 246 1

| 5 | 1980 JJA 236 —0.73

| 6 | 1981 JJA 242 -045

| 7| 1982 JJA 238 422

| 1983 JJA 238 -555
| 9 | 1984 JJA 255 —457
10| 1985 JJA 248 -416
| 11 | 1986 JJA 238 —4.75

12 1987 JJA 255 —445
| 13 | 1988 JJA 238 186
14 1985 JJA 240 —156
| 15 | 1990 JJA 258 —-052
16 1951 JJA 253 025
|17 ] 1992 JJA 244 452
18 1953 JJA 230 -723
| 19 | 1994 JJA 265 -321
20 1955 JJA 254 082
|21 1996 JJA 245 —-05%9
| 22 | 1957 JJA 254 173
| 23 | 1998 JJA 247 774
| 24 | 1955 JJA 257 37
| 25 | 2000 JJA 262 138
| 26 | 2001 JJA 260 381
| 27 2002 JJA 258 384
| 28 | 2003 JJA 240 347
| 29 | 2004 JJA 265 619
30 2005 JJA 256 1.7
| 31 | 2006 JJA 252 512
| 32 | 2007 JJA 255 6.36
| 33 | 2008 JJA 250 316
| 34 |Mormal 250
| 35 | slape 008 " DO #0101 on
| 36 |Single Regression intercept 2500 7 HDIV/O! #OIV/ Q1
[ 37 | Corrslation | 040 " #DIV/O! sonv/o |
38
| 39 | slope : sVALUE 7 wvaluR " avaLuB
| 40 |Multi Regression intercept #WALUBE
| 41 | Carrelation
246 1 Exoel -

i) DrAA(E) WEE) BRY) BAD BRQ) D) Fos() TroEOM) A

bl S L TR kA e F e B E - EL AR e :!\l‘
G > & —$OES5+504+80830
A B (=] s] E E G

1 Obea rvation Forecast

2| ear Target Mesn Temn Predictor 1 Predictor 2 Predictor 3 10801 Reare:
(3 degC 3040
L] 1679 LA %7 463 246
5] 1960 LA 736 073 248
[ 1801 LA 242 045 250
Lzl 19E2Z LI 39 -2 246
La| 1563 LA 39 £55 245
La] 16E4 LA %55 =457 245
o] 1665 LW 240 416 246
(] 1986 LA 7339 475 246
(12 1807 JJA 235 445 246
EER 1958 LA 39 184 252
(14 | 1HES LA 240 -1 56 248
[15 | 1660 LA %59 =052 250
16 | 1861 LA 253 025 250
7] 1882 LW 244 452 246
(18 1853 LA 230 723 242
(19| 1904 LA 285 =2 247
20 1985 4A 254 052 251
21| 1685 LA g =059 248
22| 1867 LA 254 173 252
[za] 1880 LW 247 774 257
[z4] 1583 LA 257 a7 253
(25 | 2000 JJA 262 133 281
[ 26 | 200 LA 260 am 253
[ 27 | 2002 LA %8 384 253
[ 28 | 2003 JJa 40 347 253
[ 20 2004 LA 265 613 256
[30] 2005 LA 756 17 252
En 2006 LA 22 512 255
L3z 2007 LA %5 635 256
(33 | 2008 LA pieJi 316 253

34 |Mormal 80




4th gtep
This is the end of single regression model.
You can see a time series line chart of forecast and observation.

Confirm an anomaly correlation coefficient at D37.

e s

2-3 Questions
What predictor do you select?
Can you get an accuracy guidance?

How does its guidance predict the hottest/coldest/drought/wet year in your country?



3. Multiple Regression model

The multiple regression model assumes predictand is sum of a linear combination of

predictors.
Multiple regression model is written as

Y=axt+b+ ¢+ t=1,2,3,......,n

Y is objective variable (i.e. predictand), x is predictors, a is regression coefficients, b is

constant. € 1s error term.

3-1 Methods

Preparation and 1st step is same as single regression model.

2rd gtep
Open GPVdata.xls and Indices.xls.

Select some predictors and Paste it on D,E,F line. Try each of predictors until you can

find the most effective combination of predictors while confirming anomaly correlation

coefficient at D37,E37,F37.
In case of precipitation, should be E, F, G line instead of D, E, F line.
[&] Microsoft Excel - ExerciseForGuidancerorsampis IR

IE_] I7ILE) WEE) FAY) BAQD SRO) YILI) FT-4D) TrrEIMW) ~NLTH)
NS E RSP E KRB A a8 = s 2] i 100%

~ @ ! MS PIZwi

D4 - £ 468 ab—|
A | B [ © [ D E | F [ & | H [ I |

| 1 | Tokyo JAPAMN Observation Forecast Probabilistic Forecast
| 2 | “rear| Target Mean Temp.  Predictor 1 Predictor 2 Predictor 3 Hs Regression Error MiXs, on)
| 3 | deg C 73040 I0BW S5T WP RAIN Prob. of abowve—rormal
L4 | 1979 JJA 257 -4.58 -0 oo}
| 5 | 1980 JJA 236 -0.7% 005 -064
| 6 | 1981 JJA 242 045 -0.03 a17
L7 1982 JJA 238 -422 008 051
| B8 | 1983 JJA 238 555 014 -094
| 9 | 1984 JJA 255 -457 -018 034
| 10 | 1985 JJA 248 -418 018 -076
11 1986 JJA 238 -475 -018 077
12 | 1987 JJA 255 -445 029 -0.02
| 13 | 1888 | JJA 238 1.88 0.08 —035
|14 | 1989 JJA 240 -156 -02 061
|15 | 1990 JJA 258 -052 003 02
|16 | 1991 JJA 253 025 004 -0.01
17 | 1992 JJA 244 -452 014 -0
|18 | 1993 JJA 230 -7.23 -0.03 -012
18 | 1994 JJA 265 -3.21 003 074
| 20 | 1995 JJA 254 052 003 07
L 21 | 1996 JJA 248 -059 0.0 -0.21
22 | 1997 JJA 254 1.73 003 076
|23 | 1998 JJA 247 774 0.34 -09%
| 24 | 1999 JJA 257 37 -027 017
|25 | 2000 JJA 26.2 1.38 -02 038
| 25 | 2001 JJA 260 381 004 039
27 | 2002 JJA 259 384 009 03
| 28 | 2003 JJA 240 347 003 002
|28 | 2004 JJA 265 619 -0.04 033
| 30 | 2005 JJA 256 1.7 014 -021
| 31 | 2006 JJA 252 512 -0.04 -02
| 32 | 2007 JJA 255 6.36 014 -01%
| 33 | 2008 JJA 250 316 —0.21 023
| 34 Morrnal 250
| 35 | slope 008 -052 059 on
| 36 |Single Regression intercept 2500 2500 2500
| 37 | Correlation [ 040 008 03z ]
| 36
| 30 | slope 008 023 0.00
| 40 |Multi Regression intercept 25.00
| 41 | Correlation

For Example:

Zonal mean height and Indian Ocean SST and Western North Pacific

Precipitation are selected as predictors for temperature in Tokyo.
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3rd step
If you select two predictors, input “=$D$39 *k $D4+$E$39 *k $E4+$D$40” at G4.

If you select three predictors, input “=$D$39 *k $D4+$E$39 *k $E4+$F$39 * $F4+$D$40”

at G4.
Copy G4 and Paste G5:G33.

And you can confirm an anomaly correlation coefficient at D41.

If the value of E41 is less than those of D37, E37, F37, let’s try the other combination of

predictors until you can get high accuracy multiple regression equation.
In case of precipitation, should be E, F, G, H line instead of D, E, F, G line.
(3] Microsoft Excel - ExeraseForGuidancerorsample [

IE_I] IPILE) B|EE) =RV BA(I) SHO) Y-II) FT—2(D) DrrEIW) ~LFH)
PN EE RS E AT E N B F 08 s AL 2B 100%

~ @ ! MS PIZws

G5 - A =EDE39+EDE+EERIEE E5+EFEIo*EF5+E 0540
A I o [ D [ E [ F [ & ] H [ I

| 1 | Tokyo JAPAMN Observation Forecast Probabilistic Forec:
| 2 | “fear Target lean Temp. Predictor 1 Predictor 2 Predictor 3 Hs Regression Errar MiXe, o n)
| 3 | deg C Z3040 MINOWEST WP RAIN Prob. of above—nor
| 4 1979 JJA 257 -4 458 -0.03 oe} 247
| 5 | 1880 JJA 238 -079 -01 -064 248
| 6 | 1981 JJA 242 -045 0.04 017 250
L7 1882 JJA 238 -422 -017 051 245
| 8 | 1983 JJA 239 -555 014 -094 245
| 9 | 1684 JJA 255 -457 005 034 248
| 10 | 1985 JJA 248 —416 0 -076 247
11 1986 JJA 238 -475 -0.02 a77 247
12 | 1987 JJA 255 —445 013 -0.02 248
| 13 | 1888 JJA 238 186 007 —-035 262
|14 | 1989 JJA 240 -156 0.01 Q61 248
|15 | 1990 JJA 259 -052 .01 0.2 25.0
|16 | 1851 JJA 253 025 -017 -0 248
17 | 1992 JJA 244 -452 -0.23 -0 245
|18 | 1893 JJA 230 -723 -047 -012 240
18 | 1994 JJA 265 -3.21 -0.0% 074 24.7
| 20 | 1855 JJA 254 052 0 -07 251
|21 | 1996 JJA 249 -059 017 -0.21 252
| 22 | 1897 JJA 254 173 -0.31 076 247
| 23 | 1998 JJA 247 774 012 -09% 258
| 24 | 1850 JJA 257 337 0.03 017 25.3
| 25 | 2000 JJA 262 1.38 015 038 253
| 25 | 2001 JJA 260 38 027 039 255
27 | 2002 JJA 259 384 .01 03 252
| 28 | 2003 JJA 240 347 0.26 a0z 255
|28 | 2004 JJA 265 619 .08 033 255
| 30 | 2005 JJA 258 17 019 -021 253
| 31 | 2006 JJA 252 512 015 -02 255
| 32 | 2007 JJA 255 §.36 019 -01% 254
| 33 | 2008 JJA 250 3146 003 023 252
| 34 Morrnal 250
| 35 | slope 002 212 059 an
| 36 |Single Regression interce pt 25 .00 2500 2500
E3 Corelation | 040 038 03z ]
| 36
| 30 | slope 0.06 115 0.00
| 40 |Multiple Regression intercept 25 .00
| 41| Correlation

For Example:

Selecting NINOWEST SST instead of Indian Ocean SST make the

correlation coefficient increase.



4th gtep
This is the end of multiple regression model.
You can see a time series line chart of forecast and observation.

In case of precipitation, input “=H4/4” at 14 to power of 4, and copy 14 and paste 15:133.

Micronsh D - i
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3-2 Questions

What predictors do you select?
Can you get more accuracy guidance than single regression model?

How does its guidance predict the hottest/coldest/drought/wet year in your country?

3-3 Reference

See the first reference materials about regression model in detail.



4. Probabilistic Forecast

Seasonal forecast has uncertainty due to chaotic character of the atmospheric flow.
Therefore it is necessary to take into account uncertainty of forecast. To do this, the best
method is the probabilistic forecast. Here we present probabilistic forecast issued by the
Japan Meteorological Agency (JMA) and verification of probabilistic forecast.

The Probability Density Function (PDF) is assumed as normal distribution
(Gaussian distribution) with mean X, and standard deviation o, (Fig. 4).
The mean X; is predicted by single/multiple regression model and standard deviation
is assumed as root mean square error of regression model.

JMA has issued three-categorical probabilistic forecast based on this guidance around

25th every month (Fig. 5).

Figure 4 Schematic diagram of forecast probability density function (PDF)

bove Normal

Below Normal

v

Below Nomal Normal Above Normal
40% 40% 20%

Figure 5 Schematic diagram of three categorical forecast

Dash lines indicate threshold value.



4-1 Methods
Preparation
ExerciseForGuidance.xls

Note the line for precipitation same as multiple regression model.

1st step

To calculate square of regression error, input “=($G4-$C4)*2” at H4.
¢ 2={y— (ax + b)}2

Copy H4 and Pate H5:H33.

In case of precipitation, should be I, J line instead of G, H line.

(5] Microsoft Excel - ExerciseForGuidanceForsample IR
@J JrILE) ®|EE) FTRV) BAQD =2E(0) YO F-5D) DsrEIW) ~LFH)
PO S E 2 GG QT K B F 0 8, s - A 2] 100%

- .@! MS POz w4

H4 - & =(FC4-§C4T2
A | B | & I D I E [ F [ & ] H [ i [y
| 1 | Tokyo JAPAR Observation Forecast Frokahilistic Forecast
| 2 | “ear Target hWean Temp.  Predictor 1 Predictor 2 Predictor 3 Ks Regression Error MN(Xs, @ n)
| 3 | deg C 23040 MNIMNOWEST WP RAIN Frob. of above-normal
L4 | 1979 JJA 257 -458 —003 Q08 247 1.040
| 5 | 1950 JJA 234 -0.78 -04 —0564 248 1528
| 6 | 1981 JJA 242 -045 0.04 Q17 250 0668
L7 1952 JJA 238 -422 017 01 245 0418
| B | 1983 JJA 238 555 —014 —054 245 0361
| & | 1954 JJA 255 -457 005 034 248 0520
|10 | 1985 JJA 248 —416 o} —0.78 247 0003
L1 15986 JJIA 238 -478 002 077 247 0620
12 | 1987 JJA 255 -445 —013 —0.02 244 0847
113 | 1988 JJA 238 186 007 —035 252 1 673
|14 | 1959 JJA 240 -156 oM 041 245 0838
|15 | 1980 JJA 258 -052 oo oz 250 0847
16 | 1981 JJA 253 025 —017 -0 245 0231
17 | 1952 JJA 244 -452 -023 -0 245 0004
|16 | 1983 JJA 230 =723 —047 -012 240 1.040
119 | 1984 JJA 265 -321 —005 074 247 3074
| 20 | 1985 JJA 254 082 o} —0.7 251 0118
21 | 19586 JJA 2458 -058 017 —0.21 252 0067
| 22 | 1987 JJA 254 173 —0.31 074 247 0424
| 23 | 1958 JJA 247 774 01z —085 256 0825
| 24 | 1953 JJA 257 37 003 17 253 0184
| 25 | 2000 JJA 262 138 015 038 253 0851
| 26 | 2000 JJA 2610 381 027 038 255 0210
| 27 | 2002 JJA 258 384 o 03 252 0428
| 26 | 2003 JJA 240 347 024 002 255 2278
| 29 | 2004 JJA 265 G158 Q.08 033 255 1065
| 30 | 2005 JJA 256 1M 018 021 253 0077
| 31 | 2006 JJA 252 51z 015 —0.2 255 0080
| 32 | 2007 JJA 255 G636 018 —019 256 0.011
| 33 | 2008 JJA 250 316 003 023 252 0.051
| 34 |MNormal 250 [=F
| 35 | slope 008 212 059 an
| 36 |Single Regression intercept 25 00 2500 2500
a7 Mnrrmlatinn | nan EEG nas |
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2rd gtep
To calculate Root Mean square error, input “=SQRT(AVERAGE(H4:H33))” at H34.

This value is used as standard deviation of normal distribution.

(5] merosot e - pxecsrorcussncerorsampis I

H) JrOUE ®EE FRV) BAQ SRO) Y@ F-40) Tc¥EIW) ALTH)

Pl (20 AT K DB 0 o8 s A R 100% z@fims Pz
H34 - & =SORT{AVERAGE(H4 H33))

A | B | & I D I E [ F [ & ] H [ i [y
| 1 | Tokyo JAPAR Observation Forecast Frokahilistic Forecast
| 2 | “ear Target hWean Temp.  Predictor 1 Predictor 2 Predictor 3 Regression Error MN(Xs, @ n)
| 3 | deg C 23040 MNIMNOWEST WP RAIN Frob. of above-normal
| 4 | 1979 JJA 257 -458 —003 Q08 247 1.040
| 5 | 1950 JJA 234 -0.78 -04 —0564 248 1528
| 6 | 1981 JJA 242 -045 0.04 Q17 250 0668
| 7 1952 JJA 238 -422 017 01 245 0418
| B | 1983 JJA 238 555 —014 —054 245 0351
| & | 1954 JJA 255 -457 005 034 248 0520
|10 | 1985 JJA 248 —416 o} —0.78 247 0.003
11 15986 JJIA 238 -478 002 077 247 0620
12 | 1987 JJA 255 -445 —013 —0.02 244 0847
113 | 1988 JJA 238 186 007 —035 252 1673
|14 | 1959 JJA 240 -156 oM 041 245 0838
| 15 | 1980 JJA 258 -052 oo oz 250 0847
| 16 | 1981 JJA 253 025 —017 -0 245 023
17 | 1952 JJA 244 -452 -023 -0 245 0.004
| 16 | 1983 JJA 230 =723 —047 -012 240 1.040
|19 | 1984 JJA 265 -321 —005 074 247 3074
| 20 | 1985 JJA 254 082 o} —0.7 251 0118
|21 19586 JJA 2458 -058 017 —0.21 252 0067
| 22 | 1987 JJA 254 173 —0.31 074 247 0424
| 23 | 1958 JJA 247 774 01z —085 256 0825
| 24 | 1953 JJA 257 37 003 17 253 0184
| 25 | 2000 JJA 262 138 015 038 253 0.8
| 26 | 2000 JJA 2610 381 027 038 255 0210
| 27 | 2002 JJA 258 384 o 03 252 0428
| 26 | 2003 JJA 240 347 024 002 255 2278
| 29 | 2004 JJA 265 G158 Q.08 033 255 1065
| 30 | 2005 JJA 256 1M 018 021 253 0077
| 31 | 2006 JJA 252 51z 015 —0.2 255 0080
| 32 | 2007 JJA 255 G636 018 —019 256 0.011
| 33 | 2008 JJA 250 316 003 023 252 0.051
| 34 |MNormal 250 I 0825 !
| 35 | slope 008 212 059 an
| 36 |Single Regression intercept 25 00 2500 2500

27 rarmmlatinn | nan nan naol
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3rd step

Assuming normal distribution N(Xs, o n),

input “=1-NORMDIST($C$34,$G4,$H$34, TRUE)” at I4.
Copy 14 and paste 15:133.

The values of I line indicate the probability of above-normal.

In case of precipitation, should be K line instead of I line.
(3] Microsoft Excel - ExerciseForGuidanceForsamp = LN
@_] I7MIME) #|EE) FERN) BAQ SR0O) YT F-L0) 2o YEIW) ~LTH)

S | |7 &% a3 || (i1 4B

SUM * XV A
A | EB © D E F G H I N

1 Tokyo JAPARN Observation Faorecast Probabilistic Forecast
2 | “ear Target Mean Temp. Predictor 1 Predictor 2 Predictor 3 Hs Regression Error MiXs, onl
| 3 | deg C 23040 NINOWEST WP RAIM Prob of above—normal
4| 1979 JJa 257 —468 -003 ooe]  247] 1.040 [71-NORMDIST(5C534 §
| 5 | 1980 JJA 236 -079 -01 -064 248 1529 42%
| 6 | 1981 JJa 242 -045 004 017 250 0669 51%
| 7| 1982 JJA 235 422 -017 051 245 0419 20%
| 8 | 1983 JJa 238 -555 -014 -024 245 0361 27%
| 9 | 1984 JJA 255 -457 005 034 248 0520 30%
| 10 | 1985 JJa 248 -416 0 -076 247 0.003 38%
|11 | 1986 JJA 235 -475 -0.02 077 247 0620 35%
|12 | 1987 JJa 255 —445 -013 -0.02 2486 0847 3%
|13 | 1888 JJa 238 186 007 -0.35 252 1673 58%
| 14 | 1989 JJa 240 -156 om 041 248 0839 46%
| 15 | 1930 JJA 259 -052 0m 02z 250 0847 48%
| 16 | 1991 Jua 253 025 -017 -0 248 023 %
|17 | 1992 JJA 244 -452 -023 -071 245 0.004 26%
| 18 | 1993 JJa 230 -723 -047 -012 240 1.040 12%
|18 | 1994 JJA 265 -3.21 -005 0.74 247 3074 38%
| 20 | 1985 JJa 254 052 0 -07 251 0119 53%
|21 | 1996 JJa 248 -059 017 -0.21 252 Q.067 58%
| 22 | 1987 JJa 254 173 -0 074 247 0424 38%
| 23 | 1998 JJA 247 774 01z -08% 2546 0825 T
| 24 | 1989 JJa 257 337 003 017 253 0194 2%
| 25 | 2000 JJA 262 138 015 038 253 08¢ 2%
| 25 | 2001 JJA 260 33 027 038 255 o210 T4%
| 27 | 2002 A 259 384 0m 03 252 0429 2%
| 28 | 2003 JJA 240 347 02§ 002 255 2279 F3%
| 20 | 2004 A 265 619 [SAL5] 033 255 1.065 1%
| 30 | 2005 JJA 256 171 018 -021 253 Q077 a5%
| 31 | 2006 A 252 512 015 02 255 Q080 TN
| 32 | 2007 JJA 255 §.35 018 -018 256 a0 TN
| 33 | 2008 A 250 3146 003 023 252 Q051 91%
34 |Mormal 0825
| 35 | slope 002 212 052 on
| 36 |Single Regression intercept 25 00 25 00 25 00
|37 | Correlation | 040 038 03z |
| 36 |
| 30 | slope 0.08 115 0.00
| 40 |Multiple Regression intercept 25 .00
| 41 | Correlation
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4th gtep

This is the end of probabilistic forecast.

You can see a time series bar chart of probabilistic forecast.
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For Example: Completion of probabilistic forecast for temperature.
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For Example: Completion of probabilistic forecast for precipitation.

4-2 Question
What is the difference of probability between temperature and precipitation?
4-3 Reference

See the second reference materials about seasonal forecast and predictability.
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The following are additional exercises

5. Evaluation of Probability forecast

In this section, we will present two techniques for evaluating probability
forecasting: one is the reliability diagram, which shows occurrence frequencies by
forecast probability, and the Brier score used to evaluate the forecasts; and the other is
the ROC (relative operating characteristic) curve, which is drawn based on “hit rates”
and “false alarm rates” that are often used to evaluate forecasting techniques. Fig.6

shows examples of these diagrams.

Ed (135.0=140.0,35.0M=37.5N) B B
BSS=18.42 Brel=98.3 Bres=19.7 EJ (135.0-140.0.35.0N—37.5N)
Ax100 = TE.6

1 100

0.9- a0 4 [

0.8 80 1 S0%
. 071 % 7] 40%
c 08 o 297 50%
L 051 © 501
S 041 E 40 60%
Lo 0.3 T 3pq #7O0%

I:}-i- .-". 4 20- B0

0.14, T - 1049

0 0.10.20.30405060.70.80.9 0 10 20 30 40 50 &0 YO 80 90 100
Forecast Probability False Alorm Raote (%)

Figure 6 Performance of guidance for monthly forecasts for Eastern Japan

Left: Reliability diagram; Right: ROC curve

The red line in the diagram on the left shows occurrence frequencies by forecast
probability, and the green line shows frequencies of forecast probabilities.

The curve in the diagram on the right shows combinations of hit rates and false alarm

rates by forecast probability value.

a) Brier Score
The Brier score (hereinafter abbreviated to BS) is used as a score to enable a
comprehensive evaluation of probability forecasting. The BS for two categories (written

as b) is defined by formula (1):
1 N
b:WZ(pi_vi)’ 0<p; <1 ViE{O,l} @
i=1

where N represents the total number of forecasts, p;, a forecast probability value,

and V; a variable that assumes 1 when the predicted phenomenon occurs and 0 when
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it does not occur. A smaller value of b represents a better result, and the BS is 0 for
perfect prediction, where forecasts are deterministic, with probability values assuming
either 0 or 100%, and where all of the forecasts come true.

Murphy (1973) showed that b can be mathematically decomposed into three
terms. If we rewrite (1) by separating terms for occurrence of the phenomenon from
those for non-occurrence, we obtain

b:%{Z(pt_1)2Mt+2(pt_0)2(Nt_Mt)} (2)

t

where t is a subscript assigned to each probability value (for example, p, =0.1), M,
the number of predicted phenomena that actually occurred for the #th probability value,
and N, the number of forecasts made for the £th probability value. We can transform
(2) further to obtain (3):
M N M M N M M
b=S"(p, — iy Ne 0 M Meya R [ My M 3)
Zt:(pt Nt) N Z(N Nt) N N( N)
where MZZMt, which represents the total number of predicted phenomena that
t

actually occurred.
The first term of the right hand side of (3) is called “reliability.” If we allow brel to
be the reliability, then

N,

M
brel = ——1)2
re Zt:(pt Nt) N (4)

M
where — is the proportion of predicted phenomena that occurred to the total number
t

of forecasts for the #th probability value (hereinafter referred to as the occurrence
frequency). A curve obtained by plotting the occurrence frequency for each forecast
probability value is known as a reliability diagram. A smaller values of brel represents
a larger number of forecasts made with forecast probabilities that match actual
occurrence frequencies. If all points of the reliability curve are located on the 45-degree
line where forecast probabilities and occurrence frequencies match, brel =0.

The second term of (3) is called “resolution.” If we allow it to be represented by
bres, then
bres =) (M —&)2 Ny (5)

— N N, N

The negative sign of bres in (3) indicates that larger values of bres represent better
results. A larger value of bres indicates that the difference between the occurrence

frequency of each forecast probability and the climatic frequency of the forecast event

W is greater. An examination of the reliability curve reveals that since the climatic

16



M .
frequency W for a three-category forecast is 33%, the greater the occurrence

frequency of probabilities of 0% or 60% or higher, the greater the value of bres is and
the better the results will be.
The third term in (3) is called “uncertainty.” If we allow it to be represented by
bunc, then
bunc :M(l—M) (6)
N N
This term is not related to the performance of forecasting. It is a term that depends on
the climatic frequency alone, which shows the level of uncertainty of the phenomenon.
These scores allow us to make judgments about the relative performance of
forecasts, but not about their significance. An improvement rate with respect to a
climatic value forecast is often used as a measure of the significance of forecasts. If we
write the BS of a climatic value as bC, the improvement rate can be defined by the
following formula:
bc—b
bc
BSS is called the “skill score.” If BSS <0, the forecast is inferior to the climatic value

BSS = (7

forecast, and BSS assumes the maximum value (BSS=1) for a perfect forecast.

Likewise, the improvements rate with respect to a climatic value forecast can be defined
for (4) and (5) as follows:
_bc—Drel

Brel €))
bc

Bres :_bres 9
bunc

Brel = Bres =1 for a perfect forecast.

These arguments make it clear that the reliability curve in the diagram on the left
in Fig.3, which roughly follows the 45-degree line, shows a high level of reliability in the
forecasting. Meanwhile, the occurrence rate assumes the highest value for the forecast
probability of 10%, decreasing as the probability value becomes greater. The diagram
also shows a positive value for BSS, which indicates that the forecasting is made with a

higher level of skill compared to the forecast of climatic values.

b) ROC

An ROC (relative operating characteristic) curve is a diagram used to verify and
evaluate probability forecasting based on economic values (user cost or loss). The curve
is drawn to evaluate forecasting, using “hit rates” on the vertical axis and “false alarm
rates” on the horizontal axis.

Table 1 shows the relationship between forecasts and observations for a case where an
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event is predicted to occur with forecast probabilities of pP; or higher. The “hit rate”

hr, and the “false alarm rate” fr, are defined as follows:

M
2™

. +C,
10
B Z(Nt _Mt)
fr=—"— =4 (11)
B, + D, N-M

hr, represents the proportion of predicted phenomena out of the total number of
phenomena that actually occurred, and is called a “hit rate.” The proportion of predicted
phenomena that occurred to the total number of forecasts is often called a hit rate. The
hit rate for an ROC curve refers to the “level of coverage,” which represents the degree
to which phenomena are covered by forecasts. Meanwhile, fr, represents the

proportion of predicted phenomena out of the total number of phenomena that did not

occur, and 1is called a “false alarm rate.”

Observation
Yes No
Yes | Ai Bi
Forecast
No Ci Di

Table 1 Correspondence between forecast and observation for a case where a

phenomenon was predicted with a forecast probability of p; or higher

A lot of case is needed to verify probabilistic forecast, so try to make some guidance at
weather stations. It is possible to total all case of each station and season. But it is not
necessary to total different variables such as temperature and precipitation. Because
the skill generally varies with variables.

If you can get them enough, let’s try to make a reliability diagram and calculate Brier

Skill Score using Excel software.

Can you get more accuracy guidance than the following Japanese guidance?
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|8] Microsoft Excel - ExerciseForGuidanceForTeache

H] JrLE &\EE) =RV BAD SR(Q) VoI F-4[0) TrrREW) AILTH)

NG H g A VE kBB S0 8 SR 100% ;"!5”5"3"*/‘W i
GB2 - & —(Fo2-EB2)/Faz

A B L@ [ D [ E [ F \ G [ H [
| 55 | 2002 JJA 188 51% 02620 50% 0 o]
| 56 | 2003 JJ4 185 57% 03222 G0% O o]
| 57 | 2004 JJ4 206 TI% ooMT TO% 1 1
| 58 | 2005 JJ4 2068 3T 03815 40% 1 1
| 59 | 2006 JJ4 202 ks 00864 T0% 1 1
| 60 | 2007 JJA 206 53% 02218 50% 1 1
| 61 | 2008 JJA 195 Fo% 00427 0% 1 1
| 62 | 1578 JJA Maha 275 23% 00525 20% 0 o]
| 63 | 1980 JJA 284 48% 02738 50% 1 1
| 64 | 1981 JJA 274 46% 02082 50% 0 o]
| 6% | 1982 JJA 274 28% 00793 30% 0 o]
| 66 | 1985 JJA 278 26% 00658 S0% 0 o]
| 67 | 1984 JJA 278 18% Q0320 20% 0 o]
| 65 | 1985 JJA 271 19% 00343 20% 0 o]
| 69 | 1986 JJA 278 16% 00262 20% 0 o]
| 70 | 1987 JJA 278 38% 01422 40% 0 o]
| 71| 1988 JJA 285 G4% 01274 G0% 1 1
| 72 | 1988 JJA 278 3% 00842 30% 0 o]
| 73 | 1980 JJ4 285 48% 0zg7z 50% 1 1
| 74 | 1981 JJ4 291 54% 02153 50% 1 1
| 75 | 1802 JJ4 276 3% 00865 30% 0 o]
| 76 | 1803 JJ4 283 12% Q702 10% 1 1
| 77 | 1994 JJA 283 27% 05350 30% 1 1
| 78 | 1905 JJA 275 57% 0327 G0% O o]
| 79 | 1906 JJA 283 46% 02838 50% 1 1
| 8O | 1987 JJA 274 G2% 03852 G0% O o]
| 81 | 1988 JJA 29 95% 00022 100% 1 1
| B2 | 1988 JJA 281 S0% 03452 G0 O o]
| B3 | 2000 JJA 277 48% 02313 50% 0 o]
| 84 | 2001 JJA 291 Fa% Q0674 70% 1
| B85 | 2002 JJA 28 ok 05808 0% 0 o]
| B4 | 2003 JJA 287 T 00794 70% 1
| 87 | 2004 JJA 28.2 1% 003586 0% 1 1
| B8 | 2005 JJA 283 G8% 1010 JO% 1
| 89 | 2006 JJA 284 Fa% Q0561 0% 1 1
| 90 | 2007 JJA 284 8% 00148 90% 1 1
| 91 | 2008 JJA 287 59% 017118 G0% 1 1
| 92 | 02037 O.25| 0185 _l
| 83 | Brier Score climate Brier Score  Brier Skill Score (BSS)
| 94 | eouation (7] of text
| 95 |
| 96 |
| 97 |
| o8 |
[ 99 |
[100]
101 |
1102 |
103
W 4 v wW ] Tempersture { Precipitation ), Verification
Jwuk

For Example: Calculating Brier Skill Score of JJA temperature, totaling Tokyo,

Sapporo and Naha station in Japan.
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For Example: Drawing Reliability Diagram of JJA temperature, totaling Tokyo,

Sapporo and Naha station in Japan.
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