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ABSTRACT

Abstract of thesis entitled:

The Application of Remote Sensed Inner-core Rainfall and Surface Latent

Heat Flux in Typhoon Intensity Forecast

Submitted by GAP, Si
for the degree of Doctor of Philosophy

at The Chinese University of Hong Kong in July 2010

Despite improvements in statistical and dynamic models in recent years, the
prediction of tropical cyclone (TC) intensity still lags that of track forecasting.
Recent advances in satellite remote sensing coupled with artificial intelligence
techniques offer us an opportunity to improve the forecasting skill of typhoon
intensity.

In this study rapid intensification (RI) of TCs is defined as over-water minimum
central pressure fall in excess of 20 hPa over a 24-h period. Composite analysis
shows satellite-based surface latent heat flux (SLHF) and inner-core rain rate (IRR)
are related to rapid intensifying TCs over the western North Pacific, suggesting
SLHF and IRR have the potential to add value to TC intensity forecasting.

Several linear regression models and neural network models are developed for the
intensity prediction of western North Pacific TC at 24-h, 48-h > and 72-h intervals.
The datasets include Japan Meteorological Agency (JMA) Regional Specialized
Meteorological Center Tokyo (RSMC Tokyo) best track data, the National Centers
for Environmental Prediction (NCEP) Global Forecasting System Final analysis, the
Tropical Rainfall Measuring Mission (TRMM) Microwave Imager sea surface
temperature (SST), the Objectively Analyzed Air-sea Fluxes (OAflux) SLHF and

TRMM Multisatellite Precipitation Analysis (TMPA) rain rate data. The models



include climatology and persistence (CLIPER), a model based on Statistical Typhoon
Intensity Prediction System (STIPS), which serves as the BASE model, and a model
of STIPS with additional satellite estimates of IRR and SLHF (STIPER). A revised
equation of TC maximum potential intensity (MPI) is derived using TMI Optimally
Interpolated Sea Surface Temperature data (OISST) with higher temporal and spatial
resolutions. Analysis of the resulting models indicates that the STIPER model
reduces the mean absolute intensity forecast error by 6% for TC intensity forecasts
out to 72 h compared to the CLIPER and BASE. Neural network models with the
same predictors as STIPER can provide up to 28% error reduction compared to
STIPER. The largest improvement is the intensity forecasts of the rapidly
intensifying and rapidly decaying TCs.

A logistic regression model (LRRI) and a neural network model (NNRI) for RI
forecasting of TCs are developed for the period 2000-2007. The five significant
predictors are intensity change in the previous 12 h - intensification potential,
lower-level relative humidity, eddy flux convergence at 200 hPa, and vertical wind
shear. The verification of forecasts in 2008 typhoon season shows that NNRI

outperforms LRRI for RI detection.



i =

8 T BV R TR TR AV A S T I B IS A T AR — e Ut - 28T
BN SRE TR IS TR AT 5 T RS (R THER « 47 2 2 28 A B RE Il U7 T Ay A
B 0 Rl 2 RS THER AR T 22 -

RS E 25 BT RE Y VR B 58 o i b RTE24/ INEF L i (R SRUBE TR R
A20hPao & o3 T4 SRR » AT # B AV RUEEUE 8 M N IZ & K FRBIPE K
PR R RN AR - REL - A ATRERI AR RS BN E R KR
DUEENT RIESR L THH -

ARSEIL T — Z 5 4 1 0] B A AU (i 4K A48 A0 T 24/ N ~ 487N A
T2/NEFPE R BV SRUTE SR R TH SR © ST R TR A Al AV EUE s H AR S
B (OMASRFEBEFSEZ T (RMSC Tokyo) iz EEs S EE - 2R
R 0 (NCEP) & ERFH I R &R AV B 48 I A EORE ~ B0V [ R BRI 51 &1

(TRMM) % 2 f80 B8 (TMDAYEZORE BdE ~ 2EWoods Holelg bt
FERT BBl REE (OAFIuX)IH H 2 BB RIEEVE B EIEN TRMM %
R T (TMPA)BEUE o 217 1 &R M o] S 158 70 (0 478 50 % o 4 P A 7Y

(CLIPER) T4t 2= JEl 58 K Pl /7 %5 (STIPS)AYREAY (Gz R IUAR Sy LA
T (BASE)) B i 1 f 2 BRI 0 SR8 B 8 1 N AZ & [ /K 3 R T A 1Y
STIPSHEAL (STIPER) | FH B 5155 28 73 W RN TM i (B4 (B Y 0 0 FE (B 5 T
TRV RIE R AREERIE (MPI)JTRE - BRI HT &5 LD - S T BASER
AU > STIPERFEAYHY24 25 72/ NI 58 & 7 i 1 29 48 3 3R % T [ i = £ 516 % [ Bl
STIPERHAYLE B {i Y [F)A TH 5 Rl - B 1 A0 4R 45 B U ) 1 29 4 3 TSR a2 T

ZE28% o A A SR AR R 55 B SRUTERY 5 TR OB K

Ty TR BV RE R A A RN 58 » 1|5 2000-2007 4 Ay B8 E 1T T @ 4 (0] i
A (LRRDANFHAE BB (NNRI) 7 {8 282 PR N T B 15 38 25 12/ N RF Y
SEEEL - RS  (RIZMHENRE - 200 hPall i@ S lEA I B R D) & - H
2008 2 Jo Z= (i iy 15 U TH 2R e R BANNRIFE R (B T LRRIFEAY -

R



ACKNOWLEDGEMENTS

First of all - | would like to express my sincere gratitude to my supervisor, Prof.
Long Sang Chiu, for his instructive advice and valuable suggestions on my
dissertation, without him this work would not have been completed. The
encouragement he gave me and the research methodologies and life attitude | learned
from him will be beneficial in my future career and life.

Thanks are extended to my committee members, Prof. Yee Leung, Prof. Yuanzhi
Zhang, and Prof. Gin-Rong Liu for their help and advice. Thanks also go to Dr.
Chung-Lin Shie, Dr. Roongroj Chokngamwong for the helpful discussion and
suggestions. | would also like to thank Prof. Johnny Chan and Prof. William Rossow
for their useful comments and suggestions on my presentation in a conference. | also
appreciate the encouragement from Prof. Hui Lin during my study.

| am indebted to many colleagues in the Institute of Space and Earth Information
Science (ISEIS) and the Department of Geography and Resource Management. A lot
of wonderful memories remind me the times spent with Mr. Biao Liu, Mr. Shengxiao
Wang, Mr. Shilai Cheng, Mr. Hongshuo Wang, Mr. Yu Zhou, Mr. Wei Zhang, Mr. Kai
Wang, Mr. Kai Cao, Mr. Yong Xu > Ms. Hongyan Xi, Ms. Qing Zhao, Ms. Xuehua
Gao, Ms. Chunlan Guo and other graduate students. Thanks go to them for any help
they gave me.

I am very grateful to my parents and other relatives for their unselfish support and
love. No matter where 1 go, I will always miss them and love them.

This work is supported by a CUHK Direct Grant. Thanks for the graduate
scholarship from CUHK/ISEIS.



TABLE OF CONTENTS

ABSTRACT i
ACKNOWLEDGEMENTS v
LIST OF TABLES vii
LIST OF FIGURES iX
LIST OF FIGURES IX
CHAPTER 1 Introduction 1
CHAPTER 2 Data and Methodology 10
2.1 Data 10
2.1.1 Tropical cyclone best track 10
2.1.2 Rain rate 11
2.1.3 Surface latent heat flux 12
2.1.4 NCEP analysis 15
2.1.5 Sea surface temperature 15
2.2 Methodology 16
2.2.1 Multiple linear regression 16
2.2.2 Neural networks 18
2.2.3 Logistic regression 22

CHAPTER 3 Surface Latent Heat Flux and Rainfall Associated with Rapidly

Intensifying Tropical Cyclones over the Western North Pacific 25
3.1 Intensity change distribution 27
3.2 Rainfall pattern 31
3.3 SLHF pattern 33
3.4 Summary and discussion 44

CHAPTER 4 Development of Statistical Typhoon Intensity Prediction:

Application to Satellite Observed Rain Rate and Surface Evaporation 46
4.1 Potential predictors 47
4.1.1 MPI estimation 49
4.1.2 Other potential predictors 51
4.2 Linear regression models 55
4.2.1 24-h intensity prediction 56
4.2.2 48-h intensity prediction 65
4.2.3 72-h intensity prediction 69
4.3 Neural network models 73
4.4 Summary 80

CHAPTER 5 Typhoon Rapid Intensification Forecasting Using Logistic
Regression and Neural Networks 82



5.1 Model development
5.2 Model verification in 2008 typhoon season
5.3 Summary

CHAPTER 6 Conclusion and Discussion

6.1 Conclusion

6.2 Discussion
6.2.1 Potential for operational use
6.2.2 Additional error source for operational use
6.2.3 Future work

BIBLIOGRAPHY
APPENDIX A suite of sample codes

84
85
89

90
90
91
91
92
92

94
106



LIST OF TABLES

Table 2.1 Datasets used in this study and the temporal and spatial coverage and
resolution 16

Table 2.2 A 2 x 2 contingency table for categorical forecast verification 23

Table 3.1 The sample sizes of four categories stratified by moving direction. The
number of R1 and non-RI samples and the percentage of RI samples for each
category are also presented 37

Table 4.1 Potential climatological, environmental, and satellite-based predictors. The
predictors that are evaluated at the beginning of the forecast period are static (S), and
the predictors that are averaged along storm track from the initial time to the forecast
time are time dependent (T) 48

Table 4.2 SST group properties 52

Table 4.3 Correlation coefficients between 24-h minimum central pressure (ApP24)
change and area-averaged SLHF within different size of boxes. The number of
samples during the period 2000-2008 is 1728 54

Table 4.4 STIPER predictor normalized regression coefficients in different
verification years for 24-h forecasts. The predictors are listed on the left side of the
table and the verification years are listed at the top with the number of dependent
samples (N) used to develop the equation shown in parentheses 58

Table 4.5 Developmental statistics of CLIPER, BASE and STIPER models for 24-h
forecast. Mean absolute error (MAE, kt) of the model estimate and percent variance
explained (R") are shown 59

Table 4.6 Mean absolute errors (MAE, kt) and percent variances explained (R") for
CLIPER, BASE, and STIPER 24-h forecasts in different verification years with
number of samples (N). The best model for each verification year is indicated in bold
italics 62

Table 4.7 Statistics of 24-h observations and forecasts from the STIPER model. The
unit of intensity change is kt day~" the unit of intensity is kt, and the unit of variance
is ktday-" 63

Table 4.8 STIPER predictor normalized regression coefficients with explained
variances (R", %) statistic at the bottom in different verification years for 48-h
forecasts. The predictors are listed on the left side of the table and the verification
years are listed at the top with the number of dependent samples (N) used to develop
the equation shown in parentheses 67

Table 4.9 Developmental statistics of CLIPER - BASE and STIPER models for 48-h
forecast. Mean absolute error of the model estimate and percent variance explained
(r2) are shown 68

Table 4.10 Mean absolute errors (MAE, kt) and percent variances explained (R") for
CLIPER > BASE > and STIPER 48-h forecasts in different verification years with
number of samples (N). The best model for each verification year is indicated in bold
italics 69

Table 4.11 STIPER predictor normalized regression coefficients with explained

Vil



variances (R”, %) statistic at the bottom in different verification years for 72-h
forecasts. The predictors are listed on the left side of the table and the verification
years are listed at the top with the number of dependent samples (N) used to develop
the equation shown in parentheses 70

Table 4.12 Developmental statistics of CLIPER, BASE and SUPER models for 72-h
forecast. Mean absolute error of the model estimate and percent variance explained
(r2) are shown 71

Table 4.13 Mean absolute errors (MAE, kt) and percent variances explained (R") for
CLIPER, BASE - and SUPER 72-h forecasts in different verification years with
number of samples (N). The best model for each verification year is indicated in bold
italics 72

Table 4.14 Mean absolute errors (MAE, kt) and percent variances explained (R") of
neural network modes (NN24, NN48, and NN72) for 24-h, 48-h, and 72-h intensity

forecasts in different verification years 75
Table 5.1 LRRI predictor regression coefficients. The predictors are listed on the left
side of the table. 1176 dependent samples are used to develop the model 85
Table 5.2 A 2 x 2 contingency table of the LRRI model forecasts in 2008. Threshold
probability is set at 0.5 86
Table 5.3 A2 x 2 contingency table of the NNRI model forecasts in 2008. Threshold
probability is set at 0.5 86

Table 5.4 Skill scores of the LRRI and NNRI model. Probability of detection (POD),
false alarm ratio (FAR), critical success index (CSl), and equitable threat score (ETS)
are used to evaluate the model performance in 2008. Threshold probability is set at

0.5 87
Table 5.5 Impact of varying threshold probability on the LRRI model 87
Table 5.6 Impact of varying threshold probability on the NNRI model 88

Vil



LIST OF FIGURES

Figure 2.1 Architectural graph of a neural network with one hidden layer 20

Figure 3.1 The frequency distributions of 24-h intensity change (AP24) stratified by
tropical cyclone intensity at time r = 0 h. The distributions are provided for tropical

depressions, tropical storms, typhoons, and all tropical cyclones 28
Figure 3.2 Same as figure 3.1 except for cumulative frequency distribution 29
Figure 3.3 The 24-h tracks of the 1998-2006 rapid intensification samples 30
Figure 3.4 The seasonal distribution of RJ samples (1998-2006) 31

Figure 3.5 The composite initial rainfall distribution of: (a) RI samples; (b) non-RI
samples; (c) difference between RI and non-RI samples (RI samples - non-RI
samples) for all the samples. Areas with statistically significant difference at the 95%
confidence level are shaded. The origin denotes the tropical cyclone center at t=Oh.
The X and y ordinates represent east and north, respectively. (Unit: mm hou—1) 32

Figure 3.6 Same as Figure 3.5 except for SLHF. (Unit: W m"?) 34
Figure 3.7 Same as Figure 3.6 except for near-surface wind speed. (Unit: m ... 35
Figure 3.8 Same as Figure 3.6 except for air-sea humidity difference. (Unit: g kg~")36

Figure 3.9 Four categories based on moving direction: westward moving category
(WM), northwestward moving category (NWM), northward moving category (NM),
northeastward moving category (NEM). The filled circle and the unfilled circle
denote tropical cyclone positions at t = to and at t = to+24h, respectively. Each of four

angles is 4517 38
Figure 3.10 Same as Figure 3.6 except for westward moving category 39
Figure 3.11 Same as Figure 3.6 except for northwestward moving category 41
Figure 3.12 Same as Figure 3.6 except for northward moving category 42
Figure 3.13 Same as Figure 3.6 except for northeastward moving category 43

Figure 4.1 The empirical relationship between maximum potential intensity (MPI, kt)
and sea surface temperature (] C)The relationship is derived from data of 9 yr
(2000-2008) and the individual data points used for its development are also shown.

51

Figure 4.2 Scatter plots of STIPER predicted intensity change and observed intensity
change for (a) dependent training samples during 2000-2007, (b) independent
verification samples in 2008 61

Figure 4.3 BASE model and STIPER model mean absolute error (MAE) (a) stratified
by best-track initial intensity (MWSO) in 5-kt bins for 24-h forecasts and (b)
stratified by 24-h intensity change (DELV) in 5-kt bins. Lower values of mean
absolute error represent better forecasts. Dotted lines represent the number of valid
observations within a particular bin 64

Figure 4.4 The mean absolute errors (MAE, kt) of four regression models (CLIPER,
BASE, STIPER, and NN24) in different verification years at 24-h forecast time.... 75

Figure 4.5 The mean absolute errors (MAE, kt) of four regression models (CLIPER,



BASE > SUPER, and NN48) in different verification years at 48-h forecast time..* 76

Figure 4.6 The mean absolute errors (MAE, kt) of four regression models (CLIPER -
BASE, SUPER, and NN72) in different verification years at 72-h forecast time.... 77

Figure 4.7 Scatter plots of SUPER and NN24 predicted 24-h intensity change versus
observed 24-h intensity change for (a) dependent training samples during 2000—2007 -
(b) independent verification samples in 2008 78

Figure 4.8 NN24 model and STIPER model mean absolute error (MAE) (a) stratified
by best-track initial intensity (MWSOQO) in 5-kt bins for 24-h forecasts and (b)
stratified by 24-h intensity change (DELV) in 5-kt bins. Lower values of mean
absolute error represent better forecasts. Dotted lines represent the number of valid
observations within a particular bin 79

Figure 5.1 Equitable threat scores as a function of threshold probability for both
LRRI and NNRI models 88



CHAPTER 1 Introduction

A tropical cyclone (TC) is a warm-core, non-frontal, synoptic-scale cyclone that
originates over tropical or subtropical oceans and is driven principally by heat
transfer from the ocean. Usually for the purpose of issuing useful warnings, TCs are
categorized according to their maximum wind speed, defined as the maximum speed
of the wind at an altitude of 10 m, averaged over 10 min except in the United States
where a 1 min average is conventional. TCs in their formative stage, with maximum
winds of 17 m s—I[1 (3Bnots) or less, are known as tropical depressions; when their
maximum wind speeds are in the range of 18 to 32 m s— (34 to 63 knots), they are
called tropical storms, whereas TCs with maximum winds of 33 m (64 knots) or
greater are called hurricanes in the western North Atlantic and eastern North Pacific,
typhoons in the western North Pacific, and severe TCs elsewhere such as in the
Indian Ocean and South Pacific (Emanuel 2003).

TCs have some major benefits. These storms play a very important role in
balancing the earth's heat by transporting great amounts of heat from tropical oceans
to the polar regions of the globe. They also provide beneficial rains to many areas
that would otherwise be affected by drought so as to save fanners and water supplies
in many communities.

However, the devastating TC seasons of recent years have highlighted the
importance of TC forecasting. The extensive damage and loss of life caused by TCs

result from a lot of natural hazards, such as storm surge (a rapid, local rise in sea



level associated with storm landfall), strong winds, heavy rains and their associated
flash flood, landslides, mudflows and so on. For example, Hurricane Katrina and the
accompanying flood due to the collapse of the levees in Louisiana of the 2005
Atlantic hurricane season was the largest natural disaster in the history of the United
States. Estimated total damage was $81 billion (2005 USD, Knabb et al. 2005),
making it the most costly storm in United States since the 1926 Great Miami
Hurricane (Pielke et al. 2008). Over 1,800 people died in the actual hurricane and in
the subsequent floods, making it the deadliest U.S. hurricane since the 1928
Okeechobee Hurricane. The Galveston storm of 1900 was ranked the deadliest in US,
the storm resulted in 8000-12000 death. And Super Typhoon Nina was a short-lived
but intense 1975 super typhoon that caused major damage and deaths in China,
mainly due to the collapse of the Bangiao Dam. Over 100,000 people lost their lives
because of the resulting floods, making it one of the deadliest TCs recorded in
history. Recently Cyclone Nargis in 2008 was a strong TC that caused the worst
natural disaster in the recorded history of Myanmar. Official death toll estimates
exceed 138,000 fatalities. Damage estimates at over $10 billion made it the most
damaging cyclone ever recorded in the Indian Ocean Basin (Fritz et al. 2009).

Zhang et al. (2009) examined the direct economic losses and human casualties
caused by TCs that made landfall in China during 1983-2006 using the dataset
released by the Department of Civil Affairs of China. On average, seven TCs made
landfall over mainland China and Hainan Island, leading to 472 deaths and direct

economic losses of 28.7 billion yuan (2006 RMB) per year.



Accurate forecasting of TC track and intensity is therefore essential to minimize
economic losses and human casualties caused by the disasters associated with TCs.
While track forecasting skill has made relatively steady improvement over the years
with improved numerical models (Kurihara et al, 1998), satellite (Soden et al. 2001;
Goerss 2009) and dropsonde (Burpee et al. 1996; Tuleya and Lord, 1997; Aberson
and Franklin, 1999; Wu et al. 2005; Weissmann 2010) observation, the prediction of
TC intensity or maximum sustained surface winds still lags far behind that of track
forecasts and remains a big challenge in all TC basins (Knaff et al. 2005).

At present there are three primary kinds of TC intensity guidance techniques: 1)
the simple Statistical Hurricane Intensity Forecast (SHIFOR) or Statistical Typhoon
Intensity Forecast (STIFOR) model (Jarvinen and Neumann 1979; Chu 1994,
Knaff et al. 2003), which makes a prediction based on climatology and persistence
(CLIPER). [See Panofsky and Brier (1968) for a basic discussion about
meteorological forecast verification.] Climatology refers to climatological averages,
and persistence is a forecast that the current conditions will continue.], the predictors
contain Julian date information, latitude, longitude, translational speed current
intensity and 12-h intensity change in the previous 12 h of the storm,; 2) the
dynamical models such as the Geophysical Fluid Dynamics Laboratory (GFDL)
hurricane model (Kurihara et al. 1998; Bender et al. 2007), Japanese Meteorological
Agency limited area typhoon model (JTYM) (Tatsumi 1986) and Hurricane Weather
Research and Forecasting (HWRF) model (Davis et al 2008; Surgi et al. 2008; Xiao

et al. 2009); 3) statistical-dynamic models such as the Statistical Hurricane



Intensity Prediction Scheme (SHIPS) (DeMaria and Kaplan 1994a; DeMaria and
Kaplan 1999; DeMaria et al. 2005) and the Statistical Typhoon Intensity Prediction
Scheme (STIPS) (Knaff et al. 2005), which usually produce the best forecasts among
the three kinds of techniques because they employ the strengths of both statistical
models and dynamical models, and combine parameters related to CLIPER and
synoptic-environmental parameters derived from numerical weather forecasts. The
synoptic-environmental parameters are mainly composed of 200-hPa eddy
momentum flux convergence, maximum potential intensity that depends on sea
surface temperature (SST), 850-200-hPa vertical wind shear, 200-hPa temperature,
higher and lower level relative humidity and 850-hPa relative vorticity. The SHIFOR
(or STIFOR) model is primarily used as a baseline for evaluating the skill of the
official intensity forecasts and those from the objective models.

DeMaria et al. (2007) evaluated the National Hurricane Center and Joint Typhoon
Warning Center operational TC intensity forecasts for the three major northern
hemisphere TC basins (Atlantic, eastern North Pacific, and western North Pacific)
for the past two decades, and found that there had been some marginal improvement
at 24 and 48 h for the Atlantic and at 72 h for the eastern and western Pacific. The
intensity forecasts had significant skill out to 96 h in the Atlantic and out to 72 h in
the eastern and western Pacific. The skill of the intensity forecasts was comparable at
12 h with that of the track forecast, but the track forecasts were 2 to 5 times more
skillful by 72 h. The comparison results of track and intensity forecast error trends

for the two-decade period showed that the percentage track forecast improvement



was almost an order of magnitude larger than that for intensity, indicating that
intensity forecasting still has a long way to go. Especially, the rapid intensity changes
associated with TCs are nearly impossible to predict in current forecast models
(Elsbeiry et al. 2007; Blackerby 2005).

In general, the relatively low skill of intensity forecasts and the inability to
forecast RI are primarily due to the complexity of the TC intensity change processes
and our limited understanding of these processes. In the past, the impact of the ocean
(e.g. SST, ocean heat content), inner-core processes (e.g. eyewall replacement,
inner-core asymmetry, sea spray) > and environmental interactions (e.g. vertical wind
shear, flow pattern, upper tropospheric trough) on TC intensity change have been
examined (Willoughby et al. 1982; Shay et al. 2000; Wang 2002; Kaplan and
DeMaria 2003; Yu and Kwon 2005; Ventham and Wang 2007; Yang et al. 2007;
Mainelli et al. 2008). Some of those have been considered as potential predictors in
current operational TC intensity forecasting models.

The SHIPS has been refined by including some satellite-based predictors.
Fitzpatrick (1997) was the first to attempt to add infrared satellite observations of
western North Pacific TCs into a linear regression scheme similar to that used by
DeMaria and Kaplan (1994a). The resulting model showed competitive skill with the
operational intensity forecasts issued in 1983 by the Joint Typhoon Warning Center.
DeMaria et al. (2005) tried to include brightness temperature from Geostationary
Operational Environmental Satellite (GOES) infrared (10.7 jam) imagery and ocean

heat content (OHC, which were only available in Atlantic) from satellite-based



altimetry into SHIPS during 2003 and 2004 Atlantic and eastern Pacific TC seasons.
At 12-72 h, the Atlantic forecasts were improved by up to 3.5% due to the inclusion
of OHC and GOES brightness temperature, and the eastern North Pacific forecasts
were improved by up to 7% because of the addition of GOES data.

One major limitation of infrared images is that low-level TC characteristics are
often obscured by cirrus shields (Lee et al. 2002). Therefore Jones et al. (2006)
further enhanced SHIPS by adding some new predictors derived from passive
microwave imagery (SHIPS-MI). These new predictors were calculated within a
radius of 100 km centered at the best-track defined TC position using brightness
temperature converted from passive microwave imagery, which were collected from
the Defense Meteorological Satellite Program (DMSP) and Tropical Rainfall
Measuring Mission (TRMM) satellites. The relevant sensors include the Special
Sensor Microwave Imager (SSM/I; Hollinger et al 1987) aboard the DMSP satellites
and the TRMM Microwave Imager (TMI; Kummerow et al. 1998). A 2%-8%
improvement was produced for the Atlantic and eastern North Pacific TC intensity
forecasts out to 72 h. The improvement in both basins was largest for rapidly
intensifying or weakening TCs. That is to say, SHIPS-MI does partially solve the
problem of inability to predict rapid intensification (RI) of TCs.

More recently, the OHC estimation was applied to operational forecast of the
intensity of category 5 hurricanes during 2003-2005 hurricane seasons (Mainelli et al.
2008). The OHC input can reduce the average intensity errors of the SHIPS forecasts

by up to 5% for all cases of these intense storms, and up to 20% for individual



hurricanes - although the addition of OHC only produced up to 1% improvement on
the intensity forecast for all the dependent TC samples during about 10 years.

However, the TC intensity forecasting still has much room to improve.
Wind-induced surface heat exchange (WISHE; Emanuel 1986) has been considered
as one of the major mechanisms for cyclone intensification. Surface latent heat flux
(SLHF), which is the amount of energy exchange between the surface and the air due
to evaporation or condensation, is one of the major energy sources for TC
development; however few studies examined its role in TC RI using analyzed or
observational data quantitatively. Only two case studies can be found. Gautam et al.
(2005) used National Centers for Environmental Prediction (NCEP) reanalysis data
and found that SLHF was strongly coupled and was associated with the intensity
variations of hurricane Isabel (2003). And most recently Lin et al. (2009) employed
satellite-derived data and showed that SLHF was the primary contributor to the total
enthalpy during the RI period of Cyclone Nargis (2008). Although SST has been
utilized to estimate the maximum potential intensity (MPI, e.g.” DeMaria and Kaplan
1994; Whitney and Hobgood 1997) which is already a predictor in statistical typhoon
intensity prediction schemes (e.g., Knaff et al., 2005), SLHF is a nonlinear
combination of near-surface wind speed and the difference of surface humidity (Qs)
and near-surface humidity, where Qs depends on SST.

The latent heat release (LHR) through condensation and precipitation processes,
especially in the inner core (radius of 110 km from storm center), is vital to the

development and maintenance of TCs (Chamey and Eliassen 1964; Kuo 1965). The



rainfall as a proxy of condensational heating is a good indicator of typhoon strength.
Many case studies (e.g., Riehl and Malkus 1961; Rao and Macarthur 1994; Rodgers
et al. 1994; Chang et al. 1995; Rodgers and Pierce 1995; Rodgers et al. 1998;
Simpson et al. 1998; Rodgers et al. 2000; Heymsfield et al. 2001; Jiang et al. 2008)
have showed examples that the strength of TC intensity is significantly correlated
with rainfall intensity within the inner cores of TCs using satellite or aircraft
observation data.

The operational satellite-enhanced TC intensity prediction schemes are only
available in Atlantic and eastern North Pacific at present. To further improve TC
intensity prediction, especially RI prediction in western North Pacific, we will add
two new satellite-based predictors (SLHF and inner-core rain rate) and employ more
sophisticated statistical techniques such as neural networks and logistic regression.
Neural network model has shown better performance than linear regression model in
TC intensity prediction (Baik and Hwang 2000; Jin et al. 2008), Logistic regression
model has been applied to predict TC formation (Mundhenk 2009; Fu et al. 2010)
and can also be used in TC RI forecasting.

Data and methodology is described in chapter 2. Chapter 3 provides SLHF and
rainfall associated with rapidly intensifying TCs over western North Pacific and
demonstrates that SLHF and inner-core rain rate have the potential to be new
predictors. Development of statistical typhoon intensity prediction schemes using
multiple linear regression and neural networks by adding SLHF and inner-core rain

rate is presented in chapter 4. In chapter 5, neural network model and logistic



regression model for typhoon RJ prediction are developed. Finally, conclusion and

discussion are given in chapter 6.



CHAPTER 2 Data and Methodology

2.1 Data
2.1.1 Tropical cyclone best track

The TC best track data containing position and intensity information used in this
study is collected from Japan Meteorological Agency (JMA) Regional Specialized
Meteorological Center Tokyo (RSMC Tokyo). This post analysis best track data
consist of 6-h estimates of position (latitude and longitude), minimum central
pressure (MCP), and 10-min maximum sustained wind speed (MWS) for all named
TCs in western North Pacific (WNP) basin including the South China Sea (SCS)
from 1951 to the present.

RSMC Tokyo employed the original Dvorak (1982, 1984) technique to estimate
TC position and intensity till 1990 and a modified version of Dvorak technique by
Koba et al. (1990) has been utilized since 1990. The MWS is rounded to the nearest
5 kt (1 kt = 0.5144 m s—i) > e MCP is rounded to the nearest millibar, and latitude
and longitude of the position are rounded to the nearest tenth.

Those non-developing tropical depressions which did not reach the strength of
tropical storm were not recorded in the dataset.

Joint Typhoon Warning Center (JTWC) of U.S. Naval Pacific Meteorology
Oceanography Center in Hawaii (in Guam before 1999) also provides TC best track
data over the WNP; the difference is that at JTWC 1-min MWS is determined using

original Dvorak technique as well as improved techniques such as the objective

10



Dvorak technique (Velden et al. 1998) and advanced objective Dvorak technique
(Olander and Velden 2007). A comparison study by Song et al. (2010) showed that
JTWC data have higher intensity estimates for typhoons, but lower intensity
estimates for tropical depressions than RSMC Tokyo data. Yu et al. (2007)
developed simple linear regression models based on CLIPER and found that the
model using RSMC Tokyo MWS estimates produced smaller error than the model

using JTWC MWS estimates. Therefore RSMC Tokyo dataset is used in this study.

2.1.2 Rain rate

The rainfall dataset used in this study is the Tropical Rainfall Measuring Mission
(TRMM) Multisatellite Precipitation Analysis (TMPA) (Huffman et al, 2007).
TMPA at fine resolutions (0.25° x 0.25° and 3 hourly) combines precipitation
estimates from multiple satellites, as well as land surface rainfall gauge analyses
when possible. The precipitation data sources from satellites include TMI and
Precipitation Radar (PR) on TRMM (Kummerow et al. 1998; Haddad et al. 1997),
SSM/I (Wentz and Spencer 1998) on DMSP satellites, Advanced Microwave
Scanning Radiometer Earth Observing System (AMSR-E; Wilheit et al. 2003) on the
AQUA satellite, Advanced Microwave Sounding Unit-B (AMSU-B; Weng et al.
2003) on the National Oceanic and Atmospheric Administration (NOAA) satellites,
and infrared data of geosynchronous earth orbit satellites (Janowiak et al. 2001) and
Geostationary Operational Environmental Satellite (GOES) Precipitation Index (GPI;

Arkin and Meisner 1987) estimates. Both research-quality and real-time TMPA
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products are available. At present the gauge analyses are merged into the
research-quality product only. The dataset covers the area between 501 NMnd 50°S
for the period from 1998 to the present. The latency in the real-time product is on the

order of 2-3 h.

2.1.3 Surface latent heat flux
A number of semi-operational SLHF products are examined for this study. For
satellite-based products, such as the National Aeronautics and Space Administration
(NASA)/Goddard Space Flight Center Satellite-based Surface Turbulent Flux
(GSSTF) dataset (Chou et al. 1997, 2003; Shie et al. 2009), the Japanese Ocean Flux
utilizing Remote Sensing Observations (J-OFURO) (Kubota et al,, 2002) and the
Hamburg Ocean-Atmospheric Parameter Set (HOAPS) (Grassl et al, 2000). They
are deemed inadequate due to either coarse resolution, missing data around the TC
center or insufficient temporal coverage. The third release of the Objectively
Analyzed Air-sea Fluxes (OAflux) (Yu et al. 2008) daily SLHF product is utilized
due to its global ocean coverage and availability for the relatively long period from
1985 to 2008. OAFIlux dataset is gridded on a 1.0° latitude-longitude resolution for
the global ocean basins that are free from ice. The SLHF, Qlh, is based on the
state-of-the-art Coupled Ocean-Atmosphere Response Experiment (COARE) bulk
flux algorithm 3.0 (COARE 3.0; Fairall et al. 2003), viz
Qlh = pLeC”Uigq,-qj = pL.c"UAq (2.1)

where p is the density of air, Le is the latent heat of evaporation, Ceis the turbulent
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exchange coefficients for latent heat flux, U is the wind speed relative to the sea
surface at the height of 10 m, A® = gs — Qawhere gs and ga denote the surface and
near-surface (i.e. 2 m) atmospheric specific humidity, respectively.{/, is computed
from the saturation humidity, gsau for pure water at SST Ts,
1=0.9801,,(7 ;) (2.2)

where a multiplier factor of 0.98 is used to take into account the reduction in vapor
pressure caused by a typical salinity of 34 psu. It is worth pointing out that the
extrapolated values of @y in COARE 3.0 from 19 m s— through 36 m s** are in good
agreement with the results from Coupled Boundary Layer Air-Sea Transfer
Experiment (CBLAST; Black et al. 2007) and the Humidity Exchange Over the Sea
(HEXQOS; DeCosmo et al. 1996; modified as per Fairall et al. 2003). This suggests
that Ce is constant with wind speed up to hurricane-force winds of 33 m s—( |

The difference of OAFlux SLHF product from other flux products is that it is not
derived from one single data source, but determined by objectively blending the
multiple data sources from satellite and numerical weather prediction (NWP) model
outputs while using in situ observations to assign the weights. Three variables (JJ, Ts,
ga) are needed for OAFIlux synthesis of SLHF. Input data sources of satellite wind
speed are from SSM/I (Wentz 1997), the Quick Scatterometer (QUikSCAT; Lungu
2001) and AMSR-E (Wentz and Meissner 2000) available from the Remote Sensing
System (RSS) website at http://www.ssmi.com. These wind data at twice daily and
quarter-degree resolution are averaged to daily and 1-degree resolution of OAFlux.

Satellite near surface humidity fields at 10 m above sea level from 1988 to 2000
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obtained from version 2 of GSSTF (GSSTF2; Chou et al. 2003) was employed to
estimate daily near surface humidity at 1-degree resolution from SSM/I data (Chou et
al. 1995 > 1997). SST input dataset is NOAA Optimally Interpolated (01) daily SST
analysis at quarter-degree resolution produced by Reynolds et al. (2007). There are
two products for this SST analysis, one is Advanced Very High Resolution
Radiometer (AVHRR) infrared SST available from January 1985 to present and the
other is the combination of AVHRR infrared SST and AMSR-E microwave SST
available from June 2002 to present. Both products use in situ observations from
buoys and ships to adjust satellite bias. The AVHRR only SST product was averaged
onto 1-degree grid to develop OAFIlux dataset for the consistency of the time series.
However, satellite observations do not cover 100% global ocean on daily basis, so
daily-averaged and linearly interpolated surface meteorological data at 1-degree
resolution from the 40-yr European Centre for Medium-Range Weather Forecasts
(ECMWEF) Re-Analysis (ERA-40; Uppala et al. 2005), and the National Centers for
Environmental Prediction (NCEP) reanalysis (Kalnay et al. 1996; Kanamitsu et al
2002) were used to fill in the information that satellites cannot provide and to fill in
the missing gaps between swaths. Consistent with the NWP model outputs, the
synthesis produced U at 10 m, ga at 2 m, and Ts at the sea surface. A height
adjustment was applied to those input datasets that do not have the specified

reference heights.

OAFIlux also provides daily U, gs, and ga data that are used to calculate SLHF.
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2.1.4 NCEP analysis

NCEP Global Forecasting System (GFS) Final (FNL) analysis (Yang et al. 2006)
at 1-degree and 6-hourly resolution is used to derive environmental predictors in
STIPS (Knaff et al. 2005) for the development of typhoon intensity prediction
models. Specifically, the environmental data include air temperature, wind, relative
humidity data at 200 - 250, 300, 350, 400, 450, 500, 550, 600, 650, 700 - 750 - 800 and
850 hPa. Divergence, relative eddy flux convergence and relative vorticity at each
grid are calculated using wind field information and central difference method. All
the environmental predictors are computed by averaging corresponding data within
some specific radius; the details will be introduced in chapter 4.

NCEP reanalysis is not used because of the relatively course 2.5° x 2.5°

resolution.

2.1.5 Sea surface temperature

TMI Optimum Interpolation (01) daily SST (Gentemann et al. 2004) at 0.25° X
0.25° resolution together with RSMC Tokyo best track data are used to estimate MPI,
which is one of important predictors in TC intensity prediction models such as
SHIPS and STIPS, whereas only weekly SST (Reynolds et al. 2002) or
climatological SST analysis (Levitus 1982) data were used in SHIPS or STIPS.
High-resolution daily SST could represent important temporal and spatial variability
such as cold wake which is not resolved by low-resolution SST analysis, and hence

shows potential to improve the SHIPS forecasts in Atlantic and eastern North Pacific
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(Berg et al. 2004; Gentemann et al. 2007).

TMI Ol SST analysis is available from the RSS website at http://www.ssmi.coin
and covers the latitude band 40°S-40°N from January 1998 to present. AMSE-R 01
SST analysis and combined TMI+AMSR-E 01 SST analysis are also available
globally from June 2002 to present. These SST data sets are not used due to their

short duration, but can be incorporated rather easily in future developments.

Table 2.1 summarizes the availability of aforementioned datasets, including

temporal and spatial coverage and resolution.

Table 2,1 Datasets used in this study and the temporal and spatial coverage and resolution.

Spatial Temporal Spatial Temporal
Dataset . .
resolution  resolution coverage coverage
RSMC Tokyo best Northwest Pacific and the
0.1° 6 hourly . 1951—2009
track South China Sea
NCEP analysis 1.0° 6 hourly global 2000-present
TMPA rain rate 0.25° 3 hourly 40°Nto 40°S 1998—rpresent
OAFlux SLHF 1.0° daily global ocean 1985-2008
TMI 01 SST 0.250J daily 4001 k0 4000 S 1998-present

2.2 Methodology
2.2.1 Multiple linear regression
Multiple linear regression (Wilks 2006) is used to model the relationships between

TC intensity changes at six forecast ranges, namely 12, 24, 36, 48, 60 and 72 hours
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(hr), with various meteorological parameters. The multiple linear regression equation
is given below,

— 0 + 6 3 X 2+ &gk (2.4)
where the dependent variable y is the intensity change (predictand) from initial time
(t =0) to forecast times (t = 12, 24, 36, 48, 60 or 72 hr). The independent variables xi,
X2, Xk are predictors such as meteorological parameters, bj,--- > bk are the
regression coefficients for corresponding predictors related to TC intensity change,
and bo is the regression constant.

Eg. (2.4) is solved by least squares, which yields regression constant and
coefficients estimates that minimize the sum squares of errors |s | (differences
between observed and predicted intensity change), where £i=yi- vy, .The resulting

forecasting equation is

A A A A

= +bxr+ + o004+ Mferfe (2.5)
where the variables are the same as those in (2.4) except that “/\ > > represents
estimated values.

Two measures, mean absolute error (MAE) and adjusted R?, are used to evaluate

the regression models. They are given by (2.6) and (2.7), respectively.

2.6)
H

Z1_ ~ (2.7)

where n is the number of observations, K is the number of predictors, y, and y*
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are observed and predicted values of predictand, respectively, and y is the mean
value of vy,.

The conventional measure for the proportion of variance explained by regression,
r2, is not used since the linear regression models with different number of predictors
are compared in this study and the R™ value will increase although the regression
may not improve if the number of predictors is increased.

When developing a multiple linear regression model, one commonly uses a
method to select a good set of predictors based upon their combined ability to predict
the dependent variable or predictand. For our models a stepwise procedure is used to
select variables from the potential predictor pool at each forecast time (see Wilks
2006). The significance of individual predictors is based on F test (Buhner 1979). A
99% statistical significance level is required for an individual predictor to be
included initially in the model. Once in the model, a predictor can only be removed
if its significance level becomes less than 98% after the addition/removal of another
predictor. The stepwise procedure identifies important predictors at each forecast
time, which sometimes results in erratic forecasts. To avoid this problem, all of the
predictors chosen for any forecast period through the stepwise selection procedure
are included in the final group of predictors. Using the predictors in this final group,

a single multiple regression model is created for each forecast time*

2.2.2 Neural networks

With the development of the artificial intelligence technique, neural network, or

18



more precisely artificial neural network, which has excellent performance in
self-adaptive learning and nonlinear mapping, have been applied successfully in
many disciplines. In the atmospheric sciences, many applications have been found in
research areas such as short-range climate prediction, interpretation and application
of numerical prediction products, air pollution prediction, rainfall estimation from
satellite imagery, and pattern examination of long-term climate data (Grimes et al.
2003; Jin 2004; Ali 2004). Moreover, NN has been started to apply in typhoon
intensity prediction (Baik and Hwang 2000; Jin et al. 2008).

The back-propagation (BP) algorithm (Rumelhart et al. 1986) is known to be most
useful when one tries to solve a problem in which the relationship between input and
output is nonlinear and training data are abundant (Hinton 1992). A BP neural
network with one hidden layer is constructed in this study. That is, the neural
network has three layers: one input layer, one hidden layer and one output layer.
Figure 2.1 indicates the neural network architecture. There are M nodes in the input
layer, K nodes in the hidden layer, and one node in the output layer. The nodes in
input and output layer represent the predictors and predictand > respectively.
Determination of the number of hidden nodes is usually determined empirically to
optimize performance for the particular situation. The network is fiilly connected.
This means that a node in any layer of the network is connected to all of the nodes in

the previous layer.
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Input layer Hidden layer Output layer

X, Uj y

Figure 2.1 Architectural graph of a neural network with one hidden layer.

The connection between node i in input layer and nodej in hidden layer can be
represented by a weight, . The connection between nodej in hidden layer and the
one node in output layer can be represented by a weight, Wj. and Wj
indicates the importance of that connection between the two nodes. Nodej in hidden
layer and the one node in output layer are associated with bias parameters, i.e. bl
and b, respectively. The transfer functionsf\ and fi are used from input layer to
hidden layer and from hidden layer to output layer, respectively. Therefore, the value

u for nodej in hidden layer is given in terms of the input variables x! by

M
(2.9)

The output node y is calculated by
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A (2.10)
\ y

Generally, there are three transfer functions: log-sigmoid transfer function,
tan-sigmoid transfer function and linear transfer function. The three functions can
generate output between 0 and 1 - between -1 and 1, and within the range 4w~
respectively, as the input varies from negative to positive infinity. The choice of the
transfer function depends on particular application.

The training phase of the neural network, called neuro-leaming, is an iterative
process for optimizing appropriate weights and biases which are generated randomly
at first. Learning of the network with training matrix samples by tuning weight and
bias parameters using the learning algorithm continues until mean-squared error

(MSE) is converged to an acceptably small value > 8. MSE is obtained from

= (2.11)

where n is the number of training samples, y* is the target output, and y” is the
actual output. BP learning is from output layer toward input layer.

Neural network training has an overfitting problem. The problem occurs when the
actual outputs after training match the target outputs from the noisy training samples
well, but when new independent data is added to the network the error becomes large.
"Early stopping" is used to deal with this problem. This technique is provided in
Matlab Neural Network Toolbox (Demuth et al. 2009). In this technique the input
data are randomly divided into three subsets: 60% of the samples are the training set,

20% the validation set, and 20% the test set. The MSE on the validation set is
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checked during the training process. The validation MSE normally reduces during
the initial training phase, as does the MSE on the training set. But the validation
MSE begins to increase when the network starts to overfit the training samples.
When the validation MSE increases for a specified number of iterations, the training
is stopped, and the weights and biases at the minimum of the validation MSE are
returned. The resulting network can be used to make predictions by feeding new

independent data.

2.2.3 Logistic regression

Logistic regression (Wilks 2006) is useful to describe the relationship between
some independent variables (predictors) and a binary dependent variable (predictand).
It has been widely used in the atmospheric sciences to predict precipitation, lightning,
TC formation (Chiu and Kadem 1990; Applequist et al. 2002; Mazany et al 2002;
Ramirez-Beltran et al. 2007; Mundhenk 2009; Fu et al. 2010).

In this study, a binary logistic regression model is developed to identify whether a
TC sample intensifies rapidly or not - since rapid intensification of TCs is most
interesting and is also a big challenge. The predictand y is set to one if the TC sample
undergoes rapid intensification (R1), andy is set to zero if not.y is expressed in terms

of the predictors xi, X2, k according to the nonlinear equation

= (2.12)

.. exp[-(ao .fliJCj. e e~
where ao is the intercept and au ai, ... » are the regression coefficients associated

with the predictors. The intercept and regression coefficients are to be estimated from
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the training samples by maximum likelihood method. The resulting forecasting

equation is

LexphOo +  + 4244 (K]

where n is the probability of forecast undergoes RI > and the parameters with 7> >
above represents optimal estimates. The exponential function limits the outcome n

to lie between zero and one. The forecasts base on new inputs of predictors are then

categorized into 0 or 1 by comparing the probability to a probability threshold, x

0, ifn<T
1, ifn>T

(2.14)
where y is the final forecasts, y =1 denotes a predicted RI event, while y =0
means a predicted non-RI event.

Table 2.2 shows a 2 x 2 contingency table for categorical forecast verification.
These a forecast-observation pairs are called hits, represent the events are forecast to
occur and did occur, b instances are called false alarms, the events were forecast to
occur but did not occur, c instances of the events occurred despite not being forecast,

called misses. There are also d instances of the events did not occur and not being

forecast, called correct negatives.

Table 2.2 A 2 x 2 contingency table for categorical forecast verification

. . Observed
Rapid intensification or not Total
Yes No
Yes a b a+b
Forecast
No c d c+d
Total a+c b+d a+b+c+d
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Four scores are used to measure the performance of the binary logistic regression
model (Wilks 2006). Probability of detection (POD) is the fraction of the observed
RI events that were correctly forecast. False alarm ratio (FAR) is the proportion of
forecast RI events actually did not occur. Critical success index (CSI) is the number
of correct RI forecasts divided by the total number of occasions when RI event was
forecast and/or observed. CSI is particularly useful when the RI event to be forecast
occurs substantially less frequently than the non-RI event. The three scores (POD »

FAR, and CSI) are expressed as the following equations

POD:~" (2.15)
a+c
= 2.16
o+ b (2.16)
CSl =~ - ~ (2.17)
a+b+c

The CSI is somewhat sensitive to the climatology of the event, tending to give
poorer scores for rare events. A related score, the equitable threat score (ETS) is

designed to help offsetthis tendency. The ETS is given by

ETS = A N N ( 2 . 1 8 )
a+b+c-a/

O +b)@a+c)

where
a+b+c+d
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CHAPTER 3 Surface Latent Heat Flux and Rainfall
Associated with Rapidly Intensifying Tropical Cyclones over

the Western North Pacific

Current operational guidance techniques tend to under-forecast TC intensification
(Elsberry et al. 2007; Blackerby 2005), hence forecasting of TC rapid intensification
(R1) is a great challenge. As mentioned in chapter 1, several factors related to ocean
characteristics, inner-core processes, and environmental interactions are found to be
favorable for TC intensification.

A few studies focused directly on TC RI. Holliday and Thompson (1979) revealed
that underlying warm waters were necessary conditions for typhoon RI and RI was
usually associated with eye contraction. Bosart et al. (2000) demonstrated that RI of
Hurricane Opal (1985) resulted from high upper-level divergence, low vertical wind
shear and the enhanced moisture and heat due to a warm ocean eddy. Kaplan and
DeMaria (2003) employed composite analysis to examine a number of
environmental conditions favorable for rapid intensifying Atlantic TCs. Among these
conditions, Yang et al. (2008) utilized data mining techniques and identified that the
combination (high latitude, low longitude, the TC being in an intensification phase,
an initial intensity far away from the maximum potential intensity, high steering layer
value, and low relative eddy flux convergence) can be considered as a sufficient
condition for RI of Atlantic TCs.

Although some case studies (e.g., Rodgers et al. 1994; Chang et al. 1995; Gautam
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et al. 2005; Lin et al. 2009) have emphasized the importance of SLHF and inner-core
rainfall on TC RI, it has not been confirmed for a large dataset. The goal of the study
in this chapter is to quantify the role of SLHF and rainfall in TC intensification using
RSMC Tokyo best track, OAFlux SLHF and TMPA rain rate data during the period
1998-2006. We will concentrate on samples when cyclones underwent RI. A
composite analysis will be performed for the Rl and non-RlI samples and the
significance of the difference tested using a Student t test.

Variables (SLHF and rain rate) were evaluated at the beginning (r = 0 h) of each
24-h period provided that the system remained both over water and tropical (e.g.,
extra-tropical samples were excluded and landfall effect was left out of account)
during 24-h period. The 24-h intensity change in MCP (AjP24) were determined for
each 24-h time period by subtracting MCP at t + 24 h from MCP at the initial =0 h)
time.

There were 209 named TCs [91 tropical storms (18 m s™ < MWS <33 m and
118 typhoons (MWS > 34 m/s)]. It should be noted that the TCs are defined based on
the maximum intensity during the life of the TCs, hence no tropical depression
(MWS < 17 m s™) are recorded in the dataset. These TCs contributed a total of 5077
samples (e.g., 24-h period differences) that were subsequently employed in the
statistical analysis discussed in section 3.1.

To determine if SLHF conditions associated with the RI samples were
significantly different from those non-RI samples, a composite analysis on initial {t =

0 h) rainfall and SLHF characteristics in a 20°x20° square region centered at TC
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position for Rl samples and non-RI samples was utilized. Student t tests (Buhner
1979) was used to perform significance tests for the difference between RI and
non-RI samples.

Section 3.1 provides the climatology of western North Pacific TC 24-h intensity
changes. Composites of the rainfall and SLHF are presented in section 3.2 and
section 3.3, respectively. Finally, conclusions and discussions are offered in section

3.4.

3.1 Intensity change distribution

Figure 3.1 shows the frequency distribution of AP24 as a function of the initial (/ =
0 h) intensity of all 5077 samples. Slow intensification (-9 hPa < AP24 < 0) was the
most frequently observed 24-h intensity change for tropical depressions. The figure
indicates that a higher fraction of the tropical storm sample than of the typhoon or
tropical depression sample exhibited fall exceeding 10 hPa. This finding may
be attributed to a few factors, as Kaplan and DeMaria (2003) proposed. First, tropical
storms are further from their maximum potential intensity than typhoons and,
consequently, have the potential to intensify faster. Second, tropical storms may
intensify more rapidly than tropical depressions because they are better organized.
Conversely, figure 3.1 indicates that typhoons are likely to decay at a faster rate than
either tropical storms or tropical depressions, because of their high intensities.

The cumulative frequency distribution of AP24 for each intensity category (figure

3.2) indicates that TC decay (ap24 > 0) occurs for -70% of all typhoon samples,
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however, it only occurs in 17% of the tropical depression samples, 43% of the

tropical storm samples, and 44% of all TC samples.
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Figure 3.1 The frequency distributions of 24-h intensity change (AP24) stratified by tropical

cyclone intensity attime | =0 h. The distributions are provided for tropical depressions, tropical

storms, typhoons, and all tropical cyclones.

To separate Rl and non-RI samples, Rl is defined as the 90th percentile of AP24 for
all of the TC samples used in this study. Correspondingly, samples with AP24 fall >
20 hPa are Rl samples and the others are non-RI samples. It is interesting to note that
the Holliday and Thompson's (1979) definition for Rl of a 24-h pressure fall of > 42
hPa is equivalent to the 98.8th percentile of all of the 24-h pressure changes of the

TCs in the current study sample.
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Figure 3.2 Same as figure 3.1 except for cumulative frequency distribution.

The percentage of systems that underwent RI at least once during their lifetime is
also analyzed. Our result shows that 86% of all typhoons, 95% of all super-typhoons
(MWS > 51 m s—) underwent RI at least once during their lifetime. Overall, 51% of

all named WNP TCs underwent RI during their life time.
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Figure 3.3 The 24-h tracks of the 1998-2006 rapid intensification samples.

Figure 3.3 shows the 24-h tracks of the 533 RI samples. Because Rl may occur
continuously over a 24-h time periods, some of the tracks overlap. The figure shows
that RI generally occurred in regions between 101 lAnd 25[] NT'here was no RI case
occurring in coastal ocean area with exceptions for those in the vicinity of Taiwan
and the Philippines. The lowest latitude for RI is 701 NBoth Taiwan and the
Philippines are located at the lower latitudes surrounded by open sea which is
favorable for RI. At latitudes too close to the equator (5°N to 5°S), the small Coriolis
force does not provide a favorable condition for RI.

Figure 3.4 shows the seasonal distribution of the Rl samples. The vast majority
(73%) of the Rl samples occurred from July to October, and RI occurred most
frequently in September. This is a slight delay for the Rl compared to that in the

Atlantic (Kaplan and DeMaria, 2003), which shows the vast majority of the RI
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samples occur in August and September.
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Figure 3.4 The seasonal distribution of Rl samples (1998-2006)

3.2 Rainfall pattern

In this section, the rainfall distributions at the start of each of the Rl samples are
compared to the non-RI samples. Each sample corresponds to a 24-hour
displacement. Figure 3.5 shows the composite of rainfall for RI samples, non-RI
samples, and their difference. The areas with statistically significant difference at

95% confidence level determined by a | est are shaded.
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Figure 3.5 The composite initial rainfall distribution of: (a) RI samples; (b) non-RI samples; (c)
difference between RI and non-RI samples (Rl samples - non-RI samples) for all the samples.
Areas with statistically significant difference at the 95% confidence level are shaded. The origin
denotes the tropical cyclone center at t=Oh. The x and y ordinates represent east and north,

respectively. (Unit: mm hour"?)
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It is seen clearly from Figure 3.5 that composite rainfall of Rl samples is higher
than that of non-RI samples in the areas near TC center, with a maximum of [J 6.5
mm hou— within inner-core regions compared to 4.0 mm hour™ for non-RI

samples.

3.3 SLHF pattern

In this section, the SLHF conditions present at the start of each of the Rl samples
are compared to the non-RI samples. Figure 3.6 shows the composite of SLHF for RI
samples, non-RI samples, and their difference between Rl and non-RI the samples.
The areas with statistically significant difference at 95% confidence level determined
by a t-tQst are shaded. The SLHF associated with RI samples tend to be higher than

the non-RI samples, with a maximum of 190 W m~"to the north of the TC center

compared to -150 W m" to the north of the TC center for the non-RI samples. There
is significant difference between RI and non-RI samples to the north of TC center.
Near-surface wind speed (U) and air-sea humidity difference (A") are two major
components to compute SLHF, to compare their effects of on the SLHF pattern,
composite analysis are performed on U and Aq separately. Figure 3.7 show the
composite of U. The patterns for Rl samples (Figure 3.7a) and non-RI samples
(Figure 3.7b) are nearly the same > with the maxima to the northeast of the storm
center and the decreasing wind speed around the maxima. The maximum wind speed
for Rl samples is (] 10.fn while it is [J 1@ s* for non-RI samples. Figure 3.7c

shows that the higher wind speed difference between RI and non-RI samples is
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located to the north of the center with a maximum difference of 0.6 m s— , however,

the difference is insignificant.
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Figure 3,8 shows the composite of Ag, Both of the composite for Rl samples and

non-RI samples have the similar pattern, with a minimum to the northeast of the
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storm center. The minimum A” for RI samples is -4.0 g kg" > while it is (1 3.¢ kg"
for non-RI samples. The A” associated with RI samples is higher than that associated
with non-RI samples, and the maximum difference occurs to the northeast of the
cyclone center. More importantly, the maximum difference is significant, suggesting
that air-sea humidity difference dominates the significantly higher SLHF to the

northeast of the storm center.

Table 3.1 The sample sizes of four categories stratified by moving direction. The number of RI

and non-RI samples and the percentage of Rl samples for each category are also presented.

Total sample number (%) RI Non-RlI Percent RI
Westward moving 1263 (26.9) 154 1109 12.2
Northwestward moving 1706 (36.3) 227 1479 133
Northward moving 786 (16.7) 72 714 9.1
Northeastward moving 945 (20.1) 58 887 6.1
All 4700 (100.0) 511 4189 10.9

The pattern of high SLHF to the north of the TC center for Rl samples suggests
there is directionality of SLHF for RI. Hence all samples are divided into four
categories according to the TC moving direction over each 24-h time period (see
Figure 3.9). Table 3.1 summarizes the number of Rl and non-RI 24-h displacement
samples for each direction. Overall there is roughly 1 in 9 (10.9%) chance for RI.
The chance for RI is the highest for northwestward moving samples (13.3%) and the
least for northeastward moving samples (6.1%), with comparable chance for

westward and northward moving samples (12.2% and 9.1%, respectively).
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North

East

Figure 3.9 Four categories based on moving direction: westward moving category (WM),
northwestward moving category (NWM), northward moving category (NM), northeastward
moving category (NEM). The filled circle and the unfilled circle denote tropical cyclone

positions att = to and at t = to+24h, respectively. Each of four angles is 45°.

Composite analyses on SLHF were performed for the overall samples first and
then for each moving directions separately. Figure 3.10 shows the composite of
SLHF for RI samples, non-RI samples, and their difference for westward moving
category. The areas with statistically significant difference at 95% confidence level
determined by a /-test are shaded. The SLHF associated with RI samples tend to be
higher than the non-RI samples, with a maximum to the north-northwest of the TC
center of [J 190N/ nT compared to (1 160N m— for the non-RI samples. The

maximum SLHF is roughly located to the right of the moving direction for both RI
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and non-RI1 samples. Significant difference between RI and non-RI samples exists for

an area around the TC centers (Figure 3.10(c)).
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Figure 3.10 Same as Figure 3.6 except for westward moving category.
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For northwestward moving category the maximum of -180 W m—2 for Rl samples
(Figure 3.11(a)) and -170 W m™"™ for non-RI samples (Figure 3.n(b)) shift to the
north of the TC center, and the maximum also locate roughly on the right-hand side
of moving direction. The significant difference between RI and non-RI samples
exists over an area to the northwest of the TC centers (Figure 3.11 (c)).

Figure 3.12 is similar to Figure 3.8, except it is for northward moving category.
The maximum of -180 W m"" for Rl samples (Figure 3.12(4)) and 170 W m~* for
non-RI samples (Figure 3.12(6)) shift to the east of the TC center, and the maximum
also locate roughly on the right-hand side of moving direction. The significant
difference between RI and non-RI samples exists over an area to the north of the TC
centers (Figure 3.12(c)).

For northeastward moving category there exist the maximum of -170 W for
RI samples (Figure 3.13(a)) and -150 W m-" for non-RI samples (Figure 3.13(%h
both on the right-hand side of moving direction; And there are maximum to the
northwest of the TC centers for both RI and non-RI samples, where the difference of
SLHF between RI and non-RI samples is not significant. The significant difference

does exist over an area to the northeast of the TC centers (Figure 3.13(c)).
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The maxima of SLHF locate on the right-hand side of TC track for all the four

categories are mainly due to the cyclonic circulation of TC that results in the largest
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resultant wind speed on the right-hand side, because they move in the same direction
on the right-hand side of TC. These results demonstrate that TCs move to higher
SLHF areas tend to intensify rapidly, suggesting that SLHF provides the energy and

moisture for TC rapid intensification.

3.4 Summary and discussion
The primary findings of this chapter are as follows.

(@) In this study, Rl was defined as approximately the 90th percentile of all 24-h
over-water intensity changes of western North Pacific and South China Sea TCs
from 1998 to 2006. This is equal to a minimum central pressure falls of 20 hPa
over a 24-h period.

(b) Of the 209 named TCs that comprise the 1998-2006 samples, 51% of all named
TCs » 86% of all typhoons, and 95% of super typhoons undergo RI at least once
during their lifetime.

(c) The rainfall within inner-core regions of RI samples is higher than that of non-RI
samples.

(d) The SLHF associated with RI and non-RI samples show general similar patterns
for all four categories. There are maxima of SLHF to the right of TC track. The
significant difference of SLHF for Rl and non-RI samples occurs on TCs' pathway,
suggesting that SLHF, which provide moisture and energy from ocean surface for
TC development, is an important factor in TC rapid intensification.

SLHF is a nonlinear combination of U and the difference of Qs and Qa, where Qs
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depends on SST. Correlation analysis shows that TC intensity is more significantly
correlated with IRR than outer-core (radius of 110 km from storm center) rain rate,
thus average rain rate within inner-core region is adapted in this study. Although SST
has been utilized to estimate the maximum potential intensity (MPI) which is already
a predictor in statistical typhoon intensity prediction scheme (e.g., Knaff et al., 2005),
our result shows that SLHF and inner-core rainfall have the potential to be new
predictors for TC intensity forecasting. The work in the following chapters will focus
on investigating whether SLHF and inner-core rainfall (IRR) can be employed to
improve the intensity forecast, especially for RI estimates. Besides multiple linear
regression and logistic regression methods, more sophisticated statistical techniques,

such as neural networks, will also be employed.
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CHAPTER 4 Development of Statistical Typhoon Intensity
Prediction: Application to Satellite Observed Rain Rate and

Surface Evaporation

Based on the traditional predictors (independent variables) in STIPS (Knaff et al.
2005) and two new satellite-based potential predictors (SLHF and IRR) proposed in
the last chapter, statistical typhoon intensity prediction models using linear
regression and neural network are developed in this chapter. The dependent variables
(predictands) are over-water intensity (i.e. MWS) change from the initial forecast
time (DELV) at 24-h interval.

DELV =AMWS =MWS@* + T)-MWS{t,) (4.1)
where T are 24, 48 > and 72 h. Models beyond 72 h are not created, since a snapshot
of satellite observation (ie. » SLHF and IRR) is unlikely to influence intensity change
significantly beyond 3 days (Fitzpatrick 1997).

All the datasets are collected over the period from 2000 to 2008 for model
development. This period represents an intersection of all available data used in this
study. RSMC Tokyo best track data - NCEP GFS FNL environmental data and TMPA
rain rate data are collected twice daily at 0000 and 1200 UTC. Only over-water TC
samples are considered since land effects on TC intensity change are not taken into
account in this work and OAFlux SLHF and TMI SST data are available over the
ocean only.

Section 4.1 describes the computation of the potential predictors. The predictor
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selection procedure and development and evaluation of linear regression models are
presented in section 4.2. Neural network models are assessed in section 4.3. The

summary of this chapter is given in section 4.4.

4.1 Potential predictors

Table 4.1 summarizes the predictors (including 16 original and two new
satellite-based predictors, SLHF and IRR) used in this study. The computation of the
traditional climatological and environmental predictors follows the approach in
Knaff et al. (2005). All of the environmental predictors are obtained using a "perfect
prog" approach (Kalnay 2003). Both the NCEP GFS FNL analysis and the actual TC
best track (by the RSMC Tokyo) are used to develop the models. The predictors that
are evaluated at the beginning of the forecast period are static, such as those
predictors related to climatology and persistence; and predictors that are averaged
along the track of the storm from the initial observation to the forecast time are time
dependent, providing the mean conditions for the storm, such as those predictors

related to SST, moisture and wind fields.
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Table 4.1 Potential climatological, environmental, and satellite-based predictors. The predictors
that are evaluated at the beginning of the forecast period are static (S), and the predictors that are
averaged along storm track from the initial time to the forecast time are time dependent (T).

Static (S) or time

Predictor Description
dependent (T)

Climatology and persistence

MWSO Initial maximum wind speed S
DMWS Maximum wind speed during the past 12 h S
JDAY Absolute value of (Julian day - 248) S
SPD Strom translational speed S
LAT Latitude of storm center S
LON Longitude of storm center S

Environmental

Maximum potential intensity based on Eq. (1)

T
POT minus initial maximum wind speed

Area-averaged (200-800 km) relative humidity at

T

RHLO 850-700 hPa
Area-averaged (200-800 km) relative humidity at

RHHI T
500-300 hPa
Area-averaged (200-800 km) zonal wind at 200

U200 T
hPa
Area-averaged (200-800 km) temperature at 200

T200 T
hPa
Area-averaged (0-1000 km) divergence at 200

8200 T
hPa
Relative eddy flux convergence within 600 km at

REFC T
200 hPa
Area-averaged (200-800 km) 200-850-hPa wind T
shear
Area-averaged (200-800 km) 200-850-hPa zonal

USHR _ T
wind shear
Area-averaged (0-1000 km) 850-hPa relative

850 o T
vorticity

Satellite-based

Area-averaged (5° x 3® box) surface latent heat

SLHF S
flux

IRR Area-averaged (0-110 km) inner-core rain rate S
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4.1.1 MPI estimation

The MPI is defined as the upper bound of TC intensity for given atmospheric and
oceanic thermal conditions (Camp and Montgomery 2001). It can be estimated
theoretically (e.g., Miller 1958; Emanuel 1988; Holland 1997) or empirically (eg. -
Merrill 1987; DeMaria and Kaplan 1994b; Whitney and Hobgood 1997; Knafifet al.
2005; Zeng et al. 2007) over Atlantic, eastern North Pacific and western North
Pacific. Only MPI in eastern North Pacific shows linear relationship with SST. The
nonlinear relationship over Atlantic and western North Pacific is partly due to rapid
recurvature of some TCs over colder SSTs and a lag before the circulation spins
down as suggested by Whitney and Hobgood (1997). However, over the eastern
North Pacific the TCs generally move more slowly and the storm strength has more
direct correlation with the SST. Lack of aircraft observations of extremely high wind
speeds may also contribute to the linear relationship between maximum intensity and
SST over eastern North Pacific.

Following the empirical approach, the MPI is determined as an exponential
function of SST, the interpolated 1° x 1 monthly SST climatology (Levitus 1982) or
1° X weekly SST analysis (Reynolds et al. 2002) used in previous studies is
replaced as the high-resolution daily SST data retrieved from TMI in this study.
Daily SSTs are expected to provide more precise thermal information of the ocean.
SST were stratified into SST bins with mid-points from 16.5X to 32.5°C at 0.5°C
interval, and each observation is assigned to the nearest SST midpoint. Table 4.2

shows maximum intensity and numbers of observation for each SST group. 91% of
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the observations are assigned to wanner SST groups (>26.0°C). This is only slightly
lower than the 92% found by Zeng et al. (2007) for the western North Pacific storms,
and higher than the 76% found by Whitney and Hobgood (1997) and the 82% found
by DeMaria and Kaplan (1994b) for the Atlantic systems. The strongest typhoon in
the record is Typhoon Jangmi that occurred in 2008 and the peak intensity 115 kt is
assigned to 28.0°C category. The SST categories from 28.5°C to 3L0°C have the
same maximum intensity 110 kt. For the categories higher than 31.0°C, it shows a
decline of maximum intensity.

The empirical exponential MPI function described by Eq. (4.2) is derived with a
SST cutoff of 28.5°C since the flattening or decrease of maximum wind over the
wannest waters at this SST. The Curve Fitting Toolbox of Matlab (Demuth et al.
2009) is used to fit the MPI equation. This parametric equation is not contained in
the toolbox library hence a custom MPI equation is created. The Non-linear Least
Squares method and Trust-Region algorithm in the toolbox are employed. The
resulting coefficients are given byA = 29.59 kt, 5 = 108.1 kt, C = 0.1292 and To
~30.0

MPI =A + BeCl T-To!] 4 2)

Figure 4.1 shows this MPI function as well as the data used for its development.
The highest MPI is given as 140 kt. The intense TCs are located only over high SST
regions. A lot of weak storms over high SSTs are those observations in the early
development stages of TCs, and a small number of weak storms occurred over SSTs

below 26.0°C shows that they can survive over colder waters, as suggested by Zeng
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et al. (2007).
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Figure 4.1 The empirical relationship between maximum potential intensity (MPI, kt) and sea
surface temperature (°C). The relationship is derived from data of 9 yr (2000-2008) and the

individual data points used for its development are also shown.

4.1.2 Other potential predictors

Those potential static predictors in relation to climatology and persistence contain
initial intensity (MWSO), intensity change in the previous 12 h (DMWS), absolute
value of Julian date anomaly from 248 [JDAY; 248 is the peak of seasonal TC
activity over western North Pacific (Neumann 1993)], average storm translational
speed in the previous 12 h (SPD), latitude (LAT) and longitude (LON) of current

storm location.
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Table 4.2 SST group properties.

SST midpoint Number of Maximum intensity
(e Observations (k)
16.5 1 50
18.0 2 45
18.5 1 65
195 1 65
20.0 1 50
20.5 8 55
21.0 3 65
215 7 65
22.0 11 75
22.5 10 60
23.0 17 75
23.5 15 75
24.0 1 75
24.5 28 85
25.0 31 95
255 37 85
26.0 72 100
26.5 93 105
27.0 100 100
27.5 188 100
28.0 186 115
28.5 226 110
29.0 424 110
29.5 244 110
30.0 150 110
30.5 78 110
31.0 15 110
315 3 75
32.0 1 70
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The potential predictors related to moisture are mean upper-level relative humidity
(RHHI) at 850-700 hPa layer and mean mid-level relative humidity (RHLO) at
500-300 hPa layer, in an annulus of 200-800 km from storm center. The inner
regions within 200-km radius of the TC are removed from the analysis since
synthetic observations are often assimilated to the global dynamic models to
initialize the TC (e.g., Goerss and Jefferies 1994).

The area-averaged zonal wind at 200 hPa (U200), air temperature at 200 hPa
(T200), 200 - 850 hPa wind shear (SHR), and zonal component of the shear (USHR)
within the same 200-800 km annulus are examined as potential predictors. SHR and
USHR are calculated using Eq. (4.3) and (4.4), respectively.

SHR =7("200 +("200 -~850" (4.3)

usm=tir-uff (4.4)

where u and v are zonal and meridional wind components of wind velocity, the
subscripts denote the atmospheric layers in hPa.

The divergence at 200 hPa (5200) and the relative vorticity at 850 hPa (L 850gre
calculated based on central difference method for grids center around the TC center,
using Eq. (4.5) and (4.6), respectively. The divergence and vorticity are then

averaged within 1000 km radius.

5200,, =+ +t iINiLZN +ZzilzZzzL (4.5)
T d X dy Dx D
"tdx dy D? Dy 4

where u and v are the same as those in Eq. (4.3), the subscripts i andj represent zonal
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and meridional grid numbers, Dx is the distance between grid 0+1 > j) and grid (/-1, j),
and Dy is the distance between grid {i,j+I) and grid (i,j-\).
The relative eddy flux convergence (REFC) at 200 hPa is calculated at 100-km
radical intervals from 100 to 600 km using Eq. (4.7):
REFC =-r-"A{r'uy,) (4.7)
where U is the radial wind, V is the tangential wind, r is radius. The overbar
denotes an azimuthal average; the primes represent a departure from the azimuthal
average, and the subscript L indicates that the calculation is done along the storm
track. The storm translational speed is removed from the horizontal wind
components to determine U and V. REFC is a measure of the momentum flux and
accounts for positive interactions between the storm and synoptic-scale systems, it is
only evaluated at 200 hPa since the interactions is more likely to present in the upper
levels as suggested by Holland and Merrill (1984) in a theoretical study. At lower
atmosphere, the large inertial stability of the rapidly rotating storm circulation limits

the interactions with the environment.

Table 4.3 Correlation coefficients between 24-h minimum central pressure (AP24) change and
area-averaged SLHF within different size of boxes. The number of samples during the period

2000-2008 is 1728.

Size of box Correlation coefficients between AP24 and area-averaged SLHF
3°X3° -0.128
5X 5, -0.132
70 X710 -0.122
9° X 9° -0.100
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SLHF and IRR predictors are computed as the average within a box of 5° x 5° and
within a radius of 100 km centered at TC position, respectively. SLHF parameter is
also calculated from larger or smaller boxes. The correlation coefficients between
area-averaged SLHF within different size of boxes and 24-h minimum central
pressure change (AP24) using samples during the period 2000-2008 are shown in
Table 4.3, the other size of boxes are disregarded since they have lower correlations
with AP24 than does the 5° x 5° averaged SLHF. For the operational purpose, SLHF
and IRR are deemed to be static predictors, since it is impossible to acquire satellite

remote sensed information in "future".

A stepwise regression procedure is used to select parameters from the potential
predictor pool. A 99% statistical significance level based on an F test (e.g. > Wilks
2006) is the threshold for an individual predictor to be added initially in the model.
Once selected, a predictor can only be removed if its significance level becomes less
than 98% after the addition/removal of another predictor. The stepwise procedure
continues until none of the selected predictors can be removed and none of the

remaining potential predictors can be added.

4,2 Linear regression models

To assess the contribution of SLHF and IRR on the intensity change prediction,
three kinds of regression models are developed. The first serves as a control. The
stepwise procedure is applied on the 16 STIPS original predictors to select

significant predictors and create a base regression model (hereafter referred to as



BASE). The second kind of model is developed by adding the two new
satellite-based predictors SLHF and IRR into the base regression model (hereafter
referred to as STIPER). The stepwise procedure is also employed on the 6 predictors
related to climatology and persistence to create another kind of regression model
called CLIPER, which is generally a baseline to evaluate the skill of operational
models. A model can be considered to produce skillful intensity forecast if it has

smaller error than CLIPER.

Assuming the independence of annual statistics, the samples in one year are used
for verification and the samples in the other years are used for model development.
For example, to predict 2003 TC intensity over western North Pacific, the samples of
2000-2002 and 2004-2008 are used to construct the models. As a result, for each
CLIPER, BASE and STIPER model there are totally nine regression equations,
which may contain different sets of significant predictors due to different training
samples. All of the predictors identified for any regression equation are included in
the final group of predictors. The final CLIPER, BASE and STIPER models are
created using the final group of predictors. The predictand as well as the predictors
are normalized by subtracting their means and dividing by their standard deviations
before regression, the resulting coefficients can be used to compare the relative

contribution of each predictor directly.

4.2.1 24-h intensity prediction
a. Model interpretation

Table 4.4 lists the normalized coefficients associated with each predictor for each



STIPER 24-h forecast equation. The number of samples used to develop the
regression equations are shown in parentheses at the top of the table. There are
around 1100 samples for training every single model. The STIPER models for 24-h
intensity forecast contain 10 important predictors: MWSO, DMWS, JDAY, LAT > POT >
RHLO, RHHI, SHR, SLHF and IRR. Among these predictors, MWSO, DMWS,
JDAY, and LAT are used to create the CLIPER models; MWSO, DMWS, JDAY, LAT,
POT, RHLO, RHHI, and SHR are included in the BASE models.

In all these models, the four most important predictors are POT, DMWS, SHR and
MWSO. As expected, the persistence term DMWS is associated with a positive
regression coefficient, since storms that have intensified in the previous 12 h tend to
intensify in the next 24 h (Knaff et al. 2005). Intensity change is negatively
correlated with the MWSO because weak storms are further from their MPI and
hence have more potential to intensify. Vertical wind shear has a negative impact on
the intensification of TCs. One explanation for this is that the heat and moisture at
upper levels are advected in a different direction relative to the low-level cyclonic
circulation and therefore the "ventilation” of heat away from the circulation inhibits
the development of the storm (Gray 1968). DeMaria (1996) proposed an alternate
explanation, the tilt of the upper and lower level potential vorticity due to vertical
wind shear produces a mid-level temperature increase near the vortex center, and this
mid-level warming is hypothesized to reduce the convective activity and thus inhibit

storm development.

The coefficient of JDAY is negative since this variable indicates the number of
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days from the peak of the typhoon season. LAT is negatively correlated with
intensity change since the SST generally decreases toward the north in the western
North Pacific basin. RHLO and RHHI can affect TC intensification rates because
high relative humidity in the middle atmosphere reduces the entrainment of dry air
into cumulus convection which is direct source of TC:s energy. Nearly the same
positive coefficients associated with the two new satellite-based predictors suggest
that latent heat release in the atmosphere and latent heat transfer at the

ocean-atmosphere interface have comparable effects on TC development in 24 hrs.

Table 4.4 STIPER predictor normalized regression coefficients in different verification years for
24-h forecasts. The predictors are listed on the left side of the table and the verification years are

listed at the top with the number of dependent samples (N) used to develop the equation shown in

parentheses.
Year (N)
2000 2001 2002 2003 2004 2005 2006 2007 2008
(1126) (1102) (1065) (1097) (1039) (1108) (1111) (1144) (1176)
Predictor
1) MWSO -0, -0.17 -0.17 -0.14 -0.15 -0.15 -0.13 -0.16 -0.14
2) DMWS 0.29 0.31 0.30 0.30 0.30 0.30 0.30 0.28 0.28
3) JDAY -0.122  -0.120 -0.12 -0.11 -0.12 -0.10 -0.10 -0.12 -0.11
4) LAT 411 -0.09 -0.120 -0.10 -0.13 -0.10 -0.09 -0.13 -0.12
5) POT 0.31 0.29 0,29 0.31 0.30 0.30 0.33 0.29 0.32
6) RHLO 0.07 0.04 0.05 0.04 0.05 0.04 0.05 0.06 0.06
7) RHHI -0.01 0.02 0.03 0.04 0.01 0.04 0.01 0.00 -0.01
8) SHR -0.17v -0.18 -0.17 -0.18 -0.18 -0.16 -0.17 -0.18 -0.18
9) SLHF 0.05 0.06 0.05 0.03 0.04 0.04 0.05 0.05 0.05
10)IRR 0.04 0,07 0,04 0.07 0.03 0.06 0.05 0.05 0.04
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b. Dependent model statistics

Table 4.5 shows mean absolute error (MAE) and percent variance explained (R")
of CLIPER, BASE, and STIPER estimated from dependent data for 24-h model
training. MAE and R” represent the potential forecast capability of the models. The
CLIPER models have the largest MAE of about 7.6 kt and smallest R* of about 0.47,
the STIPER models have the smallest MAE of about 7.0 kt and the largest R* of
about 54%, and the BASE models have MAE and R” between the other two kinds of
models. The results indicate that the addition of synoptic predictors can enhance the
model capability of intensity prediction and the inclusion of two satellite-based

predictors on heat source can improve the capability further.

Table 4.5 Developmental statistics of CLIPER, BASE and STIPER models for 24-h forecast.

Mean absolute error (MAE, kt) of the model estimate and percent variance explained (R”) are

shown.
Year CLIPER BASE STIPER
MAE R2 MAE R2 MAE R2
2000 7.60 47.4 7.14 53.8 7.11 54.1
2001 7.66 46.7 7.17 53.0 7.13 53.5
2002 7.59 47.1 7.15 53.5 7.11 53.8
2003 7.61 46.3 7.13 53.0 7.11 53.5
2004 7.47 48.0 7.00 54.4 6.99 54.5
2005 7.51 46.4 7.02 52.8 6.98 53.3
2006 7.54 46.3 7.04 52.9 7.01 53.3
2007 7.32 47.0 6.91 52.8 6.89 53.1
2008 7.46 46.0 6.99 52.4 6.97 52.7
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c. Model evaluation

The models developed above are evaluated in this section. Table 4.6 shows MAE
and r2 of CLIPER, BASE and SUPER 24-h forecasts for different verification years.
The best model for every verification year is indicated in bold italics. The numbers of
samples used to verify are also shown. There are 70 samples for verification year
2008 and up to 207 samples for verification year 2004. Both of the BASE and
STIPER models can produce better forecasts than CLIPER. Among 9 verification
cases, STIPER has the lowest MAE and the highest R™ for 6 cases. The MAEs of the
STIPER models are 1%-3% smaller than those of the corresponding BASE models
for the 6 cases. As a result, STIPER is skillful for 24-h intensity forecast and the
inclusion of satellite-based predictors SLHF and IRR provides 1%-3% improvement
compared with the model without satellite information.

Table 4.6 also shows that the MAE in 2005 > 2007 and 2008 verification years are
larger than the other verification years. Some statistics of 24-h observations and
forecasts from STIPER are shown in Table 4.7. On average 23 TCs contribute to 138
observations of 24-h intensity change per year during period 2000-2008. The
maximum and the minimum 24-h intensity change during the period 2000-2008 are
50 kt per day and -45 kt per day. The high variances of intensity change observations

in year 2005, 2007, and 2008 result in the bad model performance in these years.
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Figure 4.2 Scatter plots of STIPER predicted intensity change and observed intensity change for

(a) dependent training samples during 2000-2007, (b) independent verification samples in 2008.
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Table 4.6 Mean absolute errors (MAE, kt) and percent variances explained (R”) for CLIPER,
BASE, and STIPER 24-h forecasts in different verification years with number of samples (N).

The best model for each verification year is indicated in bold italics.

Year N CLIPER BASE STIPER
MAE R2 MAE R2 MAE R2
2000 120 7.01 37.5 6.54 43.8 6.49 44,0
2001 144 6.51 47.5 6.33 54.0 6.46 52.4
2002 181 7.30 42.6 6.77 48.7 6.76 49.5
2003 149 6.94 50.5 6.73 53.4 6.73 52.6
2004 207 7.94 39.5 7.58 45.5 7.37 46.7
2005 138 7.60 49.3 7.47 54,6 7.60 54.3
2006 135 7.43 50.5 7.18 54.6 7.18 54.7
2007 102 9.87 44.3 8.67 54.6 8.59 55.1
2008 70 8.67 55.5 8.09 60.8 8.05 61.7

Figure 4.2 indicates the scatter plots of STIPER predicted 24-h intensity change
and observed 24-h intensity change for dependent training samples during period
2000-2007 and independent verification samples in 2008. The STIPER model is
shown to under-estimate the rapid intensification rates and over-estimate the intensity
in rapidly decaying events. This is consistent with the evaluation study by Elsberry et
al. (2007) and confirms the conclusion of Knaff et al. (2005) that linear regression
model can not predict extremes.

To examine and compare the performance in specific stage of TCs of the BASE
and STIPER models, mean absolute error is stratified by initial TC intensity and 24-h
intensity change for the 2008 verification case as an example. Figure 4.3a shows

mean absolute error as a function of initial intensity classified in 5-kt bins. The
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STIPER model outperforms the BASE model for typhoons with intensity between 45
kt and 85 kt. The BASE model produces better forecasts (lower MAE) for 35-40 kt
bin and 85-90 kt bin, however, the sample size for the two bins are very small.
Figure 4.3b indicates mean absolute error binned as a function of 24-h intensity
change. Most of the samples are located within the intensity range of 420 kt. Mean
absolute error for the STIPER model is not larger than that for the BASE model for
all intensity change bins except between 5-10 kt. The MAE becomes higher with
increasing magnitude of intensity change. It is worthy to point out that STIPER
performs much better for substantially intensifying samples (with 24-h intensity
change larger than 20 kt) than the BASE model, suggesting that the addition of
satellite information could reasonably improve the forecasts of rapidly intensifying

samples.

Table 4.7 Statistics of 24-h observations and forecasts from the STIPER model. The unit of

intensity change is kt day~\ the unit of intensity is kt, and the unit of variance is ki day *

2000 2001 2002 2003 2004 2005 2006 2007 2008

Min intensity change -20 —3% -30 -25 -40 -30 40 -25
Max intensity change 40 35 30 30 ZOS 45 45 50 40
Max intensity 100 105 100 105 110 105 105 110 105
Number of storms 23 24 25 20 28 22 23 24 22

Variance of observations 133 162 146 172 162 208 201 270 262
Variance of forecasts 86 105 96 128 96 101 79 85 119

Variance of forecast error 32 35 30 34 33 36 38 46 35
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4.2.2 48-h intensity prediction
a. Model interpretation

The important predictors in STIPER selected from the potential predictor pool for
48-h intensity forecast contain MWSO, DMWS, JDAY > LAT, POT, RHLO > RHHI,
REFC, SHR, USHR > SLHF and IRR (Table 4.8). There are around 700 samples for
48-h model training. The CLIPER models for 48-h intensity prediction have the same
predictors as the one of 24-h version, and the BASE models and the STIPER models
for 48-h intensity forecast have two more predictors (REFC and USHR) than those
for 24-h version of STIPER.

The predictors related to SST and vertical wind shear (POT and SHR) are most
important. The contribution of the persistence term DMWS is weaker than 24-h
version of STIPER since the persistence variable is more important for shorter-term
forecasts. Relative to 24-h intensity change, initial SLHF has lower impact on 48-h
intensity change, however, the other satellite-based predictor IRR has larger
normalized regression coefficient, suggesting that inner-core latent heating plays a
more important role in 48-h intensification process.

The positive regression coefficients associated with USHR indicate that westerly
shear (and westerly 200-hPa winds) is favorable for TC intensification. This positive
relationship is consistent with the finding in STIPS, but different from the negative
relationships found in the east Pacific Basin and the Atlantic Basin (DeMaria and
Kaplan 1994a; DeMaria and Kaplan 1999). There are two possible explanations for

this: 1) The accompanying westerly winds of tropical upper tropospheric troughs
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(TUTTSs; Sadler 1976, 1978) or mid-latitude troughs on the north side of TCs weaken
the easterly shear normally observed over the storm center and result in weak
westerlies within the 200—800-km annulus where the vertical wind shear is computed.
This mechanism is likely more effective in the western North Pacific Basin where
most of the tropical cyclogenesis are associated with monsoon troughs (Zehr 1992;
Briegel and Frank 1997; Ritchie and Holland 1999), which often has intense
upper-level easterlies (Wang and Xu 1997) that inhibit storm intensification. 2) An
empirical observation that typhoon peak intensity is often at or near recurvature
(Riehl 1972; Evans and McKinley 1998; Knaff 2009).

The positive relationships between the momentum flux predictor REFC and 48-h
intensity change is expected, since REFC tends to be large when a TC is moving
towards an upper-level trough in the midlatitude westerlies or interacting with a
upper-level cold lows in low latitudes, and the large REFC that makes the
upper-level circulation more cyclonic could result in the increase of the storm
intensification rate (Holland and Merrill 1984; Molinari and Vollaro 1989; DeMaria

etal. 1993).

b. Dependent model statistics

Table 4.9 shows mean absolute error (MAE) and percent variance explained (R")
of CLIPER, BASE, and SUPER estimated from dependent data for 48-h model
training. The CLIPER models have the largest MAE of about 10.7 kt and smallest R*

of about 54%, the SUPER models have the smallest MAE of about 9.3 kt and the
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largest R* of about 64%, and the BASE models have MAE and R” between the other
two kinds of models. The results indicate that the addition of synoptic predictors can
enhance the model capability of intensity prediction and the inclusion of two

satellite-based predictors on heat source can improve the capability further.

Table 4.8 STIPER predictor normalized regression coefficients with explained variances (R, %)
statistic at the bottom in different verification years for 48-h forecasts. The predictors are listed
on the left side of the table and the verification years are listed at the top with the number of

dependent samples (N) used to develop the equation shown in parentheses.

\"Year(N)

2000 2001 2002 2003 2004 2005 2006 2007 2008

(759)  (736) (702) (726)  (684)  (738)  (744) (770)  (837)
Predictor
1)MWS0 -0.112  -0.126 -0.11 -0.09 -0.16 —013 -0.12 -0.16 -0.13
2) DMWS 0.14 0.16 0.15 0.15 0.15 0.15 0.16 0.15 0.15
3) JDAY -0.15 -0.13 -0.17 -0.13 -0.16 -0.13 -0.13 -0.15 -0.14
4) LAT -0.13 -0.07 -0.12 —011 -0.16 0.1 —009 -0.13 -0.11
5) POT 0.56 0.50 0.55 0.57 0.51 0.53 0.53 0.51 0.53
6) RHLO 0.05 0.01 -0.00 0.02 0.02 0.01 0.02 0.04 0.02
7) RHHI -0.05  -0.02 0.03 001 —004 0.02 -0.01 -0.05 -0.01
8)REFC 0.09 0.12 0.11 0.06 0.11 0.08 0.10 0.10 0.10
9) SHR -0.16  -0.21 -0.19 -0.20 -0.22 -0.18 -0.18 -0.20 -0.19
10) USHR 0.08 0.09 0.13 0.09 0.12 0.11 0,08 0.10 0.10
11)SLHF 0.02 0.03 -0.01 -0.00 -0.01 -0.00 0.02 0,02 0.01
12)IRR 0.09 0.13 0.11 0.12 0.09 0.13 0.10 0.10 0.10
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Table 4.9 Developmental statistics of CLIPER, BASE and STIPER models for 48-h forecast.

Mean absolute error of the model estimate and percent variance explained (R”") are shown.

Year CLIPER BASE STIPER
MAE R2 MAE R2 MAE R2
2000 10.61 54.8 9.37 64.4 9.28 65.1
2001 10.86 52.3 9.56 62.4 9.40 63.8
2002 10.73 53.6 9.46 63.8 9.32 64.6
2003 10.78 51.5 9.55 61.4 9.46 62.4
2004 10.49 54.8 9.19 65.3 9.12 65.8
2005 10.78 52.4 9.56 61.7 9.41 62.9
2006 10.75 521 9.53 61.8 9.44 62.6
2007 10.28 55.7 9.21 63.6 9.14 64.4
2008 10.67 53.3 9.45 62.9 9.35 63.8

c. Model evaluation

The 48-h models are evaluated in this section. Table 4.10 shows MAE and R" of
CLIPER, BASE and STIPER 48-h forecasts for different verification years. The best
model for every verification year is indicated by bold italics. The numbers of samples
used to verify are also shown. There are 40 samples for verification year 2008 and up
to 153 samples for verification year 2004. Both of the BASE and STIPER models
can provide better forecasts than CLIPER. Among 9 verification cases, STIPER has
the lowest MAE and the highest R" except for 2001 and 2005. The MAEs of the
STIPER models are 1%-3% smaller than those of the corresponding BASE models
for the 7 cases. As a result, STIPER is skillful for 48-h intensity forecast and the

inclusion of satellite-based predictors SLHF and IRR provides 1%-3% improvement
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compared with the model without satellite information.

Table 4.10 Mean absolute errors (MAE, kt) and percent variances explained (R”) for CLIPER,
BASE > and STIPER 48-h forecasts in different verification years with number of samples (N).

The best model for each verification year is indicated in bold italics.

Year N CLIPER BASE STIPER
MAE R2 MAE R2 MAE R2

2000 78 10.92 33.3 10.21 40.9 9.89 43,9
2001 101 9.37 60.9 8.93 66.7 9.42 62.1
2002 135 10.42 50.9 9.73 55.6 9.68 56.8
2003 111 10.03 64.2 8.86 70.9 8.62 71.0
2004 153 11.62 45.8 10.92 50,1 10.55 52,2
2005 99 10.00 60.5 8,87 70,9 9.20 69.0
2006 93 10.35 61.4 9.09 70.1 8.92 71.3
2007 67 14.78 31.0 11.97 55.0 11.56 56.9
2008 40 12.57 59.3 12.24 62.1 11.85 63.9

4.2.3 72-h intensity prediction
a. Model interpretation

MWSO, DMWS, JDAY, LAT, LON, POT, RHHI, REFC, SHR, USHR, SLHF and
IRR are selected as the important predictors in STIPER from the potential predictor
pool for 72-h intensity forecast contain (Table 4.11). Around 500 samples are utilized
for 72-h model training. The CLIPER models for 72-h intensity prediction have one
more predictor (LON) than the 24-h and 48-h versions. In addition to LON, the
BASE models and the STIPER models for 72-h intensity forecast also have two more

predictors (REFC and USHR) than those for 24-h version of STIPER, while RHLO
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is eliminated in 72-h models.

Table 4.11 STIPER predictor normalized regression coefficients with explained variances (R, %)
statistic at the bottom in different verification years for 72-h forecasts. The predictors are listed
on the left side of the table and the verification years are listed at the top with the number of

dependent samples (N) used to develop the equation shown in parentheses.

Year (N)
2000 2001 2002 2003 2004 2005 2006 2007 2008
(522)  (505)  (470)  (489)  (464) (509) (509) (536) (572)

Predictor \
1)MWSO0 ~N13 -0.19 -0.21 -0.24 -0.24 -0.22 -0.20 -0.26 -0.21
2) DMWS 0.10 0.12 0.09 0.09 0.09 0.09 0.11 0.09 0.10
3) JDAY -0.15 -0.13 —016 -0.16 -0.16 -0.112 —013 -0.14 -0.14
4) LAT -0.11  -0.02 -0.09 —014 —014 -0.08 -0.08 —011 -0.09
5) LON 0.05 0.01 0.07 0.06 0.06 0.07 0.03 0.04 0.05
6) POT 0.64 0.57 0.53 0.52 0.52 0.53 0.54 0.49 0.55
7) RHHI -0.04 -0.01 0.02 -0.06 -0.06 0.02 -0.01 -0.02 —001
8) REFC 0.08 0.14 0.12 0.13 0.13 0.08 011 0.10 0.11
9) SHR -0.12 -0.19 -0.16 -0.21 -0.21 —015 -0.16 -0.17 -0.17
10) USHR 0.06 0.09 0.08 0.11 0.11 0.07 0.06 0.06 0.07
11) SLHF 0.01 0.02 0.01 —003 -0.03 0.01 0.02 0.01 0.01
12) IRR 0.12 0.13 0.12 0.11 0.11 0.15 0.12 0.12 0.13

The predictors related to SST and vertical wind shear (POT and SHR) and the
initial intensity (MWSO) are the most important, while the persistence term DMWS
is less important than 24-h version and 48-h version of STIPER. Just as 48-h
intensity change, initial SLHF also has lower impact on 72-h intensity change than

the 24-h case. The other satellite-based predictor IRR has comparable normalized
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regression coefficient as 48-h models, suggesting that inner-core latent heating plays

almost the same role for 48-h and 72-h intensification process.

The positive regression coefficients associated with USHR and REFC indicate that

westerly shear (and westerly 200-hPa winds) and large upper-level momentum flux

is also favorable for TC intensification in 72 h. The positive regression coefficient of

LON indicates that the intensification rate would be higher if the storms are at higher

longitude. This may be because those storms travel longer over the ocean and could

obtain more heat from the underlying warm water.

Table 4.12 Developmental statistics of CLIPER, BASE and SUPER models for 72-h forecast.

Mean absolute error of the model estimate and percent variance explained (R") are shown.

Year

2000

2001

2002

2003

2004

2005

2006

2007

2008

CLIPER

MAE

11.15

11.33

11.56

11.22

11.03

11.42

11.36

10.85

11.26

b. Dependent model statistics

63.6

60.5

62.2

59.6

63.7

60.7

60.4

63.9

61.7

MAE

9.64

9.83

10.07

10.05

9.45

10.13

9.99

9.75

9.92

BASE

R2

72.9

70.4

71.3

68.2

73.8

69.1

69.1

70.8

70.5

SUPER

MAE

9.52 73.9
9.65 71.8
9.86 72.4
9.91 69.5
9.27 74.8
9.91 70.8
9.89 70.3
9.61 71.8
9.76 71.7

Table 4.12 shows mean absolute error (MAE) and percent variance explained (R%)
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of CLIPER, BASE, and SUPER estimated from dependent data for 72-h model
training. The CLIPER models have the largest MAE of about 11.3 kt and smallest R*
of about 62%, the SUPER models have the smallest MAE of about 9.8 kt and the
largest R* of about 72%, and the BASE models have MAE and R” between the other
two kinds of models. The results indicate that the addition of synoptic predictors can
enhance the model capability of intensity prediction and the inclusion of two

satellite-based predictors on heat source can improve the capability further.

Table 4.13 Mean absolute errors (MAE, kt) and percent variances explained (R") for CLIPER,
BASE, and STIPER 72-h forecasts in different verification years with number of samples (N).

The best model for each verification year is indicated in bold italics.

Year N CLIPER BASE STIPER
MAE R2 MAE R2 MAE R2
2000 50 11.99 22.4 12.43 17.8 12.16 211
2001 67 10.76 69.2 11.34 68.7 11.50 68.3
2002 102 10.48 55.9 9.61 62.8 9.56 65,2
2003 83 11.82 70.4 9.62 80.3 9.45 80.6
2004 108 13.00 51.0 12.45 51.4 12.17 53.1
2005 63 10.62 68.7 8.79 79.8 9.51 76.9
2006 63 10.82 70.2 9.57 79.3 8,95 80.8
2007 36 16.11 26.0 12.08 63.9 11.44 67.8
2008 26 9.60 67,5 9.64 67.1 11.58 545

There is an increase of variances explained as a function of time from 24 hto 72 h.
This increase does not represent an enhancement in model skill at longer forecast

times. Instead, it simply reflects that the variability of intensity change increases as a
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function of time.

c. Model evaluation

The evaluation results of 72-h CLIPER, BASE and SUPER models are shown in
Table 4.13. The best model for every verification year is indicated by bold italics.
The numbers of samples used to verify are also shown. There are 26 samples for
verification year 2008 and up to 108 samples for verification year 2004. Among the 9
verification cases, 5 STIPER models, 3 CLIPER models and 1 BASE model provide
the best forecasts. The MAEs of the STIPER models are 1%-6% smaller than those
of the corresponding BASE models for 5 cases. As a result, STIPER is skillful for
72-h intensity forecast and the inclusion of satellite-based predictors SLHF and IRR
provides 1%-6% improvement compared with the model without satellite
information. However > the 72-h models are less stable than shorter-term forecast
models for 24-h and 48-h intensity prediction.

The increasing MAEs with the longer forecast time intervals (as shown in Table
4.6, Table 4.10 and Table 4.13) is primarily due to the inclusion of some predictors
related to CLIPER, which have more impact on intensity change in shorter time

periods.

4.3 Neural network models
The nonlinear response of the linear regression models suggests the use of

non-linear models can be beneficial. The back-propagation neural network (NN)
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models for 24-h, 48-h and 72-h intensity prediction (NN24, NN48, and NN72) are
developed using the same predictors from the linear regression model STIPER. The
input layers of NN24, NN48, and NN72 models contain ten neurons, twelve neurons,
and twelve neurons, respectively > which correspond to those predictors used in the
linear regression forecasting models for the same time period. All of the NN models
have seven neurons in the hidden layers and one neuron in the output layers. The
only neuron in the output layers corresponds to the predictand (24-h, 48-h or 72-h
intensity change). The log-sigmoid transfer function is selected from the input layer
to the hidden layer and the linear transfer function is used from the hidden layer to
the output layer in all of above NN models. Same as linear regression models, the
NN models are developed by using 8-year data samples for training and 1-year data
samples for verification.

Table 4.14 indicates the verification statistics of NN24, NN48, and NN72 models.
The mean absolute errors of NN24 model range from 5.97 kt in 2001 to 8.04 kt in
2007. The mean absolute errors of NN48 model are larger than those of NN24 model;
they range from 7.81 kt in 2003 to 10.45 kt in 2007. Surprisingly, NN72 model has
smaller mean absolute error than NN48 model except for 2000, 2001 and 2004.
Figure 4.4, Figure 4.5 and Figure 4.6 offer us the direct comparison of the three
linear regression models (CLIPER, BASE, and STIPER) and the NN models at three
forecasting intervals (24 h> 48 h, and 72 h) in the nine verification years from 2000 to

2008.
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Table 4.14 Mean absolute errors (MAE, kt) and percent variances explained (R”) of neural
network modes (NN24, NN48, and NN72) for 24-h, 48-h, and 72-h intensity forecasts in different

verification years.

Year NN24 NN48 NN72
MAE R2 MAE R2 MAE R2
2000 6.02 47.2 8.29 53.6 10.03 52.6
2001 5.97 62.7 8.10 70.8 9.61 74.0
2002 6.27 55.9 8.43 62.9 8.23 72.8
2003 6.21 58.8 7.81 74.4 7.79 83.0
2004 6.95 51.1 9.13 61.9 10.26 62.5
2005 6.91 57.2 8.71 69.3 8.26 81.3
2006 6.72 59.0 8.52 73.3 8.51 80.0
2007 8.04 59.1 10.45 63.6 8.72 74.4
2008 7.21 67.2 9.78 72.7 8.70 75.5
6
S
Y
»
{ :

2000 2001 2002 2003 2004 2005 2006 2007 2008
Year

Figure 4.4 The mean absolute errors (MAE, kt) of four regression models (CLIPER, BASE,

STIPER, and NN24) in different verification years at 24-h forecast time.
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For the 48-h forecasts (Figure 4.5), the NN48 model has 4-17% improvement

compared to the STIPER model and 14-29% improvement compared to the CLIPER

model.
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Figure 4.5 The mean absolute errors (MAE, kt) of four regression models (CLIPER, BASE,

STIPER, and NN438) in different verification years at 48-h forecast time.

At 72-h forecast time (Figure 4.6), the NN72 model 6-28% improvement
compared to the STIPER model and 9-46% improvement compared to the CLIPER
model

Figure 4.7 indicates the scatter plots of NN24 predicted 24-h intensity change as
well as observed 24-h intensity change for dependent training samples during period

2000-2007 and independent verification samples in 2008, STIPER results are also
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shown for comparison. Generally, NN24 has lower absolute errors both for the
developmental samples and the verification samples than STIPER. The mean
absolute errors are then stratified by initial TC intensity and 24-h intensity change of
NN24 model and the 24-h STIPER model in the verification year 2008 (Figure 4.8).
It is indicated that the NN24 model outperforms the 24-h STIPER model almost in
all the TC stages and intensity change bins. The largest error reduction of NN24
model occurs for the rapidly intensifying or rapidly decaying storms, especially for

the sample intensifying by 40 kt, the forecast error decreases by 7 kt.

e ¢ CLIPER
eebase

r A~ STIPER

Fa WA
BM
0
R

L

Figure 4.6 The mean absolute errors (MAE, kt) of four regression models (CLIPER, BASE,

STIPER, and NN72) in different verification years at 72-h forecast time.
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Figure 4.7 Scatter plots of STIPER and NN24 predicted 24-h intensity change versus observed
24-h intensity change for (a) dependent training samples during 2000-2007, (b) independent

verification samples in 2008.
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Figure 4.8 NN24 model and STIPER model mean absolute error (MAE) (a) stratified by
best-track initial intensity (MWSO) in 5-kt bins for 24-h forecasts and (b) stratified by 24-h
intensity change (DELV) in 5-kt bins. Lower values of mean absolute error represent better

forecasts. Dotted lines represent the number of valid observations within a particular bin.
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The NN models are clearly superior to the corresponding linear regression models.
This is probably because the NN models are constructed using artificial intelligence
nonlinear fitting, which has capabilities of strong nonlinear mapping and
self-adaptation learning by including nonlinear transfer function and therefore better

captures the nonlinear evolutionary characteristics of TC intensity.

4.4 Summary

A new maximum potential intensity equation is derived using TMI Ol sea surface
temperature data with high temporal and spatial resolution (daily and a quarter
degree). This equation together with environmental information obtained from NCEP
GFS FNL analysis, best track taken from RSMC Tokyo and SLHF and IRR derived
from satellite data are then utilized to develop multiple linear regression models and
neural network models for western North Pacific TC intensity forecasting at 24-h,
48-h, and 72-h intervals.

Compared to the multiple linear regression models (BASE) with climatology,
persistence and environmental predictors only, the linear regression models that
include additional satellite-based SLHF and IRR (STIPER) provides 1-3%
improvement in 24-h and 48-h forecasting and 1-6% improvement in 72-h
forecasting. The largest improvement of the satellite-enhanced STIPER model occurs
for those rapidly intensifying storms.

The neural network (NN) models developed using the same predictors as those

used in the STIPER models outperform the STIPER models. The improvement is up
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to 10%’ 17%, and 28% at 24-h, 48-h, and 72-h forecast time, respectively. The error
reduction exists for all the TC stages and intensity change magnitudes, and forecasts
of the rapidly intensifying and rapidly decaying storms have the largest improvement.
If compared to the control model CLIPER, the neural network models can provide up
to 19%, 29%, and 46% reduction in MAE at 24-h, 48-h > and 72-h forecast time,

respectively.
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CHAPTER 5 Typhoon Rapid Intensification Forecasting

Using Logistic Regression and Neural Networks

Rapid intensification (RI) of TCs is the most interesting and the most important
part. Predicting TC rapid intensification is a challenge, since rapidly intensifying
storms contribute the major error source in the intensity forecasting models as
mentioned in chapter 4 as well as in the previous studies (Blackerby 2005; Elsberry
et al. 2007).

Some attempts to forecast Rl of the Atlantic and Eastern Pacific TCs have been
made. Kaplan and DeMaria (2003) developed a simple Rl index to estimate RI
probability over the succeeding 24 h for Atlantic hurricanes by comparing the
parameters with the corresponding threshold values. This index with 5 predictors
provided up to 41% accuracy of RI detection, i.e., 41 Rl events took place among
100 events which satisfied the corresponding threshold values of the 5 predictors.
Yang et al. (2007, 2008) applied the association rule in data mining techniques
(Agrawal et al. 1993) to the same dataset used in Kaplan and DeMaria's (2003)
analysis. They found that a combination of the following attributes, such as the
position of the TC being at a high latitude and low longitude, the TC being in an
intensification phase, with an initial intensity far away from the maximum potential
intensity, high steering layer value, and low relative eddy flux convergence offers a
high RI probability of detection of 86%. While the combination of these attributes is

a sufficient but not necessary condition for the occurrence of RI, and only a small
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proportion of all the RI events take place under these conditions, hence a large
number of RI events would be missed.

As a follow-up study, Kaplan et al. (2010) used more a sophisticated linear
discriminant analysis method (Wilks 2006) to develop a revised RI index and
extended the study area to include the eastern North Pacific. Their verification results
showed a probability of detection (POD) of up to 59% and 73%, however, a large
false alarm ratio (FAR) as high as 85% and 79% for the 2006 and 2007 hurricane
seasons was also noted.

Logistic regression is widely used for categorical prediction, whose outcome is the
probability of occurrence of an event. The difference between linear discriminant
analysis and logistic regression is that in linear discriminant analysis, the predictors
are assumed to be normally distributed, whereas in logistic regression > no assumption
about the distribution is made. Thus, logistic regression seems to be more robust. A
comparison study of several methodologies for probabilistic quantitative
precipitation forecasts (Applequist et al. 2002) showed logistic regression performed
better than other models such as linear regression - linear discriminant analysis, neural
networks, and a classifier system.

In this chapter, we will focus on the prediction of rapid intensification of TCs. As
such, a binary logistic regression model (LRRI) and a neural network model (NNRI)
to forecast Rl of TCs over the western North Pacific will be developed and the
results will be compared to models developed for the Atlantic and eastern Pacific

ocean.
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5.1 Model development

Rl of TCs, as defined in chapter 3’ refers to over-water samples with minimum
central pressure fall in excess of 20 hPa over a 24-h period. The rest of the
over-water samples are non-RI samples. The value of the dependent variable (Y,
predictand) is 0 or 1, where the dependent variables of Rl samples are given as 1and
the dependent variables of non-RI samples are given as 0 (see equation 2.4).

To solve the multicollinearity problem, a forward logistic stepwise method is
utilized to select significant predictors from the same potential predictor pool (see
Table 4.1). The significance level for a predictor to enter into the model is 0.01 and
the significance level for a predictor to remove from the model is 0.05. The
procedure results in five significant predictors (DMWS, POT, RHLO, REFC, and
SHR) in the final LRRI model.

The data over the period 2000-2008 are divided into two parts: data from 2000 to
2007 that contains 1176 samples are used as training set and data in 2008 with 64
samples are used as the verification set. The regression coefficients and t-statistics of
the LRRI model are shown in Table 5.1. The regression coefficients associated with
the predictors are consistent with their physical reasoning. The TC with higher
intensification rate in the previous 12 h and initial intensity further from maximum
potential intensity, which is under the environment of higher lower-level relative
humidity, larger upper-level momentum flux, and less vertical wind shear, is more
likely to intensify rapidly, t-statistics indicate that the persistence term (DMWS),

intensification potential (POT), and vertical wind shear (SHR) are the most important
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predictors.

Table 5.1 LRRI predictor regression coefficients. The predictors are listed on the left side of the

table. 1176 dependent samples are used to develop the model.

Predictor Regression coefficient t-statistics
Intercept -A51 -2.45
1)DMWS 0.13 9.05
2) POT 0.03 6.47
3) RHLO 0.05 1.96
4)REFC -0.04 -2.90
5) SHR -0.19 -4.81

The five predictors aforementioned are also used to develop the NNRI model,
which has five neurons in input layer, five neurons in hidden layer and one neuron in
output layer. The log-sigmoid transfer function is used from the input layer to the
hidden layer and the tan-sigmoid transfer function is used from the hidden layer to
the output layer. This combination of transfer functions allows the NNRI model
output between 0 and 1 as the LRRI model, the output of the NNRI and LRRI

models represent the probability of RI.

5.2 Model verification in 2008 typhoon season
In line with the earlier works using logistic regression, a threshold probability 0.5
is used for both of the LRRI and NNRI models. That is to say, a RI event is predicted

if the probability of an event output by the model exceeds 0.5 > the said probability
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that is smaller than 0.5 indicates a non-RI event. The 2 x 2 contingency tables are

employed to assess the performance of the LRRI and NNRI models in 2008.

Table 5.2 A2 x 2 contingency table of the LRRI model forecasts in 2008. Threshold probability

is set at 0.5.
Observed
Rapid intensification or not
Yes No
Yes 7 1
Forecast
No 9 53

Table 5.3 A 2 x 2 contingency table of the NNRI model forecasts in 2008. Threshold probability

is set at 0.5.
Observed
Rapid intensification or not
Yes No
Yes 8 1
Forecast
No 8 53

Table 5.2 and Table 5.3 show the 2 x 2 contingency tables of the LRRI and NNRI
models, respectively. The resulting skill scores of the LRRI and NNRI model
performance in 2008 are indicated in Table 5.4. There are a total of 16 RI events and
54 non-RI events in 2008. The LRRI (NNRI) model makes 7 (8) forecasts of RI
events and 9 (8) RI events are missed. The forecasts of non-RI events are quite good,
53 non-RI events are predicted in the both models. The number of false alarms from
the both models is only 1. Consequently, the NNRI model is more skillful than the
LRRI model. It is worthy to note that FAR of our models is much lower than that of

the model developed by Kaplan et al. (2010).
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Table 5.4 Skill scores of the LRRI and NNRI model. Probability of detection (POD), false alarm
ratio (FAR), critical success index (CSl), and equitable threat score (ETS) are used to evaluate

the model performance in 2008. Threshold probability is set at 0.5.

LRRI NNRI
POD 0.44 0.50
FAR 0.13 0.11
Csl 0.41 0.47
ETS 0.34 0.40

Table 5.5 Impact of varying threshold probability ointhe LRRI model.

Skill score
POD FAR Csli ETS
Threshold
0.45 0.50 0.11 0.47 0.40
0.4 0.69 0.08 0.64 0.58
0.35 0.69 0.21 0.58 0.49
0.3 0.69 0.31 0.52 0.42

The cases are examined further. It is found that the LRRI and NNRI models issue
false alarms for the same event, and there are 6 cases of detection of Rl events by
both the LRRI and NNRI model. If we combine both models, i.e., once a forecast of
an event is a Rl event in any of the both models, this forecast is RI. By this manner 9

out of 16 RI events are forecasted.
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Table 5.6 Impact of varying threshold probability on the NNRI model.

Skill score
POD FAR CSI ETS
Threshold probabifi™M-------- AN

0.45 0.56 0.10 0.53 0.46

0.4 0.75 0.14 0.67 0.59

0.35 0.81 0.13 0.72 0.66

0.3 0.94 0.29 0.68 0.59
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Figure 5.1 Equitable threat scores as a function of threshold probability for both LRRI and NNRI

models.

The sensitivity of the prediction to varying threshold probability is examined. The
resulting skill scores are shown in Table 5.5 for the LRRI model and Table 5.6 for the
NNRI model. The NNRI model outperforms the LRRI model for all three values of

threshold probability. As the threshold probability decreases from 0.5 to 0.4 > POD,
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CSI and ETS of the both models increase and FAR of the both models are nearly the
same, indicating that the use of lower threshold probability can enhance the skill of
RI detection. While the threshold probability decreases from 0.4 to 0.3 > for the LRRI
model POD remains the same and FAR becomes much larger, for the NNRI model
both of POD and FAR increase.

The ETS is the more appropriate statistics to use since the proportion of Rl is
much less than 0.5. Figure 5.1 shows the ETS as a flmction of threshold probability
for both LRRI and NNRI models. ETS is the highest when the threshold probability
is set at 0.4 (0.35) for the LRRI (NNRI) model, thus 0.4 (0.35) is the optimal

threshold probability for RI prediction using logistic regression (neural networks).

5.3 Summary

An attempt is made to predict Rl of TCs using logistic regression and neural
networks. Five variables (intensity change in the previous 12 h, intensification
potential » lower-level relative humidity, eddy flux convergence at 200 hPa, and
vertical wind shear) are included in the final set of predictors.

A verification result from 2008 typhoon season shows that the neural network
model is superior to the logistic regression model for RI detection. A more
satisfactory performance of the LRRI (NNRI) model is observed when the threshold

probability is reduced to 0.4 (0.35) instead of the conventional 0.5.
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CHAPTER 6 Conclusion and Discussion

6.1 Conclusion

First, OAFlux surface latent heat flux (SLHF) and TMPA rain rate data as well as
JMA RSMC Tokyo best track data are used to examine SLHF and rainfall associated
with rapidly intensifying western North Pacific tropical cyclones. In this study rapid
intensification (RI) of tropical cyclones (TCs) is defined as over-water minimum
central pressure fall in excess of 20 hPa over a 24-h period. Composite analysis on
the initial (t = 0 h) SLHF and rainfall for four categories classified by moving
direction over a 24-h period shows that Rl samples are usually associated with an
area of relatively high SLHF on the right-hand of TC track and with relatively high
rainfall within inner-core regions. The significant difference between initial SLHF of
RI and non-RI samples occurs on TCs > pathway, and this significant difference in
SLHF is dominated by the air-sea humidity difference. The results suggest the
potential usefulness of SLHF and inner-core rain rate (IRR) in the prediction of TC
intensity over the western North Pacific.

Second, several linear regression models and neural network models are developed
for the western North Pacific TC intensity prediction at 24-h, 48-h, and 72-h intervals
using JMA RSMC Tokyo best track, NCEP GFS FNL analysis, TMI 01 sea surface
temperature (SST), OAFlux SLHF and TMPA rain rate data. A pool of 18 potential
predictors contains 6 variables related to climatology and persistence, 10 variables

related to atmospheric and oceanic environment, and 2 new satellite-based variables
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(SLHF and IRR). The estimation of TC maximum potential intensity (MPI), which is
a very important predictor, is improved by using TMI Ol SST with higher temporal
and spatial resolution. Four types of models are developed, linear regression models
with climatology and persistence predictors (CLIPER) as a benchmark, linear
regression models with climatology, persistence and environmental predictors
(BASE), linear regression models with SLHF and IRR (STIPER) in addition to
BASE predictors, and neural network (NN) models with the same predictors as
STIPER. Analysis of the resulting models indicates that STIPER produces up to 6%
improvement in performance for TC intensity forecasts out to 72 h compared to
BASE. Further improvement of NN models over STIPER is up to 28%, and error
reduction are found at all the TC stages and intensity changes. The most significant
improvement is in forecasts of the rapidly intensifying and rapidly decaying storms.
Finally - for TC RI forecasting, a logistic regression model (LRRI) and a neural
network model (NNRI) are developed using the same pool of potential predictors
over the period 2000-2007. Five significant predictors include intensity change in
the previous 12 h, intensification potential, lower-level relative humidity, eddy flux
convergence at 200 hPa, and vertical wind shear. The verification of forecasts in
2008 typhoon season shows that NNRI outperforms LRRI for Rl detection. The

optimal threshold probabilities for NNRI and LRRI are 0.35 and 0.4, respectively.

6.2 Discussion

6.2.1 Potential for operational use
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The ultimate goal of this study is to employ these models for operational forecast.
The climatology, persistence and environmental predictors can be derived timely
from numerical weather prediction (NWP) model forecast fields and TC track
forecast, whereas timely satellite microwave observations of a TC for SLHF, IRR
and SST retrieval may not be available. The availability of remote sensing products
of IRR and SLHF are needed in real-time or near-real-time applications of these
products in the SUPER and NN models.

6.2.2 Additional error source for operational use

All the potential predictors are derived along the TC track using a “perfect prog”
approach, where the NCEP analysis and JMA RSMC Tokyo TC best track data are
used to develop the statistical models. However, when the models are in operational
use, NCEP NWP model forecast are used to compute the predictors along the TC
track forecast by JMA RSMC Tokyo. As a result, errors in both the NCEP NWP
forecast fields and the JIMA RSMC Tokyo track forecast would produce additional

intensity forecast errors.

6.2.3 Future work

Further improvement in intensity forecast may come from the use of consensus
intensity forecasts (forecasts created by combining output from individual forecasts),
as shown by Sampson et al. (2008). Consensus of both track forecasts and NWP
forecasts could be tested.

OAFlux SLHF has relatively coarse temporal and spatial resolution (daily and 1
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degree). Higher temporal and spatial resolution SLHF may provide a better
understanding of TC-ocean interaction. The production in progress of the third
version of the NASA/Goddard Space Flight Center Satellite based Surface Fluxes
GSSTF3 (Shie et al. 2009) SLHF data with the resolution of 12 hourly and a quarter
degree, which is retrieved from a number of satellite datasets - may be potentially
used for typhoon forecast.

In the RI forecast, the variables selected are all prognostic variables, i.e. they
depend on the prognostic models to provide good estimates of the atmospheric state
variables. It might be advantageous to include SLHF since the SLHF is produced as a
diagnostic variable in model analyses.

Another way to improve the resolution of SLHF is to retrieve it directly using
brightness temperature measurements from TRMM Microwave Imager, as proposed
by Lin and Tang (2000) as well as Lin and Fan (2005). These microwave satellite
estimates can provide SLHF estimates with spatial and temporal resolutions
compatible with the TMPA rainfall estimates and may provide a better estimate of the

static predictors in the STIPER and NN models.
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Appendix A suite of sample codes

To extract parameters from NCEP GFS FNL 12-hourly analysis data (in GRIBI
format) and convert them to BINARY format:

For example, the following codes are used to extract 400-hPa relative humidity in
2008 » which is the 88" record in the GRIBI data with filename such as
“fnl—200801 01 00’ , “fnl_200801_01—12, , and so on. The output data file is named
as 'RH400_08.dat'. To run this code in WINDOWS operating system, save the codes
in a BAT file and open the BAT file directly.

secho off

for %%i in (01_00 01_12 02_00 02_12 03_00 03_12 04 00 04_12 05_00 05—I12 06_00
06—12 07-00 07-12 08—00 08 12 09—00 09 12 10 00 10—12 11—-00 11—12 12—00 12 12
13-00 13 12 14-00 14-12 15 00 15 12 16 00 16—12 17 00 17_12 18 00 18 12 19-00
19-12 20—00 20-12 21_00 21_12 22 00 22—12 23 00 23 12 24 00 24 12 25 00 25 12
26-00 26-12 27—00 27 12 28—00 28_12 29—00 29 12 30_00 30_12 31 00 31 12) do
wgrib  -bin  -nh  F:\ds083.2\200801\fnL200801%%i_00 -d 88 -append -0
F:\stips\RH400_08.dat

for %%i in (01_00 01—12 02 00 02 12 03 00 03 12 04 00 04—I12 0500 05—12 06_00
06-12 07-00 07-12 08_00 08_12 09 00 09 12 10 00 10 12 11—00 11—12 12 00 212
1300 13-12 14-00 14-12 15 00 15 12 16 00 16 _12 17 00 17_12 18J)0 1SJ.2 19 00
19—12 20-00 20-12 21—00 21 12 22—00 22 12 23—00 23 12 24—00 24—12 25 00 25—12
26—00 26-12 27-00 2712 28 00 28 12 29 00 29 12) do wgrib -bin -nh
F:\ds083.21200802\fnl—200802%%L00 -d 88 -append -0 F:\stips\RH400_08.dat

for %%i in (01_00 01—12 02_00 02—12 03_00 03—12 04_00 4—12 05—00 05_12 06-00

06_12 07-00 07-12 08_00 08 12 09 00 09 12 10 00 10_12 11 00 11_ 12 12 00 12 12
13 .00 13-12 14 00 14-12 15 00 15 12 16 00 16 12 17 00 17 12 18 00 18 12 19-00

19-12 20-00 20—12 21 00 21 12 22 00 2—12 23 00 23 12 24 00 24—12 25 00 25 12

26-00 26-12 27-00 27 12 28—00 28 12 29—00 29 12 30—00 30 12 31 00 31—12) do

wgrib  -bin  -nh  F:\ds083.2\200803\fnL200803%%i 00 -d 88 -append -0

F:\stips\RH400_08.dat

for %%i in (01_00 01—12 02_00 02_12 03_00 03_12 04 00 04_12 05_00 05_12 06_00

06-12 07-00 07-12 08_00 08_12 09 00 09_12 10 00 10_12 11_00 11 12 12—00 12_12

13-00 13-12 14-00 14-12 1500 15—12 16—00 16 12 17—00 17 12 18 00 18 12 19—00
19-12 20-00 20—12 21 _00 21—12 22 _00 22_12 23 00 23 12 24 00 24—12 25 00 25—12

26-00 26-12 27—00 27_12 28 00 28 12 29 00 29 12 30_00 30—12) do wgrib -bin -nh

F:\ds083.21200804\fnL200804%%i_00 -d 88 -append -0 F:\stips\RH400_08.dat

for %%i in (01_00 01_12 02_00 02_12 03—00 03_12 04 00 04_12 05J)0 05_12 06_00
06 12 07 00 07 12 08 00 08 12 09 00 09 12 10 00 10 12 11 00 11 12 12 00 12 12
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13-00 13-12 14-00 14-12 15_00 15 12 16—0016_12 17 _00 17_12 18 00 18_12 19—00
19-12 20-00 20-12 21-00 21—12 220022 12 23—0023 12 24 00 24—12 25 00 25 12
26-00 26-12 27-00 27_12 28 00 28_12 29 00 29 12 30_00 30_12 31_00 31_12) do
wgrib  —bin  -nh  F:\ds083. 2\200805\fnl_200805%%i_00 -d 88 -append -0
F:\stips\RH400_08. dat

for %%i in (01.00 01_12 02—00 02_12 03—00 03_12 04_00 04 12 05_00 05 12 06_00
06—12 07—00 07-12 08_00 08_12 09 _00 09_12 10_00 10_12 11_00 11_12 12_00 12_12
13-00 13_12 14-00 14-12 15 00 15—12 16 00 1612 17 00 17_12 18—00 18—12 19_00
19—12 20—00 20_12 21_00 21_12 22_00 22JL.2 23 00 23_12 24—00 24_12 25—00 25_12
26_00 26-12 27-00 27—12 28—00 286—12 29—00 29—12 30_00 30_12) do wgrib —bin —nh
F:\ds083. 2\200806\fnL.200806%%i_00 —d 88 —append —o F: \stips\RH400_08. dat

for %%i in (01_00 01—12 02—00 02_12 03_00 03_12 04_00 04_12 05—00 05_12 06_00
06-12 07—00 07-12 08_00 08_12 09_00 07—12 10_00 10_12 11_00 11_12 12_00 12_12
13-00 13_12 14-00 14-12 15_00 15—12 16_00 16_12 17_00 17_12 18 00 18—12 19_00
19—12 20-00 2—12 21— 21_12 22—00 22_12 23 00 23—1224 00 24 12 25 00 25 12
26-00 26-12 27-00 27_12 28 00 28-12 29_00 29_12 30_00 30_12 31-00 31_12) do
wgrib  —bin  -nh  F:\ds083. 2\200807\fnL200807%%i_00 -d 88 -—append -0
F:\stips\RH400_08. dat

for %%i in (01—0001_12 02_00 02_12 03_00 03_12 04_00 04_12 05_00 05_12 06_00
06-12 07—00 07—12 08_00 08_12 09_00 0—12 10_00 10_12 11_00 11_12 12_00 12_12
13-00 13-12 14 00 14-12 15—00 15—12 16—00 16—12 17—00 17—12 18—00 18 12 19J)0
19-12 20-00 20-12 21 00 21_12 22 00 22_12 23 00 23 1224 00 24 12 25 00 25 12
26-00 26-12 27-00 27—12 28_00 28_12 29—00 %—12 30_00 30_12 31_00 31—12) do
wgrib  —bin  -nh  F:\ds083. 2\200808\fnl_200808%%_00 -d 88 -append -0
F:\stips\RH400_08. dat

for %%i in (01—00 01_12 02_00 02_12 03_00 03_12 04—00 04_12 05_00 05_12 06—00

06-12 07-00 07-12 08—00 08—12 09_00 09_12 10—00 10—12 11— 11_12 12_00 12_12
13—00 13-12 14-00 14-12 15_00 15_12 16_00 16_12 17—00 17—12 18_00 18_12 19-00
19—12 20—00 20-12 21_00 21_12 22—00 22_12 23_00 23_12 24 _00 24_12 25_00 5—12

26—00 26_12 27-00 27_12 28_00 28—12 29_00 29_12 30_00 30_12) do wgrib —bin —nh

F:\ds083. 2\200809\fnl_200809%%i_00 —d 88 —append -0 F:\stips\RH400_08. dat

for %%i in (01_00 01—12 02_00 02_12 03_00 03_12 04-00 04—12 05_00 05_12 06_00
06-12 07-00 07-12 08—00 08_12 09_00 09_12 10_00 10—12 11_00 11—12 12—00 12_12
13-00 13-12 14-00 14-12 15 00 15—12 16 00 16_12 17 00 17_12 18 00 18 12 19—00
19-12 20-00 20-12 21—0021_12 22_00 22_12 23_00 23 12 24 00 24 12 25-00 25-12
26—00 26-12 27_00 27—12 286—00 28 12 29 00 29 12 30_00 30_12 31_00 31—12) do
wgrib  —bin  —nh  F:\ds083. 2\200810\fnL200810%%i_00 -d 88 -append -0

F: \stips\RH400_08. dat

107



for obobi in (01 _00 01 12 02 00 02 12 03 00 03 12 04 00 04 12 05 00 05 12 06 00
06-12 07-00 07_12 08 00 08—12 09 00 09 12 10 00 10—12 11—Q0 11_12 12 00 12 12
13 00 13 12 14 00 14 12 15 00 15 12 16 00 16 12 17 00 17 12 18 00 18 12 19 00
19 12 20-00 20-12 21-—00 21—12 22—00 22 12 23 00 23 12 24 00 24 12 25 00 25 12
26-00 26-12 27-00 27—12 28 00 28 12 29—00 20—12 30-00 30_12) do wgrib -bin -nh
F:\ds083.2\200811\fnl_200811%%i_00 -d 88 -append -o F:\stips\RH400_08.dat

for %%i in (01—00 01_12 02_00 02_12 03_00 03—12 04_00 04_12 05_00 05_12 06_00
06-12 07-00 07_12 08-00 08_12 09 00 09—12 10 _00 10-12 11 00 11 12 12 00 12_12
13—00 13-12 14_00 14-12 15—00 15—12 16_00 16_12 17_00 17_12 18_00 18 12 19 00
19 12 20—00 20-12 21 00 21 12 22 00 22 12 23 00 23 12 24 00 24 12 25 00 5—12
26-00 26-12 27-00 27—12 28 00 28_12 29 00 29_12 30_00 30—12 31 00 31_12) do
wgrib  -bin -nh  F:\ds083.21200812\fnl_200812%%i_00 -d 88 -append -0
F:\stips\RH400_08.dat
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To read OAFlux data (in NetCDF format) and convert them to BINARY
format:

The following FORTRAN codes are used to convert OAFlux daily SLHF data in
NetCDF format to BINARY format. The codes are generated by using free software
named 'nc2f90.exe’ obtained online from
http://lwww.whigg.ac.cn/yanhm/fortran.htm.

The NetCDF library is needed to run this FORTRAN program.

include ¢ netcdf. inc’

Define Variables.

Variable ids run sequentially from 1 to nvars=5 | number of variables
integer, parameter :; ix=360 - jy=180, nrec=365 ! change this to generalize
integer*4 ncid, status ! file control

integer*4 recdim | record dimension

Below 5 variables is the data in netCDF file

real*4 Ion ( ix )
real*4 lat( jy )
integer>K4 time (nrec)
integer*2 tmpsf ( ix, jy, nrec
integer2 err( ix, jy, nrec )

above 5 variables is the data in netCDF file

integerk4 start (10)

integer*4 count (10)

integerx4 diraids(10) ! allow up to 10 dimensions
integer4 dimid, xtype

character (len=31) :: dummy

Define ”“scale—factor” and 7 add offset” variables

real*8 o: scale4(l), add4(l)
real*8 :: scaleb(1), add5(1)
real :: Ta, q, gs (ix, jy, nrec )

Open netCDF file.
status—nf open(’ f:\oaflux\lh_oaflux 2008. nc’ > nf nowrite, ncid)

if ( status/=nf_noerr ) write (K >K)nf_strerror(status)

Retrieve data for Variable - Ion-
Long name of ¢ Ion’ is ’ longitude’
Units of ° Ion’ is ¢ degrees’
status=nf_inq _var (ncid, 1> dummy, xtype, ndim, diraids, natts)
if ( status/=nf_noerr ) write (K, >K)nf strerror (status)

do j=1, ndim
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status=nf_inq dim (ncid, dimids (j) > dummy, len)

if ( status/=nf_noerr ) write (% %) nf_strerror (status)

start (j)=1 ; count (j)=len
end do
status=nf_get vara_real (ncid, 1> start, count, Ion)

Retrieve data for Variable ¢ lat’
Long—name of ’ lat’ is ’ latitude’
Units of ’ lat” is ’ degrees’
status=nf_ing_var (ncid, 2 > dummy, xtype, ndim, dimids, natts)
if ( status/=nf noerr ) write CK #® nf_strerror(status)
do j=1, ndim
status=nf_inq dira(ncid, dimids(j), dummy, len)

if ( status/=nf_noerr ) write (K, >K)nf,strerror(status)

start (j)=1 ; count (j)=len
end do
status=nf_get_vara_real (ncid, 2, start, count, lat)

Retrieve data for Variable ’ time’
Units of ’ time’ is ‘day
status=nf—ing var (ncid, 3> dummy, xtype, ndim, dimids, natts)
if ( status/=nf_noerr ) write (K, >K)nf strerror(status)
do j=1, ndim
status=nf_inqldim(ncid, dimids (j), dummy, len)
if ( status/=nf_noerr ) write (*, nf strerror(status)
start (j)=1 5 count (§j) —len
end do

status=nf_get vara_int(ncid, 3> start, count, time)

Retrieve data for Variable ¢ tmpsf’
Units of ¢ tmpsf is ¢ W/m"2’
status=nf_inq var (ncid, 4 > dummy, xtype, ndim, dimids, natts)
if ( status/=nf_noerr ) write (%, %) nf strerror(status)
do j=1 > ndim
status=nf_inqg dim (ncid, dimids (j), dummy, len)
if ( status/=nf _noerr ) write (K, K)nf strerror(status)
start (j)=1 ; count (j) =len
end do
status=nf_get vara_int2 (ncid, 4, start, count, tmpsf)
scale4(1) =0.0 :; add4(1) =0.0
Scale—factor and add—offset for variable ’ tmpsf’
status-nf_get_att_double(ncid, 4, > scale—factor’ - scale4(l))
add scale—factor and add—offset to get true value
Caution: variable type of ¢ tmpsf may not as the same as the type of
‘scale4(l) ¢ and > add4(l) > ’ you must change it youself!
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trapsf=trapsf*scale4 (1) +add4 (1)
Retrieve data for Variable ’ err’
Units of " ar: is > Wm'2’
status=nf_inq var (ncid, 5> dummy, xtype, ndim, dimids, natts)
if ( status/=nf_noerr ) write (% %) nf—strerror (status)
do j-1, ndim
status=nf_ing_dini (ncid, dimids (j) > dummy, len)

if ( status/=nf_noerr ) write (K, >K)nf strerror(status)

start (j)=1 ; count (j)=len
end do
status=nf_get vara_int2 (ncid, 5 start, count, err)
scales (1) =0.0 ; add5(1) =0.0
Scale—factor and add—offset for variable ’ err’

4

status=nf—get—att—double (ncid, 5 ¢ scale—factor’ > scaleS(1))

add scale—factor and add_offset to get true value

4

Caution: variable type of ’ err may not as the same as the type of
‘scales(1) ¢ and ’ add5(1), , you must change it youself!
err=err>Kscaleb (1) +add5 (1)
Some useful advices

If dimensions of a variable exceed 3, there can be an error (or warning)

“warning LNK4084: total image size 382214144 exceeds max (268435456) ; image may not
run”

when link this program. The best way to resolve it: decrease dimensions

of the variable, use 7do.. . end do” cycle to get little data at one time.

See NetCDF mannual to look for how to control the dimensions

End suggestions

Begin writing statements to use the data.
Here write your own code please!

open(11, file- f:\oaflux\lh_2008. dat, - access= direct’ form=" binary > recl=4*ix*jy

do k=1, nrec
write (11, rec=k) ((real (tmpsf (i, j, k), i=l, ix) iv)
enddo

close(11)

End Program
End
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To calculate area-averaged SLHF within  5° X 5° box for each TC sample
during 2000-2008.

integer, parameter :: ix=360, jy=180, nt—366, tyno—211 - max 200

integer id(tyno) > line (tyno) > seri (tyno) > grade (tyno > max) > ilat (tyno, max)
integer i Ion (tyno, max) ° dradSO (tyno, max) ° r501 (tyno, max) > r50s (tyno, max)
integer dradSO(tyno, max), r301 (tyno, max) > r30s(tyno, max)

integer vraax (tyno, max) ’ mslp (tyno, max) ’ yr, mon, dy, hr

real lat (tyno, max) > Ton (tyno, max) > ITh (ix, jy, nt) > Ihf (tyno, max)
character*20 tcname (tyno)

character*2 year (tyno, max), month (tyno, max) > day (tyno, max) > hour (tyno, max)

! Read RMSC Tokyo best track
open(3 s file=, f:\stips\bst00-08 12h. txt, - status” old, )
do n=1, tyno
read (3 11) indl, id(n), line (n), seri (n), tcname (n)
11 format (i5, Ix, i4, 2x, i3, Ix, i4, 10x, a20, 22Xx)
if (ind1==66666) then
do i = 1> 1line(n)
read (3>101) year (n, i) >month (n, i) > day (n, i) > hour (n, i) > ind2, grade (n, i) - &
ilat (n, 1) > ilon (n, i), raslp(n, i), vmax(n, i) > dradSO(n, i) > tSOL (n, 1) > 1SOs (0, i), &
drad30 (n, i), r301 (n, i) > r30s (n, 1)
101 format (4a2, Ix, i3, Ix, il, Ix, i3, Ix, i4, Ix, i4, 5x, i3, 5x-il, i4, Ix, i4, Ix, il, i4, Ix, i4)
lat (n- i)=ilat(n- i)/float (10)
Ton (n, i)=ilon(n, i)/float (10)
enddo
endif
enddo
close (3)

do n=1, tyno
do m=1, line (n)

read( year (n, m), (12 ) yr
read( month (n, m), - (i2) ¢ )  mon
read( day (n, m), ‘€ (i2)’ ) dy
read( hour (m, m), - (i2)’) hr

call leap_year(yr, log)
if (log==1) then
nn=nt-1

else

nn=nt

endif
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open (11 > file=" f:\oaflux\lh 20’ //year (n, m) //> . dat’ > access= direct’ &
form=" binary - recl=4%ix*xjy)

do k=1>mnn

read (11, rec=k) ((1h(i, j, k), i=1, ix), j=I- jy)

enddo

close(11)

call datetojday (yr, raon, dy, jday)
Ihf (n, m) =0.

jl nintdat (n, m))+91 ; il=nint (lon(n > m))+1l
dd=0. ; 11=0

do j=-2, 2

do k=-2, 2

i2=il+j; j2=jl+k;k2=jday

if (1h(i2, j2, k2) 7-32766.) then
11=11+1

dd=dd+1h(i2 - j2 - k2)

endif

enddo

enddo

if (11>0) then

1hf (n, m)=dd/float (11)
else

1hf (n, ra)=32766.
endif

enddo
enddo

open(31, file=" f:\stips\LHF_00-08. txt’)
do n=l - tyno
write (31,11) indl, id(n), line (n), seri (n), tcname (n)
if (ind1-—66666) then
do i = 1>1ine(n
write (31’ 103) year (n, i), month(n, i), day(n, i), hour (n, i), ind2, grade(n, i)
lat (n, i) » Ton o> i) >mslp (0, i), vraax (n, i) > Ihf (n, i)
enddo
103 format (4a2, Ix, i3, Ix, il, Ix, f4. 1, Ix, f5. 1, Ix, i4, 5x, i3>5x, f5. 1)
endif
enddo
close(31)

end
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To calculate area-averaged TMPA rain rate within a 110km circle for each TC
sample during 2000-2008:

integer, parameter :: 1x=1440, jy=400, tyno=211, niax=200

integer id(tyno) > line(tyno) > seri(tyno) > grade (tyno, max) > ilat(tyno, max)
integer ilon (tyno, max) > dradSO (tyno, max) > r501 (tyno, max), r50s (tyno, max)
integer dradSO (tyno, max) ° r301 (tyno, max) > r30s (tyno, max)

integer vmax (tyno, max), mslp (tyno, max)

real*8 lat (tyno, max) ’ Ion (tyno, max) > out2, angle2, lat2 (ix, jy), lon2 (ix, jy)
character*20 tcname (tyno)

character*! cvarin(4) » cvar(4)

character*2 year (tyno, max) > month (tyno, max) > day (tyno, max) > hour (tyno, max)
real rr (ix, jy), irr(tyno, max), varin, var, ill, idd

equivalence (cvarin, varin)

equivalence (cvar, var)

| Read RMSC Tokyo best track
open(3’ file. , f:\stips\bst00-08_12h. txt’ - status:, old’)
don = 1> tyno
read (3, 11) indl, id(n), line(n), seri (n), tcname(n)
11  format (i5, Ix, i4, 2x, i3, Ix, i4, 10x’ a20, 22x)
if (ind1==66666) then
do k = 1 line(n)
read (3, 101) year (n, k), month (n, k), day (n, k) > hour (n, k) > ind2, grade (n, k) > &
ilat (n, k), ilon(n, k) > mslp(n, k) > vmax (n, k), dradSO (n, k) > r501 (n, k) > r50s (n, k) > &
dradSO @’ k) > r301 >k >1r30s (n, k)
101 format (4a2, Ix, i3, Ix, il, Ix, i3, Ix, i4, Ix, i4, 5x, i3, bx, il, i4, Ix, i4, Ix, il-i4, Ix, i4)
lat (n, k) =ilat (n, k)/float (10)
Ion(n, k) =ilon(n, k) /float (10)
enddo
endif
enddo
close (3)

do n=1, tyno
do k=1, line(n)

open(ll, file- f:\trmra\20’ //year (n, k)//, , //wonth(n-k) //> \3b42. > //year (n, k)&
//y , //month (n, k) //, »//day (n, k) //, . T/hour (n, k) //, z. 6. precipitation, bin, , &
access  direct’, form=" binary - recl=43KixKjy)

readdl, rec=l) ((rr(i, j), i=l, ix), =1 jy)

close (11)

! The data has been read into the array, swap the byte order to get the rain rate,

do i=1, ix
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do j=1, jy

varin = rr (i, j)
cvar (1) =cvarin (4)
cvar (2) =cvarin g;
cvar (3) =cvarin (1)
cvar (4) =cvarin

rr (i, j) =var

enddo

enddo

idd=0. ; il1=0.
do i=1> ix
do j=1-jy
if (i<-720) then
lon2 (i, j)=-179. 875+(i-1)*0. 25+360
else
lon2 (i, j) —179. 875+ (i—1) *0. 25
endif
lat2 (i, j) =47. 875+ (G—1 *0. 25
call distance (Ton (n, k) > lat (n, k) > lon2 (G > j), lat2 (i, j) > out2, angle2)
if (out2<=110d0 . and. rr(i, j)/—9999.) then
idd=idd+rr(i - j)
m=ill+l
endif
enddo
enddo
irr (n, k)=idd/ill
enddo
enddo

open(31’ file=" f:\stips\IRR _00-08. txt, )
do n=1, tyno
write (31>11) indl, id(n), line (n), seri (n), tcnarae (n)
if (ind1==66666) then
do k — 1 line(n)
write (31-103) year (n, k) > month (n, k), day (n, k), hour (n, k), ind2 - grade (n, k):
lat (n, k), Ion (n, k) > mslp (n, k), vmax (n, k) > irr (n, k)
enddo
103 format (4a2, Ix, i3, Ix-il, Ix, f4.Ix, f5. 1> Ix, i4, 5bx, i3, bx, f5. 1)
endif
enddo
close(31)

end
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To get the SST at the center of each TC sample during 2000-2008;

integer, parameter :: ix=1440, jy=720, tyno=211, max=200

integer id (tyno), 1ine (tyno) > seri (tyno) - grade (tyno, max), ilat (tyno, max)
integer ilon(tyno, max) > drad50(tyno, max) > rSOl (tyno, max) > r50s(tyno, max)
integer dradSO(tyno, max) > r301(tyno, max) > rSOs (tyno, max)

integer vmax (tyno, max) > mslp (tyno, max) ’ yr, mon, dy, hr > jday

real*8 lat (tyno, max) > Ion (tyno, max) ’ out, angle

real*8 out2, angle2, lat2 (ix, jy) » lon2 (ix, jy)

character>K20 tcnarae (tyno)

character*! cvarin(4) » cvar(4)

character>k2 year (tyno, max) > month (tyno, max) ° day (tyno, max), hour (tyno, max)
character’k3 jdy

real varin var, ill, idd, sst (tyno, max)

character (1en=150) :: file—name
real*4, dimension(ix, jy) :: sst—data
integerx4 1 iexist

| Read RSMC best track
open(3 > file=, f:\stips\bst00-08_ 12h. txt, - status=" old’)
do n=l- tyno
read (3, 11) indl, id(n), line(n), seri(n), tcname (n)
11 format (i5, Ix, i4, 2x’ i3> Ix, i4, 10x, a20’ 22x)
if (ind1==66666) then
do k = 1 1ine(n)
read (3, 101) year (n, k) > month (n, k) > day (> k) > hour (n, k), ind2, grade 'k - &
ilat(n, k), ilon(n, k) > mslp(n, k), vmax(n, k), dradSO(n, k) > r501 (n, k), rSOs (n, k), &
drad30 (o, k), r301 (o, k) > rSOs (n, k)
101 format (4a2, Ix, i3, Ix, il, Ix, i3-Ix, i4, Ix, i4, bx, i3, bx, il, i4>Ix, i4, Ix, il, i4- Ix, i4)
lat (n, k) =ilat (o, k) /float (10)
Ion (n, k) =ilon(n, k) /float (10)
enddo
endif
enddo
close (3)

do n=l - tyno
do k-1, line (n)

read ( year (n, k), (i2), yr
read (month (o, ¥ - (i2), mon
read ( day @K > (i2)’ dy

call datetojday(yi 1> dy, jday)
write ( jdy, » (i3)- jday
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103

if (jday<=9) then

file_name—" f:\SST\tini. fusion. 20’ //year(n, k)//> . 00’ //trim(adjust1 (jdy))//, . vOl’
elseif (jday>9 .and. jday<100) then

file narae=" f:\SST\tmi. fusion. 20’ //year(n, k)//’. 0 //trim(adjustl (jdy))//’, vOl’
else

file—name= > £:\SST\trai. fusion. 20 //year (-k)//>. ’ //jdy//’. vOl>

endif

CALL READ RSS OISST V2(file—name, sst—data, iexist)

if(iexist. ne. 0) stop

i — nint ( ( lon(n, k) 40. 125 ) / 0. 25 )
j =nint ( (lat(n, k)+90. 125 ) / 0. 25 )

sst (n, k) = sst data(i- j)

write (¥, *¥) sst (n, k)

enddo
enddo

open (10, file:, f:\stips\SST 00-08. txt’)

do n=1- tyno

write (10,11) indl, id(n), line(n), seri (n), tcname(n)

if (ind1==66666) then

do i =1, line(n)

write (10, 103) year (n, i) »month (n, i), day (n, i) > hour (n, i) > ind2, grade (n, i) &
lat (n, i), Ion (n, i) >mslp(n, i), vmax (n, i) > sst (o, i)

enddo

format (4a2, Ix, i3, Ix’ i1, Ix, f41>Ix>f5 1-1Ix, i4, 5x, i3, Ix, f7. 2)

endif

enddo

end
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To obtain the parameters from 12-hourly NCEP BINARY data (taking
area-averaged (200-800 km) temperature at 200 hPa as an example) for each
TC sample during 2000-2008:

integer, parameter :: ix=360, jy=181,nt=732, tyno=211, max=200

integer id(tyno) > line (tyno), seri (tyno) > grade (tyno, max) > ilat (tyno, max)
integer i Ion (tyno, max) ° dradSO (tyno, max), r501 (tyno, max) ° r50s (tyno, max)
integer dradSO(tyno, max) ° r301 (tyno, max) ° r30s(tyno, max)

integer vraax (tyno, max) ’ mslp (tyno, 200) ’ yr, mon, dy, hr, log

real Th (ix, jy, nt) ° t200 (tyno, max)

real*8 lat (tyno, max) > Ion (tyno, max) > out2, angle2, lat2 (ix, jy) > lon2 (ix, jy)
character*20 tcnaine (tyno)

character*2 year (tyno, max) > month (tyno, max), day (tyno, max) > hour (tyno, max)

| Read RMSC Tokyo best track
open (3, file=" f:\stips\bst00-08_12h. txt’ , status:, old, )
do tyno
read (3>11) indl, id(n), line (n), seri (n), tcname (n)
11 format (i5, Ix, i4, 2x, i3, Ix, i4, 10x, a20, 22x)
if (ind1==66666) then
do i = 1> 1line(n)
read (3>101) year (n, i) > month (n, i) > day (n, i) > hour (n, i) > ind2, grade (n, i) &
ilat (n, i), ilon (> i) >mslp (0> i) > vmax(n, i) ° dradSO(n, i) > rSOL (n, i) > r50s (n, i) > &
drad30 (@, i) > rSOI (n, i) » r30s (n, 1)
101 format (4a2, Ix, i3-1Ix, il, Ix, i3, Ix, i4, Ix, i4, 5x, 13, 5x, il, i4, Ix, i4, Ix, il, i4, Ix, i4)
lat(n, i)=ilat(n, i)/float (10)
lon(n, i) Zilon(n > i) /float (10)
enddo
endif
enddo
close (3)

do n__1’ tyno

do m=1, line(n)

read( year (n, m), ~ (i2) ¢ ) yr
)

read( month (n, m), > (i2) ° mon
read( day (n, m), 0 (i2)7)  dy
read( hour (n, in), - (i2)-) hr

call leap year(yi log)
if (log==1) then
nn=nt-2

else

nn—nt
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endif

open (11, file=> f£:\stips\T200_ ' //year >m //’. dat’, access: » direct’ ' &
form=" binary’ > recl=4%ix*jy)

do k=1, nn

read (11, rec_k) ((1h(i, j, k), i=l > ix), j=1’ jy)

enddo

close (11)

call datetono (yr > mon, dy, hr > no)

dd=0. ;11=0

do i=l-ix

do j=1, jy

lon2(i, j)=i-1; lat2(i, j)=91-j

call distance (Ion (n, m) > lat (n, m) > lon2 (i, j) > lat2 (i, j), out2, angle2)
if (out2<=800D0 .and. out2>=200D0) then
dd=dd+1h(i, j, no)
11=11+1
endif

enddo

enddo

T200 (n, m)=dd/float (11)

enddo
enddo

open(31 > file:” f:\stips\T200_00-08. txt’)
do n=1, tyno
write (31-11) indl - id(n) > line (n) > seri (n) > tcname (n)
if (ind1==66666) then
do i = 1, line(n)
write (31, 103) year (n, i) »month (n, i) >day (n, i) > hour (n, i) > ind2, grade (n, i), &
lat (n, i), Ion (n, i) >mslp (n, i) > vraax (o, i) > T200 (n, i)
enddo
103 format (4a2, Ix, i3, Ix-il, Ix, f4. 1, Ix, f5. 1> Ix, i4, bx, i3, bx, f5. 1)
endif
enddo
close (31)

end
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Some subtoutines used in the above FORTRAN codes.

subroutine read—rss—oisst v2(file—name > sst_data, file—exists)
This routine reads version—2 RSS 01 SST daily files made from tmi and/or amsre data
You must UNZIP FILES before reading them

INPUT

file_name with path in form satnames. yyyy. doy. v02

where satname = name of satellite (tmi_amsre, amsre, tmi)
yyyy = year

doy = day of year(Julian day)

OUTPUT
sst_data (a 1440x720 array of data)

file—exits =0 if file read and data returned, -1 if no file

xdim=1440, ydim=720
Longitude is 0.25%xdim—0. 125 degrees east
Latitude is 0. 25*ydim—90. 125

Values (251 - 255) have special meanings:
251 = missing data

252
253 missing data

sea ice

254 missing data
255 land mass

Please read the data description on remss. com
To contact RSS support:
http://ww. remss. com/support

character (1en=150) file—name
real (4) > dimension (1440, 720) sst_data
integer (4) file—exists

character (len=1), dimension (1440, 720) ::buffer

logical lexist

real (4), parameter :: scale 15
real (4), parameter 11 offset 0
check to see if file exists — if not return in file exists

file—exists 0
inquire (fi 1e=fi 1l e nanie, exist "lexist)
if ( not. lexist) then

file exists = -1

return
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endif

open the file and read in character data

writeCK, >K), Jreading sst file: ,, file—name

open(3, file=file_name, status:”’ OLD’ > RECL—1036800° access:’ DIRECT - &
form=" UNFORMATTED’ )

read (3, rec=1) buffer

convert character data to real SSTs using byte scaling and offset parameters
sst_data = real (ichar (buffer))
where (sst_data<=250)

sst_data = (sst_data * scale) + offset

endwhere

close the file and return
close(3)

return

end

subroutine datetono(year, mon, day, hour, no)
| to convert date to sequence numberof record for 12 hourly data
integer year, yr, mon, day, hour, jday
call datetojday (year, mon, day, jday)
if (hour=—0) then
no=(jday-1)*2+1
else if (hour==12) then
no=(jday-1) *2+2
endif
return

end

subroutine datetojday(year, mon, day, jday)

| To convert a date to Julian day,2-digit years will be transformed to 4-digit years.
integer year, mon, day, jday, log

if (year>=50) then

year=year+1900

elseif (year<=10) then

year=year+2000

endif

call leap—year (year, log)

if (log==1) then

select case (mon)
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case (1)
jday=day
case (2)
jday=31+day
case (3)
jday=60+day
case (@
jday=91+day
case (5)
jday=121+day
case (6)
jday=152+day
case (7)
jday=182+day
case (8)
jday—213+day
case (9)
jday=244+day
case (10)
jday=274+day
case (11)
jday=305+day
case (12)
jday=335+day
end select

else

select case (mon)

case (1)
jday=day
case (2)
jdaf=31+day
case (3)
jday=59+day
case (4)

jday —90+day
case (5)
jday=120+day
case (6)
jday=151+day
case (7)
jday=181+day
case (8)
jdaP212+day
case (9)
jday=243+day
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case (10)
jdaP273+day
case (11)
jday=304+day
case (12)
jday=334+day
end select
endif

return

end

subroutine leap—year (yr > log)
| To determine if a year is a leap year or not, 1 for leap year, 3 for not
integer yr, log
if (mod (yr, 4) /=0) then
log—3
else if (mod(yr, 100)/=0) then
log-1
else if(raod(yr, 400) /=0) then
log=3

else

endif

return

end

subroutine distance (lonA, latA, lonB, latB, out, angle)
Input: lonA, latA, lonB, latB (longitude and latitude of point A and point B on the Earth)
Output: out(distance between point A and point B)
Output: angle (azimuth angle of point B relative to point A)
If point B is to the east of point A, then the azimuth angle is 90 degree :
If point B is to the south of point A, then the azimuth angle is 180 degree;
If point B is to the west of point A:> then the azimuth angle is 270 degree;
If point B is to the north of point A, then the azimuth angle is 0 degree:

real*8 :: lonA, latA, lonB, latB, out, angle

real*8 :: RadLoA, RadLaA, RadLoB, RadLaB

real*8 :: Ec, Ed, dx, dy, dLo, dlLa, pi

real*8, parameter :: Rc—6378.137D0, Rj=6356. 752D0

PI = 4. DO*atan(l.)
RadLoA = lonA >K PI / 180. DO
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RadLaA  latA * PI 180. DO

RadLoB  lonB * PI 180. DO

RadLaB latB * PI 180. DO

Ec =Rj  (Re - Rj) * (90. DO - latd) / 90. DO

Ed = Ec * cos(RadLaA)

dy (RadLaB - RadLaA) >k Ec

dx (RadLoB - RadloA) * Ed

out = sqrt (dx * dx + dy * dy)

angle = atan(abs(dx/dy)) =* 180. DO / PI
To determine the quadrant

dLo = lonB - lonA

dLa = latB - latA

if (dlo > 0 .and. dLa < () then

angle = 360.D0 - angle

else if (dlo <= 0 . and {JLa <= 0) then

angle = angle + 180. DO

else if (dlo < 0 . and. dLa > 0) then

angle = 180.D0 - angle

endif

return

end
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To develop three linear regression models (CLIPER, BASE, and STIPER):

The following MATLAB codes show an example of developing the 24-hr models
using data from 2000 to 2007 and verifying the models using data in 2008. Each of
‘all_08p_24.txt" and ‘'all_08_24.txt' data file contains an n-by-19 matrix of 1
predictand (the  column) and 18 predictors (the to the 19* column) at each of n
observations.

clear,
clc;

A
B

load(“all_08p_24.txt
load('all 08 24.txt, :

%standardization (this part of codes are only used to get normalized
regression coefficients)

% for i = 1:19
%result = ( A(:,10) mean( A{ std(A(: 1);
%A(:,i) = result;
%result2 = ( B(:,j mean( B ‘std(B{ 1)
%B(:,i) = result2;
% end

B(:,1)

% Select significant predictors suing stepwise regression
X=[ones(size(A,1),1) A(:,2:17)];
stepwisefit(X,Y,'penter’ > 0.01,'premove’,0.02)

% BASE model formulation and verification

Xl = [ones(size(A,1),1) A(:,2:4) A(:,6) A(:,8:10) A( 15)
[b,bint,r,rint,stats] = regress(Y,Xl);

Y1 = XlI*b;

MAE = mean(abs(YI-Y));

RS =1- (YI-Y)**(YI-Y) [/ ( var(Y)*size(A,1));

X2 = [ones(size(B,1),1) B 2:4) B(:,6} B(:,8:10) B 15)
Y2 = X2*D;

MAEt = mean(abs(Y2-y));

RSt =1- (Y2-y)(Y2-y), var(y)*size(B,1)

% STIPER model formulation and verification

X3 = [ones(size(A,1),1) A{: ,2:4) A(:,6) A(:,8:10) A(:,15) A(:,18:19)]
[b2,bint2,r2,rint2,stats2] =regress(Y,X3);
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Y3 = X3*b2;
MAE2 = mean(abs(Y3-Y));
RS2 = 1 — (Y3-Y)e*(Y3-Y) var(Y)*size(A,1)

X4 = [ones(size(B,1),1) B( 2:4) B(:,6) B(:,8:10) B(:,15) B(:,18:19)
Y4 Z X4*b2;

MAER2 = mean(abs(Y4-y));

RSt2 = 1 - (Y4-y)'*(Y4-y) var(y)*size(B,1)

%CLIPER model formulation and verification
X5 = [ones(size(A,1),1) A{:2:4) A(:,6)];
[b3,bint3,r3,rint3,stats3] = regress(Y,X5);
Y5 = X5*b3;

MAE3 = mean(abs(Y5-Y));

RS3 =1 - {Y5Y) (Y5Y) / ( var(Y)*size(A, 1)

X6 = [ones(size(B,1),11B 2:4) B(:,6)]

Y6 = X6*b3;

MAEt3 = mean(abs(Y6-y));

RSt3 = 1 - (Y6-y)**{Y6-y) var(y)*size(B,1)
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To train a neural network (NN) model using the same predictors as STIPER:
The following MATLAB codes show an example of developing the 24-hr NN model
using data from 2000 to 2007 and verifying the models using data in 2008. Each of
‘all_08p_24.txt" and ‘'ali_08 24.txt" data file contains an n-by-19 matrix of 1
predictand (the  column) and 18 predictors (the  to the 19" column) at each of n
observations.

clear;
clc;

A = load( ‘'all_08p_24.txt
B = load( 'all 08 24.txt'

[A(:,2 A(:,6) A(:,8:10) A(:,15) A(:,18:19)]
1)

%train the neural network

net = newff(P,T,7,{'tansig’,"purelin traincgf’
net.trainParam.epochs = 3000;
net.trainParam.goal = 0.1;
net.trainParam.Ir=0.5;

net = init(net);

[net,tr] = train{net,P,T);

Y = sim(net,P);

MPAE = mean(abs(T-Y))
R =1 —(Y-T)* (Y-T) var(T)*size(A,1)

% verification

P2 = [B(:,2:4) B(:,6) B(: 10) 15) B(: ,18:19)
T2 = B(:,1)

Y2 = siin(net, P2);

MAE = mean(abs(T2-Y2));

R2t = 1 - (Y2-T2)*(Y2-T2) var (T2)*size(B,1)
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A MATLAB function for multinomial logistic regression:

function result = logit(y, x,maxit, tol)

% PURPOSE: computes Logit Regression
0

% USAGE: results = logit(y, x,maxit, tol)

% where: y = dependent variable vector (nobs x 1)

% X = independent variables matrix f{nobs x nvar:
% maxit = optional (default=100)

% tol optional convergence (default=le-6)

RETURNS: a structure

result.meth = "logit’

result.beta = bhat

result. tstat = t—-stats

result. yhat = vhat

result.resid = residuals

result. sige = e ‘*xe/n

result. r2mf = McFadden pseudo-R "2

result. rsqr = Estrella

resultelratio = LR-ratio test against intercept model

unrestricted Likelihood

result. lik

resultecnvg = convergence criterion, max(max(—inv (H)*g))
result.iter = # of iterations

result. nobs = nobs

resultenvar = nvars

result.zip = # Of 0's

result. one = # of I's

result.y = y data vector

SEE ALSO: prt(results), probit(), tobit{)

References: Arturo Estrella (1998) ’A new measure of fit

for equations with dichotmous dependent variable ¢, JBES
Vol. 16, #2, April, 1998.

% written by:

% James P. LeSage, Dept of Economics

% Texas State University—-San Marcos

% 601 University Drive

% San Marcos, TX 78666

% jlesage@spatial—-econoinetrics ® com

if (nargin < 2); error(’Wrong # of arguments to logit end;

if (nargin > 4); error( Wrong # of arguments to logit end;
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% check for ail I's or all 0 ‘s
tmp - find(y ==1)/
chk = length(tmp);
[nobs junk] = size(y);
if chk == nobs
error( ‘logit: y-vector contains all ones
elseif chk == 0

error( ‘logit: y-vector contains no ones

end;

% maximum likelihood logit estimation

result.meth = ’logit’;

res = ols(y,x); % use ols values as start
[t k] = size(x);

b = res.beta;

if nargin == 2
tol = 0.000001
maxit = 100;
elseif nargin ==3

tol = 0.000001;

end;

crit = 1.0;

i = ones(t,1):
tmpl = zeros(t,k) ;
tmp2 = zeros(t, k) ;
iter = 1;

while (iter < maxit) & (crit > tol)

tmp = (i+exp(-x%b));
pdf exp (-=x*b). / (tmp. *tinp) ;
cdf = i./(i+texp(-x*b));

tmp = find(cdf <=0);
[nl n2] = size(tmp);
if nl 0; cdf(tmp) 0.00001; end;

tmp = find(cdf >= 1)
[nl n2] = size(tmp);
if nl "= 0; cdf(tmp) 0.99999:; end;
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% gradient vector for logit

terml = y.*(pdf./cdf) ; term2 = -y) (pdf./(i-cdf)
for kk=1:k;

tmpl{:,kk) = terml. (:, kk) ;

tirip2 (:, kk) = term2 ¢ *x (:, kk)

end;
g tmpl-tmp2; gs = (sum(g)) *;
delta = exp(x*b)./(i+exp(x*b)) see page 883 Green,

H = zeros(k, k) ;

for ii=1l:t;
xp = X(ii, ) ;

H=H - delta(ii,1)*(l-delta(ii, 1)” (xp*x(ii, :)):
end;
db = -inv(H)*gs;

% stepsize determination
2;
terml = 0; teriti2 = 1;

s =
while term2 > terml

s = s/2;

terml = lo—like (b+s*db, v, x);
term2 = lo—like(b+s*db/2, vy, x);

end;

bn = b + s*db;

crit = abs(max (max(db)));
b = bn;

iter = iter + 1;

end; % end of while

% compute Hessian for inferences

delta = exp(x*b)./(i+texp(x*b)) ; % see page 883 Green,
H = zeros(k,k);

for i=1l:t;

xp = X(i,:)7;

H=H - delta(i,1)*(l1-delta(i, 1))*(xp*x (i, :));

end;

% now compute regression results
covb = —inv(H);

stdb = sqrt(diag(covb));

result. tstat = b./stdb;
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% fitted probabilities
prfit = ones(t,1)./( ones(t,1)+exp(-x%*b));
result.resid =y - prfit;

result.sige = (result.resid**resulteresid)/t]

% find ones

tmp = find(y Z=1);

P = length(tmp);

cntO=t-P;

cntl = P;

P = P/t; % proportion of I’s

likeO0 = t*(P*log (P) + (1-P)*log(1-P}): % restricted likelihood

likel = lo like(b,y,x: ;: % wunrestrictedLikelihood

result. r2mf = 1-(abs(likel)/abs(likeO)), McFadden pseudo-R2
term0 = (2/t)*1ike0;

terml = 1/(abs(likel)/abs(like0)) termO,

result.rsqr = l-terml; % Estrella R2

result.beta = b;

result. yhat = prfit;

result. Iratio = 2* (likel—1ike0O) ; % LR-ratio test against intercept model
result.lik = likel;% unrestricted Likelihood

result.nobs = t; % nobs

result.nvar = k; % nvars

result.zip = ¢cntO0; % number of 0 ‘s

result. one = cntl; % number of I’'s

result.iter = iter; % number of iterations

result.convg = crit:; % convergence criterion max(max(-inv (H)*g))
result.y = vy; % y data vector
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