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Abstract 

 Analysis of temporal and spatial changes in historical Hawaiian rainfall has been well 

researched throughout the years [Chen et al., 2011; Chu et al., 2010; Chu et al., 2009].  While 

historical data can provide insight into the direction of climate change, it is not sufficient 

alone for the state, city and county planning and preparations.  A changing global climate 

will affect the local scale experienced in Hawai’i.  Therefore, it is important to communities 

and the state to understand the direction and magnitude of the change and its effect on water 

resources.  Currently, this can be best understood using global and regional climate modeling.  

Commonly used data sets are the NCEP reanalysis model runs and various Global Climate 

Models (GCMs).  In larger regions of the world, it is sufficient to use the direct model output 

from these NCEP and GCMs for climate change analysis.  Yet, with a coarse horizontal grid 

resolution of ~ 2.5° x 2.5° the applicability to site-specific research is not feasible.  This 

problem is common to most island nations and states, but is also witnessed in regions of 

complex topography where local scale influences have a direct role in the climate and 

weather.  A method to overcome these limitations is through the use of statistical 

downscaling.   

The objective of this thesis is to build, calibrate and test nonlinear statistical models 

in an attempt to find the optimal relationship between large-scale atmospheric variables 

provided by coarse resolution global models and station specific heavy precipitation data on 

the island of Oahu, Hawai’i.  The models will be calibrated using NCEP reanalysis II data 

and tested with an independent data set for model verification.  After the models are 

adequately calibrated and tested, GCM data are used as input into the calibrated statistical 

models for the period 2011-2040.  A BCa bootstrap resampling method is used to provide 

95% confidence intervals of the storm frequency and intensity for all three datasets (actual 
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observations, downscaled GCM output from the present-day climate, and downscaled GCM 

output for future climate).   This provides a method to analyze future heavy precipitation at 

the station scale and can provide the needed information to best plan and prepare for changes 

in heavy precipitation events. 

Results suggest a tendency for increased frequency of heavy rainfall events, but a 

decrease in rainfall intensity during the next thirty years (2011-2040) for the southern 

shoreline of Oahu.   
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1. Introduction 

1.1. Tropical climate regime 

1.1.1. General circulation  

 The general region of the tropics extends from 23° 26′ 16″ N to 23° 26′ 16″ S.  There 

are major global general circulation features that exist within this domain and contribute 

significantly to the overall climate and weather. Due to the tilt of the Earth’s axis and 

elliptical orbit around the sun, a region near the equator receives the largest amount of 

incoming solar radiation on the planet.  This region is known as the Inner-tropical 

Convergence Zone (ITCZ) or monsoon trough and is dominated by low pressure, rising 

motion and often moisture laden.  The meridional gradient of solar radiation due to the solar 

inclination angle and abundance of water results in the warm, moist rising air from the 

equator to be transported poleward towards cooler regions.  Around ~30°N/S the air mass 

becomes cooler than the surrounding environmental air and begins to descend.  The 

descending air creates quasi-stationary high-pressure regions referred to as subtropical highs.  

At the surface, the temperature and pressure gradient creates a return flow advected from the 

subtropical highs towards the equator.   

 This cycle is commonly referred to as a Hadley Cell and is a primary influencer of 

climate in the tropics.  The Coriolis force tilts the cell into a southwest to northeast 

alignment, which alters the surface wind patterns to northeasterly trade winds. The location 

and intensity of the subtropical highs and the resultant surface winds directly affect Hawaiian 

climate.  The subtropical highs shift with the seasons depending on the orbital location of the 

Earth relative to the Sun.  As the Northern (Southern) Hemisphere is tilted closer to the sun, 
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the subtropical highs tend to shift more northward (southward) in response to the shift of the 

ITCZ.   

 Along with the annual variations that occur in the tropics, the El Niño Southern 

Oscillation (ENSO) should be discussed due to the large and frequent role it has in this 

region.  It is a quasi-periodic climate pattern in the tropical Pacific Ocean with a return period 

between 2-5 years.  It is related to the Pacific Ocean sea surface temperature (SST) zonal 

gradients and represents the two extreme modes of the Walker circulation [Schonwiese, 

2003].  These events can be identified by clear changes in atmospheric and oceanic 

circulation.  The commonly cool SSTs in the eastern Pacific are replaced by either warmer 

(El Niño) or cooler (La Niña) waters and depend on the complex interaction between zonal 

atmospheric pressure gradient, equatorial countercurrent and trade wind regime. The 

dramatic change in atmospheric and oceanic conditions contribute to the overall climate and 

seasonal weather experienced in this region (Caruso and Businger, 2006). 

 

1.1.2. Hawaiian Seasonal Climate 

 Located in the tropics from 160 to 154°W and from 22 to 19°N (Figure 1), the 

Hawaiian Island’s climate and weather are largely influenced by the subtropical high in the 

Eastern North Pacific.  Its location and intensity divide the Hawaiian climate into distinct wet 

and dry seasons.  During May-October, the subtropical high shifts more northward, which 

puts the island chain directly into the path of the Trade Winds.  [Blumenstock and Price, 

1967] showed that 80-90% of the dry season is dominated by a trade wind pattern.  The high 

pressure plays another role in Hawaiian climate by creating an inversion layer commonly 

seen between 750-850 hPa.  The inversion acts to cap rising motion and limit deep 

convection that often results in a stable atmosphere.  From November-April, the subtropical 
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high is displaced more equatorward.  This shift, coupled with synoptic scale events, have the 

effect of reducing the persistent trade wind pattern to a 50-60% occurrence.  The synoptic 

events are major contributors to annual rainfall totals experienced throughout the Hawaiian 

Islands.  During the wet season, three primary synoptic scale events contribute to the 

displaced trade winds, extreme rainfall and severe weather: frontal systems, upper level 

troughs and Kona storms.   

 

Figure 1:  Image from the National Park Services shows the location of the Hawaiian Island chain 

in the tropical Pacific Ocean. 

 

1.1.3. Winter synoptic extreme events 

 Well-defined cold fronts moving eastward across the Pacific Ocean in northeast to 

southwest orientation often cross over the state.   With the passage of the front and 

convergence along the boundary, spotty heavy rains may follow depending on atmospheric 

conditions.  The low-pressure cell associated with the cold front displaces the high further 
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away and reduces or eliminates the trade winds.  Before the front, wind direction shifts to 

south/southeasterly with strong gusts common.  Obvious changes occur after the front passes:  

the winds will shift to North/Northeast; the air is cooler and more stable resulting in 

relatively cloud free skies.  In Hawai’i, the gusts associated with the cold fronts coupled with 

complex topography can result in strong downslope wind gusts of up to 43 m/s causing 

significant damage and harm [Zhang et al., 2005]. 

Associated with the curvature of the jet stream, upper level troughs contribute 

significantly to the wet season severe weather patterns.  Intense widespread rain and possible 

thunderstorms are known to occur as a result.  Unlike fronts, the wind direction is not 

prescribed.   Hawai’i has experienced some of its most intense storms during periods with a 

trough in the upper atmosphere but normal trade wind conditions at the surface. 

The last event, a Kona low, is unique to the Hawaiian Islands and can have 

devastating effects.  Hazards associated with the storm include flash floods, heavy rains, high 

surf, hail, high winds and severe thunderstorms.  Kona, in Hawaiian, means leeward and the 

storms are named because they affect the normally northeasterly flow and switch it to 

westerly.  [Simpson, 1952] defined a Kona low as an upper level cold-core low-pressure 

system which has cut off from the polar westerlies.  The definition was later redefined by 

[Ramage, 1962] to include only isobarically closed low pressure system which separate from 

the polar westerlies and later redefined again to only include closed low pressure system 

which had a surface signature as well. 

During the wet season, the primary three extreme rainfall producers previously 

mentioned interact with the topography and regions that are relatively dry (often leeward) can 

experience rainfall totals that exceed their average annual total. 
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1.1.4. Summer Extreme Events 

During the dry season on Oahu, the dominant northeasterly trade winds interact with 

the mountain ranges resulting in orographic lifting being the primary mode of precipitation 

and the region of maximum precipitation on the windward slopes of the mountain ranges.  

Given the relatively small size of Oahu and its lower height compared to the lifting 

condensation level (LCL), orographic lifting alone is not enough to produce abundant rainfall 

under undististurbed trade-wind conditions [Hartley and Chen, 2010].  [Schroeder, 1977] 

showed that in late Spring months cumulus clouds over the adjacent ocean, a deep moist 

layer, sufficient moisture content upstream of the island under strong trade wind conditions 

with the presence of an upper level trough can lead to heavy precipitation events.  Often these 

conditions are not wholly met and the primary mode of extreme precipitation in the dry 

season is from tropical cyclone activity.   

 

1.1.5. Hawaiian rainfall variability 

Hawaiian rainfall variability is very high from year to year. For example, in 62 years 

on Oahu, the annual rainfall totals range between 10 inches and 46 inches [Blumenstock and 

Price, 1994]. In 61 years on Kauai, annual rainfall total range from 5 to 48 inches. Similarly, 

rainfall intensities on Oahu can be extreme with devastating consequences. At the end of 

October 2004, an upper level low lingered near the island chain for multiple days and made 

the atmosphere unstable.  In the late afternoon of the 30th of October, strong winds in the 

upper atmosphere rotated around the low pressure helping to strengthen and intensity the 

instability over Oahu.  Around the same time, low-level trade wind flow interacted with the 

mountain ranges on the eastern side of Oahu.  As the air mass was pushed up, the unstable 

environment led to one of the most intense precipitation events on record.  Within 12 hours, 
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Manoa Valley has received 254 mm of rainfall.  Major flooding occurred and resulted in over 

80 million USD worth of damage for the University of Hawai’i alone [Chu et. al., 2009].      

 

 

1.1.6. El Niño and Hawaiian Precipitation 

There have been extremely high precipitation years that result in heavy flooding and 

property damage, but also extremely low periods in which severe droughts damage crops and 

cause water resource problems.  However, severe drought has been linked to the strong El 

Niño conditions [Chu, 1989; Chu and Chen, 2005].  During various wintertime droughts, the 

Hawaiian Islands were abnormally positioned directly under a region of heavy subsidence, 

which prevented the normal wet wintertime synoptic systems from affecting this region.  The 

cold SST in the north-central Pacific helped to enhance the dry spell through stabilizing the 

air and reducing the evaporation rate.  [Chu et al., 2010] showed a positive correlation 

between various extreme precipitation indices and the Southern Oscillation index (SOI).  

This suggests that during a La Niña phase, Hawai’i experiences higher than average extreme 

precipitation events and during El Niño phase, drought conditions are likely. 

 

1.1.7 Geology of the Islands 

 The Hawaiian Islands were formed by volcanic activity millions of years ago and 

originated from a hotspot on the Pacific Ocean sea floor.  Through time, erosion from trade 

winds, moisture and landslides have shaped each island and its topography uniquely.  While 

located within proximity to one another, the different landmasses and mountainous shapes 

and sizes play a pivotal role for the local scale weather experienced at each island.  For this 
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thesis, the island of Oahu is the primary focus due to data availability, population size and 

impact effectiveness.   

 Oahu is composed of two ancient shield volcanoes located both to the eastern side 

(Ko’olau) and western side (Wai’anae) of the island (Figure 2).  Major landslides on the 

eastern portion of the Ko’olau volcano and the western portion of the Wai’anae volcano 

coupled with erosion from the common moist trade winds, have left two mountain ranges 

named after their volcanic origin.  The Ko’olau Mountain range spans from the northeast to 

the southeast of the island and the highest summit is at ~ 960 m on Mt. Konahuanui. It is the 

region of highest annual rainfall on the island, ranging from 1000-5000 mm. This range is 

nearly perpendicular to the common trade winds resulting in higher annual rainfall averages 

than the western range.   

   

Figure 2: Map of stations on Oahu identifying the two mountain ranges and stations used for this 

study. 
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 The Wai’anae range is situated from the Northwest to the southwest of the island and 

is in the lee of the Ko’olaus.  The Wai’anae range has a significantly lower mean annual 

rainfall, ranging from 500 to 1000 mm, because of its position and proximity to the Ko’olaus.  

[Chu et al., 2009] showed the Wai’anae's experience a lower rainfall intensity that is 

associated with a specific return period.   With a peak elevation of ~ 1200 m on Mt. Ka’ala, 

there has been less erosion over time.  

  In-between the two mountain ranges is a large valley known as Central Oahu and 

often experiences very dry conditions from low topography and the lee influence from the 

Ko’olaus.  

  

1.2. NCEP/NCAR Reanalysis II Project  

1.2.1. Introduction 

 The Nation Centers for Environmental Prediction (NCEP) and the National Center 

for Atmospheric Research (NCAR) teamed up on the reanalysis II project in an attempt to 

reanalyze observations over the entire globe from 1979 to present.  In the reanalysis I project 

they hoped to avoid the errors related to changes in operational data assimilation system by 

using a fixed model with artificial climate jumps within the data series.  Even with planning, 

the reliability of any data series is affected and must be considered for use in research.  In the 

reanalysis II project, there was an attempt to overcome this problem by beginning the 

analysis from 1979.  The first part of this section deals with how NCAR collected the 

observational data and in the second part will explain the reanalysis II model, its 

improvements and the output.  

 

1.2.2. Observational data input of the NCEP/NCAR reanalysis model 
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The observations used as input into the reanalysis project include: 

• Land surface reports of surface pressure 

• Aircraft observations of wind and temperature 

• Wind derived from geostationary satellites 

• Oceanic reports of specific humidity, temperature, surface pressure, temperature and 

horizontal wind. 

• Upper air radiosonde observations of temperature, horizontal wind and specific humidity 

• TOVS temperature soundings over land above 100 hPa 

• Operational Television Infrared Observation Satellite (TIROS) Operational Vertical 

Sounder (TOVS) vertical temperature soundings from NOAA polar orbits over ocean 

excluded between 20 N and S. 

The primary problem with the NCEP reanalysis I observational data set collected and 

compiled by NCAR is the data assimilation mentioned above.  Initially, the reanalysis began 

in 1948, but the observing systems have changed and improved dramatically over the years.  

NCEP/NCAR divides the time periods into three major phases: the “early” period of 1948-

1957 when the very first upper level observations were being taken post WWII era; the 

“modern rawinsonde network” setup from 1958-1978; and lastly, the “modern satellite” era 

from 1979 to present.  Due to the difficulty in adjusting for the technological differences 

through time, NCEP/NCAR created the reanalysis II data set that only focuses on the 

“modern satellite” era from 1979 to present. 

 

1.2.3. Model Specifications and Output Variables 

 NCEP decided to use their 1995 global spectral model for the reanalysis data 

assimilation.  The model runs at 28 vertical levels and has a triangular truncation to 62 waves 
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T62 which is ~ 210 km horizontal grid resolution.  A three-dimensional variational scheme 

known as 3DVAR is cast in a spectral statistical interpolation space. 

 All outputted meteorological variables are gridded at three different temporal scales: 

six-hourly instantaneous; daily; and monthly means from the surface to the top of the 

atmosphere.  NCEP classifies the output variables into three different categories depending 

on the extent to which observational data was included. Class A (upper-air temperature and 

geopotential height) is strongly influenced by observations and is the most reliable output 

product.  Class B (moisture variables, surface parameters) is derived by both observations 

and the model and therefore is less reliable. Class C (precipitation) is the least reliable 

because it is determined completely by the model and caution should be taken when used in 

research.   

 

1.3. Global Circulation Models  

In an attempt to better understand the effect of increasing CO2 on the planet, 

numerical models known as Global Circulation Models (GCMs) were constructed to model 

the effect of increasing greenhouse gases on the general circulation of the planetary 

atmosphere.  These models are based on the Navier-Stokes equations on a rotating three-

dimensional sphere and include the basic laws of physics, fluid motions, and chemistry.  The 

model divides the planet into a three dimensional grid and calculates the thermodynamic 

properties, winds, and hydrology within each grid point (Figure 3).   However, due largely to 

computational limitations, GCMs have been restricted to very coarse spatial resolution 

(~100-250+km).  The inability of GCMs to resolve important local scale features like 

topography restricts impact studies, which use the raw data output, to focus on large areas.  

Island nations and smaller regions require a method to provide finer resolution output.  As a 
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result, two different methodologies have become common in recent literature: Statistical 

Downscaling (SD) which is based on finding an empirical relationship between 

GCM/reanalysis output and observational climate on the local scale; Dynamical Downscaling 

consist of nesting regional climate models (RCM) into the GCM.  Two common RCMs used 

in literature are WRF and MM5.  In this master thesis the focus will be on SD.  

 

 

 

 

 

 

 

 

 

 

Figure 3: Example of a Spherical 3D GCM Grid [Legates, 2000] 

 

1.4. Statistical Downscaling 

1.4.1. Introduction 

Statistical downscaling attempts to find an empirical relationship between large-scale 

atmospheric variables (predictors) and a small-scale variable (predictand).  The predictor data 

sets are derived from SLP, geopotential height, wind fields, temperature variables and 

humidity variables [Wilby et al., 2004].  The predictand variable can be any observable 
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station variable; however, current literature has focused primarily on mean/min/max 

temperature and precipitation on daily, monthly and seasonal timescale.  

There are several statistical downscaling methods are available to find the optimal 

relationship, [Wilby et al., 2004] divides them into three main categories: weather generators; 

transfer functions; and weather classification.  The most common has been linear and 

nonlinear transfer functions and will be the focus of this thesis.   

 

1.4.2. Transfer function based SD methods 

In general, statistical downscaling based on transfer functions is dependent on the 

empirical relationships found between the large-scale predictor and the small-scale 

predictand.  However, the choice of which transfer function, predictor(s), and GCM to apply 

can dramatically affect the confidence, applicability, and reliability of the model output.  At 

present principal component analysis, canonical correlation analysis, and linear regression 

techniques have been successfully employed to determine the statistical relationship between 

the predictors and the predictand [e.g., Conway et al., 1996; Crane and Hewitson, 1998; 

Schubert and Henderson-Sellers, 1997].  These are linear methods and often the skill of these 

techniques is determined by the linearity of the variables studied.   Recently, a study used 

linear techniques to analyze the relationship between ENSO, Pacific/ North American 

teleconnection pattern (PNA) and rainfall extremes over the Hawaiian Islands [Elison Timm 

et al., 2011].  The results indicated small changes in rainfall extremes, but large uncertainties 

due to differences among climate models.  

Two different nonlinear transfer functions are used in discovering a functional 

relationship between the predictors and the predictand:  supervised multilayer perceptron 

artificial neural network (MLP ANN). 
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The neural networks have many advantages including: the ability to find all possible 

connections between predictors; the ability to find a functional nonlinear relationship 

between predictors and predictand, multiple topologies to handle different tasks and it is 

frequently used in literature.  Neural networks were considered for this research due to 

precipitation largely being a nonlinear variable.  [Hsieh and Tang, 1998] showed that 

artificial neural networks (ANNs) could provide an adequate method for handling nonlinear 

relationships commonly found in meteorology.  [Cannon and Whitfield, 2002] had success 

using neural networks to find the complex nonlinear relationship between atmospheric 

variables and stream flows in British Columbia.  

 

1.4.3. The general SD procedure 

[Wilby et al., 2004] set forth a set of guidelines for SD in a paper used by the IPCC 

titled “Guidelines for Use of Climate Scenarios Developed from Statistical Downscaling” 

(Figure 4).  The general steps are:  

• Decision of statistical downscaling method: The variety of statistical downscaling 

methods used to find the predictor-predictand relationship range from simple linear 

regression models to complex nonlinear weather typing.  The choice of methods largely 

depends on the timescale and the predictand’s distribution and linearity.  For a normally 

distributed variable such as temperature a simple linear regression may be adequate to 

achieve quick and accurate results.  In this thesis, the focus is on the non-Gaussian variable 

precipitation on a daily time scale, which often requires a more complex nonlinear model.  

Other studies have overcome this complexity using monthly or seasonal precipitation to 

create more Gaussian-like distribution.  An issue arises when the complexity of the model 
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increases then the interpretability of the output may become more difficult.  It has led many 

to call neural networks “black boxes”. 

 

• Choice of predictors: The choice of predictor variables can drastically affect downscaling 

output and should be determined with care.  To best choose the predictor variables, 

sufficient knowledge of the local and regional scale meteorology should be well understood 

[Chen et al., 2005; Hellstrom et al., 2001]. This is because the predictors chosen must make 

both mathematically and physical sense.  The recent availability of reanalysis data sets has 

allowed researchers to make better quantitative analysis of predictor variables.   

 

• GCM Selection: A key problem in any downscaling study is the choice of an appropriate 

GCM out of the selection of models.  The choice is determined by the location of interest, 

temporal scale, and data availability.   The problem is further compounded by multiple 

different selection procedures.  In this thesis, the two-test grid-point comparison approach 

is used to determine which models are best suited for the Hawaiian Island’s daily 

precipitation. 

 

• Standardization of data: GCM and reanalysis predictors have a systematic bias in the 

mean and variance relative to observational data sets [Wilby et al., 2004]. A method to 

reduce these biases is to first standardize the data sets by subtracting of the mean and then 

dividing by the standard deviation of the predictor for a baseline period.  Standardization 

also provides the ability to compare measurements of different units and magnitude.  This 

becomes important when determining which predictors have the strongest correlation to the 

predictand. 
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• Calibration of Model: After the predictors and observational data have been standardized, 

a major percentage of the data is separated to form a calibration data set.  From this set, the 

statistical relationships between predictors and predictand are built and depending on the 

statistical method used will provide a calibrated statistical model for use with independent 

data. 

 

• Independent Test Data: Commonly used to validate the ability of statistical downscaling 

models is to use the remaining portion of data for use as input into the model.  Evaluation 

of the model from the independent data gives an understanding of model skill and over-

fitting.  Recently, a procedure known as cross-testing has been common practice.  Cross-

testing requires the model be calibrated and tested with a separate and unique data set each 

model run to allow for the entire data set to be tested and provide better statistical 

evaluations.  Unfortunately, cross-testing significantly increases model build and test time. 

 

• Cross-Validation Data Set: Unique to Artificial Neural Networks, the independent test 

data set is divided into the test data set and a cross-validation data set.  Cross-validation is a 

method of testing a neural network while calibration is becoming performed.  It is a 

commonly used method to prevent over-fitting by using a cutoff criteria.  If the Root Mean 

Squared Error(RMSE) of the calibration data is decreasing but the independent cross-

validation RMSE is increasing, the model is determined to be over-fitting and will 

terminate the process 
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• Downscaling with GCM Data: After the models have been calibrated and tested based on 

the relationship between observational data and NCEP data, the chosen GCM data set is 

used as input into the model to achieve a statistically downscaled data set. 

 

 

Figure 4: General statistical downscaling scheme [Wilby et al., 2001] 

 

1.4.4. Necessary Conditions 

 [Benestad et al., 2008] summarize the main necessary conditions that have to be met 

while performing statistical downscaling: 
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• A Strong Relationship: The relationship between the large-scale predictor and the small-

scale predictand must be assumed to be close if they are to be used for predictions. 

 

• Model Representation: It is important to understand the GCM and reanalysis data used in 

analyses.  Statistical downscaling uses the predictors as it is given from these larger models 

and as such, it must be well modeled and simulated to some degree of accuracy.  If the 

predictors used are poorly modeled, then the downscaled results will be of equal quality.   

 

• Description of change: When doing climate change analyses, it is important for the 

predictors to respond to given changes in a similar fashion as the predictand.  The 

exception to this is with nonlinear predictands where the changes are not as obviously 

witnessed in the predictors.   

  

• Stationarity: [Wilby, 1997] showed that stationarity is an important assumption in 

Empirical Statistical Downscaling (ESD).  It must be assumed that the relationship found 

between predictors and predictands will hold true into the future under a changing climate.  

This suggests local orography to be constant with time.  However, urban sprawl, 

deforestation and erosion can lead to unforeseen changes and effects on the climate.   

 

1.4.5. Advantages and limitations of Statistical Downscaling 

 Statistical downscaling benefits most from the low computational demand and ease of 

use.  In many regions of the world, access to high-end super computers is not possible and 

most ESD methods can be run on an average low-end computer.  This is common in smaller 

island nations.  The main limitation experienced is the reliance on observational data sets for 
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signal identification.  In many smaller nations, reliable and long-term data sets are not readily 

available and result in a difficulty to downscale.  To further compound the problem, ESD 

methods are unable to incorporate the land-surface feedback and are dependent on the 

assumption of stationarity and are a major contributor of uncertainty in statistical 

downscaling models. 

2. Data and Methods 

2.1.  Data 

 The observational and reanalysis data sets are obtained for the period of 1979-2008, 

while the GCM data temporal coverage extends from 1979-2100.  The observational and 

reanalysis data are used to calibrate and build the statistical models used for downscaling 

purposes.  To ensure reliable comparison, it must be assumed that the reanalysis data 

represents gridded observations.  This is done in an attempt to overcome the problem of 

large-scale atmospheric data availability.   GCM data are used as input into the calibrated 

models to provide downscaled future predictions. 

 

2.1.1. Observational Data 

 In Oahu, the 103 different rain gauges used to collect observational data can be 

divided into of two different types: Hydronet (NWS) and COOP (USGS) stations.  COOP 

comprises the majority of stations located across the islands and have the longest data 

records.  Hydronet stations are a recent addition and because of this are not suitable for use in 

statistical downscaling purposes. 

           Unfortunately, the distribution of Oahu rain stations is not evenly spaced across the 

island.  The most populated regions contain the majority of stations, which is located in the 

south-southeast of the island.  The station distribution becomes sparser further north and in 
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the mountains.  This results in problems, as the wettest locations are some of the least 

covered regions.  Therefore, this distribution as well as the data record length limit statistical 

downscaling.    

 COOP station data are available through the National Climatic Data Center (NCDC), 

located in Asheville, North Carolina.   When obtaining the data, the IPCC suggests a 

minimum of 30 years of daily precipitation data be available.  This is required for adequate 

pattern recognition during the calibration phase of statistical downscaling.  For this thesis, the 

30-year period used for calibration was determined to be 1979-2008.  This is a commonly 

applied period and works well with the NCEP reanalysis II data set.   

Further, it is suggested to apply a three and five rule to the stations with 30+ years of 

data.  This rule states that if three consecutive days are missing from the record then the 

month must be removed or if give nonconsecutive days are missing in a month then the 

month must be removed. This rule was loosely applied depending on location and availability 

of data.  Stations that were uniquely located, but slightly broke the three and five rule were 

still considered.   Of the 103 stations, 16 were usable after the filter process.  For comparison 

reasons, all data were standardized according to the mean and standard deviation [Hewitson 

and Crane, 2006].  The stations that met all the IPCC suggested requirements had a simple 

linear interpolation applied to create a continuous record.  Interpolation was handled by the 

interp command in MATLAB 2010a designed to handled missing 1-D data series.   

 

2.1.2. NCEP Reanalysis II Data Predictors 

 NCEP reanalysis II daily data were obtained as the gridded predictor data set used to 

calibrate and train the models.  The variables are divided into three different groups 

depending on the calculation grids.  Five variables measured at 17 different pressure levels 
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are obtained: Air Temperature, Geopotential Height, Relative Humidity, U-Wind, and V-

Wind. Three variables on a Gaussian Grid were obtained: Pressure, Specific humidity, Skin 

Temperature. SLP measured as surface data is also used.  

 

 

2.1.3. Predictor Selection 

 Two different selection methods based on the correlation between the potential 

predictors and predictand have been employed and compared due to the fact the results from 

statistical downscaling are extremely sensitive to the choice of predictors.  The first method 

is the Pearson correlation, which is the ratio of the covariance between potential predictors 

and predictand to the product of their standard deviations.  The second is the Spearman rank 

correlation, which uses the rank of the raw data and is more robust to outliers.  The two 

correlation analyses were compared and the potential predictors, which had the greatest 

correlation with the predictand (precipitation) from both methods, are selected as inputs into 

the neural network.    

A major constraint of GCMs in predicting regional scale weather is the unrealistic 

topography resulting from coarse grid resolution.  The NCEP reanalysis model topography 

does not represents the two mountain ranges on Oahu.  Consequently, all variables above the 

surface should be considered cautiously. 

  

2.2. GCM Selection 

 Currently, 24 different GCMs were used in the latest IPCC AR4 assessment report.  

The models are often uniquely made to perform ideally with the atmospheric conditions in 

the region of origin.  Determining the appropriate model(s) for use is a common problem and 
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must be carefully addressed.  The IPCC suggests a two-test approach and is used in this 

thesis [Pachauri and Reisinger, 2007].   

 The first test (weighted bias) is considered a baseline test that compares the average 

daily observational precipitation during the period of 1979-2008 with GCM hindcasts for the 

same period.  Using the available station data, an island average for daily precipitation is 

calculated to allow for more accurate comparison with the grid points located closest to Oahu 

from each GCM.  The absolute difference is calculated between the island observed average 

and gridded values from the GCMs.  The 24 models are then ranked according to their 

absolute difference to determine which model performs best at projection precipitation near 

Oahu. It is assumed the GCM that performs best at modeling island precipitation will best 

model the large-scale atmospheric conditions necessary for precipitation and thus the 

predictors. 

 The second test (convergence test) is a future projection (2011-2040) test that is used 

to determine how the models compare to each other and identify outliers.  The average daily 

precipitation during the period 2011-2040, of all 24 models, is calculated and the GCMs that 

were outside of ± 1 standard deviation are discarded.  The models that are inside ±1 standard 

deviation are ranked according to the absolute difference from the ensemble average.   

 The sum of the ranks for each model from the two tests can then be computed to 

determine an overall well performing model. This is similar to the reliability ensemble 

average method [Georgi and Mearns, 2002].  To ensure proper testing, multiple grid-boxes 

located around Oahu were tested. 

 

2.3. Statistical methods and models 
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 In this thesis, the program NeuroSolutions is applied to build neural networks used 

for fitting the predictor variables to the predictands.  Two different topologies are built and 

used: Multilayer perceptron (MLP).  This section gives a detailed description of artificial 

neural networks and the topologies tested.  For this thesis, the term model is the statistical 

downscaling neural network model. 

 

2.3.1. Artificial Neural Networks 

Artificial Neural Networks (ANNs) are a paradigm based on the way the biological 

neural network processes information.  The main components behind each network are many 

individual nodes or processing elements that are able to independently perform simple tasks, 

but connected are able to work to accomplish complex and difficult goals.  Also, artificial 

neural networks can solve complex problems by learning from previous errors allowing them 

to teach themselves, a process referred to as supervised learning.   

 Generally, most neural networks will consist of three different layers with unique 

tasks.  The first is the input layer, which represents the predictor data fed into the network.  

The hidden layer is determined and affected by the activity of the predictors and the weight 

associated with them.  Lastly, the output layer contains the modeled data and depends on the 

interaction between the hidden components and the weights between the hidden and output 

units.  In this construction, the hidden components are allowed to freely build their own 

representations of the input by modifying the weights. 

 

2.3.2. Learning Rules  

 The method by which the weights are adjusted is known as the learning rule and is a 

primary component of many ANN topologies.  Memory is contained in the connections 
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weights between the different layers and from this information the models can learn on 

themselves.  In this thesis, supervised learning is employed.  This style of learning includes 

an outside teacher that tells each output component what its desired response to input signal 

should be.  In this case, the desired response is the station precipitation, which allows for 

error-correction learning with a goal to minimize the error between desired and input data.  

There are many different learning rules which attempt to find this error and minimize and can 

dramatically change the output results.  In this thesis, six different learning rules were tested 

by training the network and keeping all components the same except varying the learning 

rule.  The model output of extreme precipitation events was then compared to the 

observational extreme events by use of a 2x2 contingency table and various metrics 

calculated from the tables.  The learning rule that performed the best among the metrics was 

selected.  The learning rules test were: 

 

• Step: Gradient descent learning rules used in artificial neural networks provide first order 

gradient information about the performance surface.  This allows the networks to estimate 

the direction away from the bottom of the error surface (up) with the goal of reaching the 

bottom.  The basic procedure for moving further down is to move in the opposite of the 

estimated up direction.  Given this basic process, the only variable in the Step learning rule 

is the known as the step size.  This size determines how far to move opposite of the up 

direction before taking another directional movement.  It is important to understand that too 

small of a step size will require too much time to reach the bottom, while too large could 

cause an overshooting of the bottom which results in divergence or rattling. 
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• Momentum: In Step learning, the bottom of the performance surface is found by stepping 

in the direction opposite of an estimated up.  This simplistic approach has problems of slow 

learning if step size is too small or rattling and divergence if too large.  To improve upon 

the Step learning and address the problem of rattling, Momentum learning adds an inertia 

variable to the gradient descent.  This allows for the average of the direction down to be 

estimated and used instead of the opposite of up.  The inertia can be viewed as the amount 

of the past data to be average over.  With higher momentum, the more smooth the gradient 

estimates become which mean a single change in the gradient has less effect on the weight 

change.   

 

• Delta-bar-delta: Delta-bar-delta is an adaptive procedure which uses the step-size method 

to search the performance surface of neural networks.  Similar to the Momentum learning, 

both the step size and momentum are adjusted according to the previous error found at the 

processing elements.  If the current and previous weights have different signs, then it is 

assumed the weight has been moved too far and the learning rate will decrease 

geometrically to avoid divergence.  If the weights are of the same sign, then the learning 

rate will increase linearly. 

 

• Quickprop: Quickprop learning is an implementation of Fahlman’s quickprop algorithm.  

It is a fast gradient search procedure that uses the second order derivative of the 

performance surface to speed up the search.  This is different than the learning rules above 

which only use the first order derivative.  
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• Conjugate Gradient: Conjugate gradient learning is in a class of learning algorithms 

known as second order methods.  Gradient descent learning like Step and Momentum only 

use the local approximation of the slope of the error versus the weights in an attempt to find 

the best direction to move the weights and lower the error.  Second order methods differ 

from this approach by approximating the second derivative (the curvature) of the 

performance surface.  Typically, conjugate gradient methods lower the error much more 

than gradient descent methods.  The problem associated with this method is the 

computational requirements increase dramatically which results in much significantly 

longer model calibration phases. At each step, a new conjugate direction is found and to the 

minimum error in that direction. This is repeated N times for an N dimensional quadratic 

function 

 

• Levenberg-Marquardt: The Levenberg-Marquardt learning rule is a higher-order adaptive 

algorithm known for minimizing the mean squared error (MSE) of a neural network.  It is 

in a unique class of learning rules known as pseudo second order methods.  These rules 

approximate the Hessian.  The Levenberg-Marquardt rule uses the Gauss-Newton 

approximation, which keeps the Jacobian matrix and discards the second order derivatives 

of the error.  It is a very powerful learning rule and that finding much interest in many 

fields of research.   However, the computational requirements are dramatically larger than 

the other learning rules and require significantly more computational power and time. 

 

2.3.3. Transfer Function 

 The behavior of an ANN (Artificial Neural Network) depends on both the learned 

weights and the input-output function (transfer function) that is specified for the units. This 
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function typically falls into one of three categories: linear; threshold; and sigmoid.  For linear 

units, the output activity is proportional to the total weighted output.  For threshold units, the 

output is set at one of two levels, depending on whether the total input is greater than or less 

than some threshold value. For sigmoid units, the output varies continuously but not linearly 

as the input changes. Sigmoid units bear a greater resemblance to real neurons than do linear 

or threshold units, but all three must be considered rough approximations.  In this thesis, the 

sigmoid transfer function is used. 

 

2.3.4. Neural Network Topologies 

 There exist many different configurations of neural networks called topologies with 

each aimed towards specific tasks.  Topologies differ by the way the processing elements are 

laid out and connected.  The topology tested in this thesis is the Multilayer Perceptron 

(MLP).  

 

2.3.4.1. Perceptron 

 The perceptron is a pattern recognition machine invented in 1957 by Frank 

Rosenblatt.  Currently, it is the simplest form of a feedforward neural network in which input 

is fed in one direction to the output with no recurrent processes. Its simplicity limits it as a 

linear classifier and can only solve linearly separable problems.  It is composed of multiple 

inputs connected to an output layer with multiple processing elements (PEs) (Figure 5). 
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Figure 5: Visual representation of a Perceptron with Xm inputs and Yn outputs. 

 

 To calibrate the perceptron, each input, Xj, is multiplied by an adjustable constant 

Wij (the weight) and summed with the bias of each processing element bi before being used 

as input into the ith PE of the output layer [Formula 1]: 

                               (1)                  

After the weights have been initialized, the learning rule modifies the weights [Formula 2]: 

                                  (2)  

where      is the learning rate, where 0 <     < 1 and           is the weight i at time t. 

 

2.3.4.2. Multilayer Perceptron Topology 

 The Multilayer Perceptron topology neural network extends the perceptron by adding 

hidden layers (Figure 6).  The hidden layers are called so because of the processing elements 

within hidden layers are not connected directly to the external environment.  They are used to 

describe any general feedforward network with no recurrent connections with hidden layers. 

The hidden layer is able to extend the Perceptron topology to allow for nonlinear 



	  

28	  

computations when used in conjunction with the sigmoid transfer function.  The primary 

aspects that make the MLP topology unique are: 

• No connections within a layer 

• No direct connections between input and output layers 

• Fully connected between layers 

• Number of output units does not need to be equal to the number input units 

• Number of hidden units per layer can be more or less than input or output units 

 

 

Figure 6: A visual representation of a Multilayer Perceptron Topology.  

 

2.4. Data Division for Model Use 

2.4.1. Training Data 

 The predictors and predictand data for each model run must be divided into three 

different groups.  The training data (80% of the data) are used to build the model and 

discover the relationship between predictand and predictors.  The training data set must be 

large enough to identify the signal.  A common issue with neural networks is over-fitting of 
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data.  Over-fitting results in the model performing well in the calibration phase, but due to 

memorization of the data, perform poorly with independent data.  A method to overcome this 

problem is with a cross-validation set (10% of the data) which is tested with each adjustment 

to the network weights.  

 

2.4.2. Cross Validation Data 

 Cross validation is a generalization of the common procedure of omitting a few 

observations from the data, reconstructing the model using the remaining data, and then 

making predictions for the omitted cases.   At the end of each training run, the cross-

validation data are inputted into the model.  The root mean squared error (RMSE) is then 

calculated for both training and cross-validation sets.  If the RMSE of the training set 

decreases, but the cross-validation RMSE begins to increase then the model is considered 

over-fitting the training data.  Essentially, when this happens the model is ‘memorizing’ the 

training data, which degrades the ability to model new data.  When this occurs the model run 

is terminated.   

 

2.4.3. Testing Data 

 Lastly, the testing set (10%) is used to determine how well the model responds to 

new data that are separate from the training and cross-validation phase.  To ensure proper 

verification of the models, cross-testing was performed to allow extending the testing of the 

entire data set [Hsieh, 2009].  For cross-testing, the trained model is tested using the 10% 

testing data set. The model is then retrained and tested using a separate 10% of the data.  This 

process is repeated successively by changing the portion of the data that has been included 

from the model testing.  By doing so, one can test the entire data set. [e.g., Chu et al., 2010a; 
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Hsieh, 2009].  After deliberately dividing the entire data set into training, cross-validation, 

and testing sets the next task is to perform predictor selection, because there are always more 

potential predictors available than can be used and some predictors inherently carry 

redundant information.   

 

2.5. Model evaluation 

 The evaluation of model results to a desired data set is known as the goodness of fit 

and can be determined in a variety of ways. It provides an easier method for understanding 

the forecast skill. In this thesis, 2x2 Contingency Tables, correlation analysis and a RMSE 

skill score are used to find the goodness of fit between statistically downscaled model output 

and the observational data set. 

 

2.5.1. 2x2 Contingency Tables 

 For the purposes of this research, a 2x2 Contingency table is a table in matrix format 

that compares the number of yes/no forecasted extreme events with the number of yes/no 

observed events.  Scalar measurements derived from the table provide information about the 

relationship between the two data sets.  The hit rate (HR) is used as an accuracy measure.  Hit 

rate measures the proportion of observed events correctly forecasted.  The worst possible 

value for the HR is zero and the best is one.   The frequency bias (FB) is calculated to 

evaluate the ratio of yes forecasts to the number of yes observations.  A value of one would 

indicate an unbiased forecast, while a value greater/less than one would indicate the event 

was forecasted by the models more/less often than the observed.  Moreover, one of the most 

frequently used skill scores for summarizing square contingency table is known as the Peirce 

skill score (PSS), which is chosen over other skill measures because the contributions made 
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to the score by a correct no or yes forecast increases as the event is more or less likely, 

respectively.  PSS is similar to the Heidke skill score (HSS) except that the imagined random 

reference forecasts in the denominator are constrained to be unbiased.  For perfect forecasts, 

PSS = 1 and for random forecasts the score is zero.  Note that PSS and HSS are standard 

metrics to evaluate forecast performance [WMO, 2002].  Because the event to be forecast 

occurs substantially less frequently than the nonoccurrence (Table 2a), the Gilbert Skill Score 

(GSS) is also used.  It is often referred to as the ratio of success [Wilks, 2006].  The best 

value for GSS is one and the worst is zero.  

 More recently, the Extreme Dependency Score (EDS) has been employed as an 

assessment of the skill the models have with forecasting rare events [Stephenson et. al., 2008; 

Ferro and Stephenson, 2011; Ferro, 2007].  It is calculated using Formula 3:  

                                                                                        (3) 

where a is number of correct forecasts, c is the number of times the event occurred but was 

not forecast, and n is the total number of forecasts. For perfect forecasts, EDS = 1 and for 

random forecasts EDS = 0.  

 

2.5.2. Correlation performance 

 In this thesis, the correlation performance is measured as the Pearson correlation 

coefficient between statistically downscaled output and observational data.  The correlation 

(linear dependence) between two or more data sets is one of the commonly used statistical 

measurements in literature.  It is a single number that describes the magnitude and direction 

of the relationship between each set.  The coefficient ranges between -1 and 1.  A value of 1 

suggests that the relationship between a data set is perfectly described by the other data set. 

With all positive coefficient values as one data set changes, the other data set will change in 
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the same direction.  A value of -1 suggests that the relationship between data sets is perfectly 

mirrored.  A negative coefficient value indicates that while one data set changes, the other 

changes in the opposite direction.  

 

2.5.3. RMSE SS 

To further evaluate the relationship between modeled and observational datasets, a 

RMSE skill score (SS) was employed.  The skill score is based on the RMSE of the modeled  

 

output and a persistence model using Formula 4: 

.                             (4) 

 

3.  Results 

3.1. Predictor Selection 

 The Pearson correlation and Spearman rank correlation analysis had similar 

agreement between observations and reanalysis data during the period of 1979-2008 and 

suggested four low-level predictors out of all possible candidate predictors at different 

pressure levels.  The predictors chosen are: relative humidity at 850 hPa (RH850), zonal wind 

component at 850 hPa (U850), meridional wind component at 1000 hPa (V1000), and mean 

sea-level pressure (MSLP).  

 

3.1.1. Quantitative Analysis  

 The Pearson correlation measures the linear strength of relationship of two variables.  

The correlation between the station precipitation and the reanalysis variables were computed 

and the largest absolute value correlations were considered (Figure 7). 
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Figure 7: Total percentage of annual correlation values between four NCEP Re-analysis II 

variables and observational daily precipitation data.   

 

3.1.2. Qualitative Analysis 

 For Oahu, the two mountain ranges have a significant influence on daily 

precipitation.  In the dry leeward regions where trade wind orographic lifting is not the 

dominant mode of extreme precipitation, correlation values from Pearson and Spearman rank 

are generally higher than those from windward mountain ranges.  In these dry regions large 

synoptic events such as Kona storms have a stronger influence on precipitation extremes.  

These events occur N-NW of the islands and bring moist southerly or southwesterly flows 

with occasional heavy precipitation to the normally dry regions.  This change in the 

circulation from the common northeast trade wind days is reflected by the changes in low 

level winds, moisture and low pressure possibly captured by the aforementioned four 

predictors.   
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 From the correlation analysis, it suggests the low level meridional wind flow is the 

primary influencer in heavy precipitation for Oahu (Figure 7).  On the seasonal time scale, 

[Timm and Diaz, 2009] showed that the near surface meridional winds have the largest effect 

on island precipitation.  For the leeward stations the same four predictors will be used for 

subsequent downscaling. Physically, one primary signal of a passing front or nearby Kona 

low is the change in the meridional wind direction from northerly to southerly.  The normal 

NE trade winds are interrupted with the greatest change occurring in the meridional direction.   

 The zonal winds and MSLP have similar influence on extreme precipitation 

according to correlation analysis.  Significant changes in the MSLP and zonal winds are 

often, but not always, witnessed with all three large-scale circulation patterns influencing 

Hawaiian extreme precipitation. The main exception to this, as mentioned above, is when an 

upper level low-pressure cell is located over the islands with no surface signature and normal 

NE trade wind surface flow.  As a frontal system passes over the islands, the approaching 

low-pressure cell pushes the quasi-stationary subtropical high in a northeastward direction.  

The islands become dominated by the relatively lower MSLP than commonly experienced.  

A Kona low, as previously mentioned, is an upper level low pressure cell that is cutoff from 

the normal mid-latitude westerly flow.  Only when it achieves a surface signature can it be 

classified as a Kona low.  The surface signature is identified as a change in the MSLP as the 

low-pressure cell at the surface gets in close proximity to the islands.   Lastly, an upper level 

low resulting from the curvature of the jet stream and potential vorticity advection can create 

a surface low-pressure system.  As the upper level wave moves more eastward, the low 

pressure will move over the islands significantly affecting the MSLP. 

 Relative humidity describes the amount of water vapor present in the air relative to 

the maximum amount of water vapor the air could contain.  Often, it is used as an indicator of 
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moisture content in the atmosphere.  The 850-hPa level is important to relative humidity due 

to the inversion layer present over the islands as a result of the subtropical high pressure.  The 

inversion is located on average between 800-700 hPa and caps the mixing of lower level 

atmospheric conditions with mid and upper levels.  The inversion can be displaced or 

removed due to large-scale circulations, which move the subtropical high and with it, the 

inversion layer.  However, the 850hPa relative humidity provides an insight into the moisture 

content of the lower level and the correlation analysis suggests its importance in Hawaiian 

extreme precipitation.    

 The purpose of statistical downscaling is to find the empirical relationship between 

large-scale atmospheric variables and local precipitation.  This relationship, however, is a 

poor fit for Oahu’s windward stations where local-scale processes (i.e., orographic uplifting) 

strongly affect precipitation.  Consequently, the 16 available stations described in section 7.1 

are reduced to only seven for downscaling (Fig. 2).  Table 1 lists the basic statistics of daily 

precipitation from these seven stations during 1979-2008 (~10950 days).  The first five are on 

the leeward side of the Oahu and the next two are on the windward side.  As expected, the 

mean and standard deviation of daily precipitation are lower at leeward gauges relative to 

windward stations.  The frequency of wet days, defined as the number of days with more than 

1 mm precipitation, is also generally lower on the leeward stations.  However, when it comes 

to wet days’ mean precipitation, there is no substantial difference among all seven stations.  

For example, the mean precipitation of wet days at Campbell is comparable to those at the 

two windward sites. This suggests that for the leeward side, although the frequency of wet 

days is a lot lower, the amount of mean precipitation received during wet days is roughly the 

same as the windward area.   The standard deviation of precipitation during wet days is 

generally lower at leeward regions 
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 Campbell Honolulu 
International 

Airport 

Honolulu 
(Observatory) 

Paiko Punchbowl Pali Golf Waimanalo 
Farm 

Mean (mm/day) 

 

1.25 1.20 1.23 1.91 2.37 5.13 3.03 

STD 

 

7.15 6.49 6.60 7.71 7.11 15.10 11.35 

Frequency of 
wet days 

 

1422 1497 1530 2694 3742 5742 3539 

Wet day Mean 
(mm/day) 

 

9.47 8.65 8.72 7.67 6.89 9.82 9.33 

STD Wet Days 

 

17.90 15.85 15.94 14.26 10.98 19.98 18.70 

Table 1:  Key statistics (mean and standard deviation) for the stations used in this study. The first 

five stations are located on the leeward and the last two stations are on the windward Oahu.  Unit 

for mean and standard deviation (STD) is mm/day.  Unit for the frequency of wet days is days.   

 

3.2. GCM Selection 

 The two-test procedure for determining the most appropriate GCM was applied 

according to the methods described previously.  After the two tests have been performed, the 

ranks of each model from test 1 (T1) were summed with the ranks from test 2 (T2).  

Combining the T1 and T2, the lowest summed rank is assumed to indicate the model and 

emission scenario that is best suited for the use of downscaling over the Hawaiian Islands.  

Multiple grid boxes located around the island chain were tested and similar results were 

found.   

 

3.2.1. Test 1: Model Bias Approach  

 Observational data from various stations on Oahu were used to compute an island 

average for daily precipitation to allow comparison with gridded GCM output.  Since this is a 

hindcast, emission scenarios are not considered. The absolute difference between GCM 
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precipitation and island average precipitation were computed for each GCM and plotted from 

least to highest difference (Figure 8). 

 

Figure 8: A ranked plot of the absolute difference between an island average precipitation and GCM 

precipitation. 

 

3.2.2. Test 2: Model Convergence Approach 

The second test is a convergence approach, which computes the absolute difference 

of all GCMs and their emission scenarios to the mean of all model runs.  The 

models/emissions are ranked according to the difference and plotted (Figure 9).  Models 

outside +- 1 standard deviation from the ensemble mean are discarded as outliers. 
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Figure 9: A ranked plot of the absolute difference between a GCM projections and the GCM ensemble 

mean. 

 

3.2.3. Summed Rank and GCM choice 

The ranks from the two tests were summed to create a summed rank for each model 

(Table 2).  For our study, the combined bias and convergence approach for multi-model 

evaluation suggests that GCM model ECHAM5 and scenario A2 have one of the smallest 

differences for the current climate (1979-2008) and also for the future climate (2011-2040).  

Fortunately, ECHAM daily data are available for research use.  It is an important 

consideration, because even if the summed rank indicates a “best” model, daily data may not 

be available.   
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Rank Test 1 Baseline Test 2 Projection Summed Rank 
1 NCARCCSM3 CGCM3T47---Run-3.SR-A1B ECHAM5 A2 (T1+T2=12) 
2 MRI-CGCM2.3.2 CSIROMk3.5.SR-A1B GISSE-R A2 (T1+T2=16) 
3 IPSLCM4 CGCM3T47---Run-4.SR-A2 GISSE-R B1 (T1+T2=17) 
4 ECHAM5 CSIROMk3.0.SR-A2 MIROC 3.2 A2 (T1+T2=18) 
5 ECHO-G GISS-ER.SR-A2 CSIROMk3.5 A1b (T1 +T2=18) 
6 GFDLCM2.1 GISS-ER.SR-B1  
7 MIROC3.2-medres NCARPCM.SR-A1B  
8 GISSAOM ECHAM5.SR-A2  
9 INGV-SXG CGCM3T47---Run-4.SR-B1  

10 MIROC3.2-hires GISS-ER.SR-A1B  
11 GISSE-R MIROC3.2-medres.SR-A2  
12 GFDLCM2.0 CNRMCM3.SR-A2  
13 NCARPCM INMCM3.0.SR-B1  
14 CGCM3T47 ECHO-G.SR-B1  
15 CGCM3T63 CGCM3T47---Run-3.SR-B1  
16 CSIROMk3.5 MIROC3.2-medres.SR-B1  
17 CSIROMk3.0 GFDLCM2.0.SR-B1  

Table 2: The computed summed rank from T1 and T2 for the top five GCMs to consider for Oahu, 

HI. 

 

3.3. Choice of Learning Rule and Performance Measures 

 The six different learning rules described previously are analyzed in their ability to 

model observed daily extreme precipitation during the training period.  Table 3(a-f) shows a 

case for the Campbell station with 2x2 contingency tables constructed to better understand 

the performance of each learning rule.  Campbell is located in a leeward dry region where 

heavy rainfall events are uncommon and often associated with changes in large-scale 

circulation conditions.  Because heavy rainfall events are rare, all learning rules were 

dominated by a correct ‘no‘ forecast.       
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(a) Step (b) Momentum 
 Obs (Yes) Obs (No)  Obs (Yes) Obs (No) 

Forecast 
(Yes) 

0 71 Forecast (Yes) 2 54 
Forecast (No) 32 8657 Forecast (No) 30 8674 

(c) Delta-bar-delta (d) Quickprop 
 Obs (Yes) Obs (No)  Obs (Yes) Obs (No) 

Forecast 
(Yes) 

6 103 Forecast (Yes) 6 271 
Forecast (No) 26 8625 Forecast (No) 26 8457 

(e) Conjugate Gradient (f) Levenberg Marquardt 
 Obs (Yes) Obs (No)  Obs (Yes) Obs (No) 

Forecast 
(Yes) 

4 87 Forecast (Yes) 23 6 
Forecast (No) 28 8641 Forecast (No) 9 8722 

Table 3(a-f): 2x2 contingency tables for the six learning rules of precipitation > 90th percentile during 

training of time period 1979-2008 for the Campbell Station.   

 To obtain an initial impression from the 2x2 contingency tables, we will be looking 

for 4 criteria: 1) a high number of observed ‘yes’ and forecast ‘yes’ [A events]; 2) a low 

number of observed ‘no’ and forecast ‘yes’ [B events]; 3) a low number of observed ‘no’ and 

forecast ‘yes’ events; 4) a high number of observed ‘no’ and forecast ‘no’ events.  However, 

since the fourth criterion is commonly found, less weight will be applied to it when choosing 

the scalar metrics to further explain the tables.   

 Upon initial inspection, the learning rule Levenberg-Marquardt seems best suited for 

downscaling daily precipitation over Oahu due to the high A and D events and relatively low 

B and C events.  Further analyses are made possible by use of the scalar metrics mentioned 

above and computed from each contingency table (Figure 10).  The metrics from Figure 10 

suggest the Levenberg-Marquardt learning rule due to a relatively high HR, PSS, GSS, and 

EDS when compared to the other learning rules.  Figure 11 shows the total percentage of all 

scalar metrics summed for each learning rule.  For all metrics used in Figure 11, the best 

value is 1 and thus the higher the metric then the better the learning rule is performing.  Thus, 

the highest sum from all metrics and its total percentage among all learning rules gives an 

idea to the best performing rule.  It is clear from Figure 11; the LM learning rule dominates 
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the percentage of scalar metric.  It gives an even clearer picture of the relative success of the 

LM learning rule compared to the other five. 

Through analyses of Table 3(a-f), Figure 10 and Figure 11, it was decided to use the 

Levenberg Marquardt learning rule for use in all statistical downscaling neural network 

models in this study. 

        

    

 

 

Figure 10: The scalar attributes of Hit Rate (HR), Gilbert Skill Score (GSS), Pierce Skill Score (PSS), 

and Extreme Dependency Score (EDS) for the contingency tables of each learning rule. 
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Figure 11: The total percentage of all summed scalar attributes of Hit Rate (HR), Gilbert Skill Score 

(GSS), Pierce Skill Score (PSS), Frequency Bias (FB), and Extreme Dependency Score (EDS) for the 

contingency tables of the six learning rules. 

 

3. 4. MLP ANN Performance 

To demonstrate the MLP ANN skill, Table 4 displays the 2x2 contingency table for 

the cross-testing data set at the Campbell station.  This site is chosen as an example because 

the MLP topology was found to work well in both training and testing phases (Figure 12).  It 

is clear from Table 4, that the correct “no” forecast (D event) dominates the 2x2 contingency 

table.  However, more importance is placed on the A, B, and C events.   
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MLP extreme event performance 
 Obs (Yes) Obs (No) 

Forecast (Yes) 19 18 
Forecast (No) 22 10891 

 

Table 4: The 2x2 contingency table for precipitation extremes of the MLP cross-testing data set during 

1979-2008 at the Campbell Station with the Levenberg-Marquardt learning rule implemented.  

 Figure 12 gives a comparison between the training phase and cross-testing phase for 

the MLP ANN at the Campbell station. While the model’s skill decreases from the training 

period to the cross-testing as the sample size increases and the input becomes independent, 

the metrics still show the model’s ability to outperform the random forecast.  The FB remains 

relatively unchanged, suggesting the MLP ANN can model the B and C events with similar 

skill even using independent data.  The EDS changes very little between the phases.  Since, 

the FB indicates events B and C are well modeled, the stable EDS suggests well modeled A 

events using independent data.  

  Figure 12: Comparison between the scalar attributes for the MLP training and cross-test contingency 

tables. 
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 The MLP ANN performance for daily precipitation extremes during 1979-2008 is 

further evaluated using the Pearson correlation and a RMSE skill score relative to a 

persistence model (Table 5).   

 During the training stage, four of five leeward stations exhibit significant 

correlation values at the 5% level between observations and model outputs (Table 5).  

The Punchbowl station is marginally significant.  For two windward stations (Pali Golf 

and Waimanalo Farm), the results from the model exhibit no linear association between 

observations and model simulations.   

 During the independent ‘test’ phase, correlations are generally found to be high 

for stations that had high correlations during the training stage (Table 5).  In this case, 

three of the five MLP models are statistically significant at drier stations.  As shown in 

the last column of Table 5, the skill score based on RMSE supports the notion that ANN 

is skillful in producing extreme precipitation events given the selected predictors (i.e., 

low-level moisture content, level-level winds, and sea-level pressure) during the current 

climate condition.  These values suggest that the MLP network is able to model extreme 

events reasonably well at the drier stations.  Wetter station data tend to be noisy and MLP 

networks model towards the mean of precipitation rather than finding the patterns of 

extremes.  Having tested the performance of ANNs using data for the current climate 

(1979-2008), the next task is to estimate changes in the frequency and intensity of 

precipitation extremes for the future thirty years starting from 2011.  For this task, the 

projection of future climate from a GCM is used.    
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Station MLP Training MLP Test RMSE SS 
Campbell 0.64* 0.29* 0.31 
Honolulu 0.51* 0.21 0.28 

Honolulu International 

Airport 

0.72* 0.34* 0.34 
Paiko 0.48* 0.27* 0.22 

Punchbowl 0.29 0.17 0.08 
Pali Golf 0.09 0.04 -0.71 

Waimanalo Farm 0.05 0.03 -1.56 
Table 5: MLP model performance for daily precipitation extremes in terms of correlation (second and 

third columns) and RMSE skill score (the last column) during 1979-2008.  The top five stations are 

located in the dry region and the bottom two stations are located near the wet region of Oahu. * denotes 

the statistical significance of correlations at the 5% level. 

 

3.5. Future Projection from Downscaled GCM simulations 

 Applying the assumption that the present-day relationships discovered would hold 

into the future, the ECHAM 5 A2 predictor variables are used as inputs into the statistical 

models built for each station after each run of the cross-testing procedure.  Inputting the 

predictors after each run of cross-testing is equivalent to the construction of a ten-model 

ensemble, lending more confidence to the final results.  The final results are determined from 

the ensemble average.  Direct statistically downscaled output lacks the needed information to 

determine any confidence.  To best assess this problem, the frequency and intensity of 

precipitation extremes from both the actual observations and modeled outputs used to 

calculate the confidence intervals using the BCa percentile resampling technique [e.g., Efron 

and Tibshirani, 1993; Gilleland, 2010; Jolliffe, 2007; Chu et al., 2009]. The BCa method is 

an extension of the commonly used percentile method and is available through Matlab 

command bootci.  The conventional method works well when the resulting statistics are 

unbiased and have a symmetric sampling distribution.  If statistics were biased, the common 

percentile method would amplify the bias.  To overcome this problem, the BCa method 
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corrects the common percentile interval for bias and skewness.  In this study, 10,000 

bootstrap replications are generated using the BCa percentile method. 

 

3.5.1. Case study: Honolulu International Airport Extreme Precipitation 

Frequency 

 The Honolulu International Airport is used in this case study to illustrate the changes 

in precipitation extremes on leeward Oahu (Figure 13c, Figure 15c). During the 1979 -2008 

period, 47 heavy rainfall events were observed at this station and there is a 95% confidence 

that the true values lies within the interval of 36 to 63 as represented by the error bars in 

Figure 13b.  Analyzing the same time period and definition of extreme events, the 

downscaled model output shows 44 extreme events.  This suggests that the downscaled 

model output slightly underestimates the frequency of events under current climate 

conditions.  This model bias is also found at the other four dry stations (Figure 13[a-e]).   

For the next 30 years (2011-2040), the models output predicts 55 extreme events at 

the Honolulu International Airport.  This is a 25% increase compared to 1979-2008 (Figure 

14).  It is important to note that the confidence intervals for the extreme events in the future 

climate shift to higher values than those in the current climate from both actual observations 

and model simulations (Figure 13c).  However, the spread of the 95% confidence interval for 

future climate is less relative to the current climate.  Given the likelihood of GCM bias in 

simulating the number of precipitation extremes in the present-day climate (47 versus 44), it 

is possible that the 55 events at the Honolulu International Airport projected in the future also 

are slightly biased toward lower frequency than reality.  In principle, this also applies to the 

other four sites.     
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Figure 13(a-e): Extreme rainfall frequency for observed (1979-2008), current climate (1979-2008) from 

model, and future climate (2011-2040) from model for each station.  The corresponding 95% confidence 

interval of the storm frequency based on the BCa bootstrap resampling method is shown as capped error 

bars 

 

Figure 14: Percentage change in modeled extreme precipitation frequency between the time period 

1979-2008 and 2011-2040. 
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3.5.2. Case study: Honolulu International Airport Extreme Precipitation 

Intensity 

 From 1979-2008 observations, the average value for rainfall intensity at the Honolulu 

International Airport is 79 mm/day, with a 95% confidence interval between 72 and 89 

mm/day (Figure 15c).  Model simulations during the same time suggest a slight dry bias of 

73 mm/day.  This bias is found prevalent at all other stations (Figure 15[a-e]).   On average, 

the model simulates 7 mm less rainfall per day for all five stations.  During the 2011-2040 

projections, the average intensity of an extreme event at the Honolulu International Airport is 

predicted to be 64 mm/day.  This value is a -12% change in intensity and is the largest 

percentage change between modeled current climate and modeled future climate (Figure 16).  

This decrease in intensity is also found at the other four stations (Figure 15 and 16).   

 

 

 

 

 

 

 

 

 

 

 

 

Figure 15(a-e):  Same as Figure 13(a-e) but for mean extreme rainfall intensity. 
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Figure 16:  Same as Figure 14 but for mean extreme rainfall intensity. 

 

3.5.3 Case study: Interpretation 

 Combining results from changes in the frequency and intensity of precipitation 

extremes (Figures 13[a-e], 14, 15[a-e] and 16), our study suggests that in the next 30 years, 

the frequency of extreme events will increase but their mean intensity will decrease on 

leeward Oahu.  

 In analyzing observed rainfall records from 1950s to 2007, [Chu et al., 2010b] 

recently noted a prevailing downward trend in daily rainfall intensity on Oahu.  In particular, 

the decreasing trend at the Honolulu International Airport since 1950s is statistically 

significant at the 5% level using a nonparametric Mann-Kendall test and Sen’s method.  

Therefore, the projected decrease in mean storm rainfall intensity in Table 6 is consistent 

with what was observed during the past 60 years.   If the model bias is taken into account, the 

increase in the frequency of extreme events in the future would perhaps be even higher than 

the model’s projection (e.g., 55 events at the Honolulu International Airport) and the average 
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intensity will likely be stronger than the projected (e.g., 64 mm/day at the Honolulu 

International Airport) for the southern shoreline of Oahu. 

 

4.   Conclusion 

 Heavy rainfall and flash floods are common in the Hawaiian Islands due to their steep 

terrain, orographic mechanisms, rain-producing weather systems, and abundant moisture 

supply. Given the socio-economic repercussions resulting from past storm events, it is of 

considerable interest to investigate changes in the frequency and intensity of heavy rainfall 

events in Hawai’i, particularly for Oahu, as it is the most populous island in Hawai’i.          

 This study is based on observational station data on Oahu, NCEP reanalysis II data, 

and GCM data to project future changes in precipitation extremes via an artificial neural 

network using the MLP topology.  Due to the limited availability of long-term and complete 

precipitation records, as well as local-scale processes which affect precipitation, stations 

selected in this study are restricted to only seven on Oahu.   Using a large number of GCMs 

and their emission scenarios, the two-test approach recommended by IPCC reveals that the 

ECHAM5 A2 is the most appropriate in downscaling extreme precipitation events for Oahu.  

It is found that MLP networks performed better in drier areas.  The MLP trained models are 

used together with ECHAM5 A2 data to provide estimates of the model’s present-day 

climate and future climate.   

 There is a general agreement in key test statistics (e.g., the frequency of extreme 

events) between actual observations and GCM outputs under present-day conditions at all 

five leeward stations, although the model exhibits a small bias in underestimating both the 

frequency of storm occurrences and their mean intensity.  For future projection (2011-2040), 

the model calls for higher number of extreme events but lower mean intensity relative to the 
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present-day statistics.  Considering the model bias, the rainstorm in the future would occur 

even more frequently than those indicated in Table 7(a-e) and its average intensity would be 

stronger than those given in Table 9(a-e).  To provide a range of variability of the test 

statistics, a nonparametric BCa bootstrap technique is used for all three datasets (i.e., actual 

observations, GCM outputs from current climate, future GCM simulations).      

 The results presented in this study may benefit many agencies that are concerned with 

floods and relevant policy making in the face of climate change.  For instance, changes in 

rainstorm intensity may be a serious concern for the Pearl Harbor aquifer as precipitation is 

the primary water resource for streams and groundwater supply.  Because many people live 

near this aquifer and most of their water use is drawn from the freshwater lens buried 

underground, a projected decrease in precipitation extremes in the future would inevitably 

alter local hydrology and management practices for this aquifer.   Due to the effect of the 

mountains on Oahu, areas with high average daily precipitation did not perform as well as 

leeward regions.  Further research in dynamical downscaling would provide more insight into 

the physical processes causing the change in extreme events with increased greenhouse 

gases.   

 Many tropical Pacific islands are experiencing rapid population growth that 

places increasing demands on water for drinking, food production, recreation, and other 

needs.  Further compounding this problem is the great variability of interannual and 

interdecadal precipitation in this region [e.g., Chu and Chen, 2005].  It is hoped that the 

method demonstrated in Hawai’i would be of value to other tropical Pacific islands in 

projecting future precipitation extremes, which would be vital to various governments for 

future water resources planning and management.  
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Abbreviations 
 

In this section, abbreviations of terms applied throughout this thesis are listed alphabetically. 
 
Abbreviation Term 
ANN  Artificial Neural Network 
AR4  Fourth Assessment Report 
BCa  Bias-corrected, Accelerated 
COOP  Cooperative Observer Program 
EDS  Extreme Dependency Score 
ENSO  El Niño-Southern Oscillation 
ESD  Empirical Statistical Downscaling 
FB  Frequency Bias 
GCM  Global Climate Model 
GSS  Gilbert Skill Score 
HR  Hit Rate 
HSS  Heidke Skill Score 
IPCC  Intergovernmental Panel on Climate Change 
ITCZ  Intertropical Convergence Zone 
LCL  Lifted Condensation Level 
LM  Levenberg-Marquardt  
MLP  Multilayer Perceptron 
MM5  Fifth-Generation Penn State/NCAR Mesoscale Model 
MSE  Mean Squared Error 
MSLP  Mean Sea-level Pressure 
NCAR  National Center for Atmospheric Research 
NCDC  National Climatic Data Center 
NCEP  National Centers for Environmental Prediction 
NOAA  National Oceanic and Atmospheric Administration 
NWS  National Weather Service 
PSS  Peirce Skill Score 
RCM  Regional Climate Model 
RMSE  Root Mean Squared Error 
SD  Statistical Downscaling 
SLP  Sea-level Pressure 
SOI  Southern Oscillation Index 
SS  Skill Score 
SST  Sea Surface Temperature 
STD  Standard Deviation  
T1  Test 1 
T2  Test 2 
TIROS  Television Infrared Observation Satellite 
TOVS  TIROS Operational Vertical Sounder 
USD  United States Dollar 
USGS  United States Geological Survey 
WRF  Weather Research and Forecasting Model 
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