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ABSTRACT
Over the past decade Tanzania has experienced spontaneous population increase
(1.556 mil annual). But the number is estimated to further increase by 2050 to 2.982
mil annual, thus Tanzania is estimated to have pdpualaf 137millions people in
2050 (UN, 2015. The fast growing population is mainly depending on rainfed
agriculture, which contribute 29 percent of the country GDP and providing

employment t®5.5 percent of Tanzanians (Deloitte, 2D16

The diversity in climatic and weatdr activities has posed a challenge in rainfed
agriculture especially on when to plant seedberefore in order to promote
agricultural activitiesstable and reliable weather information are crucial in order for

production to match with population inaise.

This study explores the challenge facing the Numerical Weather Prediction (NWP)
namely WRFARW, by creating the system of equation (ensembles) from WRF
ARW resulting from the use of different initial conditionEnsemble allow for
probabilistic foreastto takethe form of predictive probability function (PDF). But,
raw ensemble forecast system are finite hence thdy capture some of the
uncertainty of the NWP. Thus, this study used Bayesian Model Averaging (BMA)
methods of postprocessing ensemfileecast to maximize the sharpness of the

parameter and calibration.

The findings shows BMA method successively removes most of ulidersion
showed by raw ensembles. Thus, calibrated and sharp results of BMA approach
resolves a number of the weaknessiethe ensemble forecasts including their under
dispersion and the discrepancy between forecasts and observations. Therefore BMA
can be used to attain higher consistency in the probabilistic forecasts of an
operational model.
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CHAPTER ONE
BACKGROUND OF THE STUDY

1.0 Introduction
This chapter gives wepth background of weather forecasting techniques from ages
to presentstatement of the problem, objective of the study and significance of the

study

1.1 Background of the study

The art of weather forecasting began with early civilization using reoccurring
astronomical and meteorological events to help them monitor seasonal changes in the
weather NASA, 2002. Since then,there has been sgpontaneoussuccesive
improvement on the subject of weather forecasithgre in 650 B.C., predictions of
shortterm weather changes were based on the observation of clouds and phenomena
such as haloes. Chinese astronomers were among the early developer of weather
forecastswherethey invented calendar that divided the year into 24 festivals based
on different types of weather in the ygdtarusek, 201D However, acording to

Neves (201Y, philosopher such as Aristotle in 340 B.C., also wrote on the subject of
weaher forecastwere heincludedtheories about formation of clouds, rain, wind,
thunder and hurricanes. Aristotle observation on weather and associated errors set

foundation until in 1% century duringhe start of the modern forecast.

Different methods ah procedures where attempt to produce forecasts basedeon |

and personal observatiarBy the end of Renaissance, interests in the knowledge of
atmosphere increased exponentially and different instruments were needed to further
uncerstanding in the sulge of weather forecastingkKuismanen, 2008 In the
19"century, bhe innovation of metrological instruments made possible for
observéion and record of datand further studies on the subject such as wind
patterns andterm system. From thereoots forweatherpredictions and observation
spreads across the gloleading to birth of synoptic weather forecasting in the 1860s
(Neves, 2017)



Bjerknes (1904) introduced hydrodynamics and thermodynamics into weather
forecasting. Thus the idea of predictingveather by solving the mathematical

equations was formulated, current known as Numerical Weather Prediction.

FurthermoreRichardson (1922)madefurtherexploration on exploiting differential
mathematiclbequations on weath@redictions were far advancédynch, 2009. He
manually calculate thehange of amospheric pressure, for thparticular place and

time, his predictions were 146Pa in 6 hoursHowever,the prediction was totally
unrealistic value and toaidge by two orders of magnitudee topoor computational

tools The possible answedor this unrealistic value wathat some day in the dim
future itwas possible to advance the computations faster than the weather advances
and at a cost less than the saving to mankind due to the infonngatined, bt tha

is a drean..

For cenuries weather and climate has proven to be crucial in development of human
activities andmany sectors of economy, thus sensitivity may varies in the necessity
of weather among sector from average to extreme conditions. The social and
economic contributiosiof accurate weather forecasts aosmic in different secter
mostly in agricultural sectordisaster managements, transportation systems and
energy sectorsAccording to Frei (2012), whether it is forecasting the weather,
diseases or economy anticipating things to come is arguably one of the biggest
human desires. By anticipating things to come we are able to plans and make

desirable decisions on the unfazen.

The current exponentially growing in computer functionality, capacity and satellite
technology, gathering of data hasmoved constraint on the modern weather
forecasting. However, even though additional factors have been added in the
modeling, still uncertainty in weather forecastingremains the challenge
Uncertainties arise from th@ssumption of Numerical Weather Predictions (NWP)
that initial and boundary conditions are the same everywhere, which is not
necessarily. As the consequenametasts should bieeated agrobabilistic rather

than deterministic. As Gneiting (2008) argued weather forecasts should be presented

as probability distribution over future weather events.



Numerical weather prediction models are still run today, but thié change toward
implementation of ensemble forecast methilkereas, ensemble prediction system
is the groupof forecass which tackles the uncertaintiesf the deterministicmodeb
and give room for probabilistic forecastifgnsemble systems are atedby single

or multiple runs of NWP model, with a set of different initial conditions and

boundary conditions create a forecast ensemble.

However, even ensemble forecasts hanablems, as they tend to exhibit systematic
biases as well as dispars errors(Bao, et. al, 2010) The ensembles therefore lack
calibrationand are typicallyunder dispersed (Hamill and Colucci, 1997y address

these problems statistical metlsodf postprocessing aresed to coect biases and
dispersion errorsvith the aim of maximizing sharpness atalibration(Gneiting et

al. 2007). Postprocessing methadsuch as Bayesian Moddélveragingyield full
predictive pobability density finctions( PDF 6 s ) ef quantitywad andirelst.

Thus, esemble system represents uncertainty of the chaotic nature of the atmosphere
compared to single NWP model and ppsicessed ensemble outperforms the raw
ensemble in terms of calibration and sharpnéss, (et. al, 2004

1.2 Statement of the problem

Recent researches show that there is substantial evidence that climate has been
changing in the recent decades (Maurel, 20T4e shocks from changes in the
climate conditions have affected development in every aspect, mosityiaultural
production where productiondependson climatic condition These changes will
exert additional pressure in the developing countries because majority of the
countries are relgig on rainfed agriculture. In Tanzania over the past few decades
has been experiencing unpredictable and unreliable patterns of rainfall, resulting to
unreliable productivity and wellbeing of the population since agricultural sector is
the backbone of the country emomy (Mbululo, 2012. In order to addresthis
weather challenge most of developed and developing countries have heavily
invested in the science of meteorology, were Tanzania Meteorological Agency
(TMA) is given the tas of provision of weather and climat@formation in

Tanzania.



However, in most of developing countries such as Tanzania the traditional
deterministic aproach is the mainly method uséar weather forecasting where
single NWP model is used to provide thmgle solution of the unknown future
atmospheric state in a specific time and loctie T REFERENCE HERE)But
chaotic naturef the atmosphermakeit impossible to determine the realistic initial
and boundary conditions for the required resolutionthe NWP modeldue to
uncertanty. Thus small error®n the initial and boundary conditions can produce
inaccurate future weather forecast. That is why the predictability of the future
atmospheric states is limited in time: the initial condition errorsaarglified as the
forecast period grows (Callado, 2018urthermore, others sources of errthat

may affect weather forecastsay bephysical parameterization, computation and
observation system together limit the skill and predictability of a deteriginis

forecast system.

This study aimsat in filling the gapin literatureby using probabilistic weather
forecast system, which uses ensembles forecast. Where, ensembles forecast are
formulated by single or multiple runs of NWP malelith a set of different initial

and boundary conditionsTherefore ensemble approach produces a set of random
and independent forecasts and the diversity of these forecasts represents the forecast
uncertaintyHowever, ensemble forecasts are not able to ¢h&efull uncertainty of
numerical weather predictions and therefore often display biasegligpérsion

errors and thus are uncalibrated. To account for this protBdfd statistical post
processing methodias usedo recover intevariable and spatial depdencies from

the original ensetyle forecasts.

1.3General objective
To study probabilistic wather forecasting based on ensemble prediction system

using Bayesian Model Average

1.3.1Specific objectives
i. To evaluateprobability forecasts of temperatureing Bayesian model
averaging
ii. To evaluate pbability forecast of precipitation using Byesian model

averaging



iii. To evaluate initialresolutionand boundary conditions in model accuracy

forecasting

1.4Research questions
The following are the research questions

i.  What are the probabilistic forecastd temperature using Bayesian model
averagin@

ii.  What are the probdlistic forecastsof precipitation using Bayesian model
averagin@

iii.  Doesinitial resolutionandboundary conditions influence in model accuracy

forecasting?

1.5Significance of the study

U Weather forecasting agency
This study will help weather forecasting agencies in thentguas the researcher
exploit the alternative approach for weather forecastifige researcher used
probabilistic forecastas the alternative approach for deterministic forecasts.

U Agricultural sector
The study will help agricultura sector by providig reliable and stableveather
information.The stable weather forecasts hetpsthe timing of theommencing of
cultivation up to growthdevelopment and yields oftervest The study will also
helpin prevalencef pests and diseaseashicharecrucialin agricultural sector.

U Further studies
This studyused BMA statistical post processing methathich has been be in
weather forecastingtudies . The BMA methods andxploration of other post
processingmethods that helps to improve the calibration and sharpness as the
methods have proven to have a better performammepared todeterministic

forecasts.



CHAPTER TWO
LITERATURE REVIEW

2.0Introducti on
This chapterreview various arguments and findings from different authors, journals,
publications and other sources of informatidn.covers Key terms, theories,

empirical studies and conceptual framework
2.1Meaning of key terms

2.1.1 WRFARW model

|t is a supported Acommunity model 0 ¢
operaional forecasts with the aim of downscaling the global model forecasts to high
resolutions forecasts. WRARW is planned to be adaptable, statdhe-art
atmospheric simulation system that is convenient and capable on offered parallel
processing platforsm The ARW is appropriate for use in different applications
across scales ranging from meters to thousands of kilometers, including; Forecasting
research, regime NWP, teaching and Idealized simulation. The system software is
in the public domain and igeely available for community use developed by
NOAA/NCEP/EMC, NOAA/ESRL and NCAR with partnerships at DOE/PNNL,
FAA, AFWA and collaborations with Universities and other Government agencies in
USA and other countrig®dRW modeling System Users Guide, 2012)

Figure 2.1 Show the flowchart for the WR¥RW system from observation dataset,

gridded dataset, WRF ppmrocessing system (WPS), WRF model to gostessing

r

e



Figure 2.1 WRF-ARW modeling System
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Source:ARW modeling System Users Guide, (2012)

2.1.2Uncertainty in Weather Forecasting

To increase both precision and effectiveness of weather foreddifgsent methods
have been developed to describe, calculand where convenienguantify
uncertaintyHowever,he aim is not to predict with certainty whsigoing to happen,
but to better understand and represent uncerténgr, 2012) There are two main

sources of uncertainties in weather forecasting.

I.  Uncertaintyin the deterministic models:
Deterministic models have been remarkably good tools foroappating
atmospheric behavior, but these models are not complete and true
representation of the governing physics. This is the result of some physical
process functioning on scale too small to be presented by the deterministic
models, and their effectsidhe forecasts over time are massive.

ii.  Uncertaintyin the Initial Conditions (ICs)
According to Lorenz, (1963) assuming that deterministic models are

7



complete and true representation of the atmospheric behavior, still we could
not escape the uncertaintedause of the dynamic chaos. Thus, if two
deterministic forecasts are started with slightly varying Initial Condition (IC),

the two solutions will eventually yield different results.

Figure 2.2presentd_orenz system in finite time error growtar threeprobabilistic

forecastsbeginninfyom distinctivepoints.

a. Extremecertaintyand consequentlya high level of confidence in the
conversiorto adifferent weathersystem

b. A high level ofcertaintyin the near term but then increasing uncertainty later
in the prediction with a humble probability of alterationto a different
weathesystem

c. A predictionbeginningnear the transition point betweaystemsis highly

uncertain

Figure 2.2Finite time probabilistic prediction of the Lorenz (1963) ystem

@)
\0 0 C%

S

Ay 4/ Q\%

SourcePalmer, (2003



Therefore, NWP forecasts of the future atmospheric behavior will always be
uncertain, and probabilistic approaches will alwaysiéededo describe thehaotic
behaviorof the atmosphere (Wilks, 2006).

2.1.3Numerical Weather Prediction

This is the approaclof weather forecasting that employssd of mathematical
equations texplainthe flow of fluids. These equations are interpreted into computer
code and use principaquations,parameterizations of other physical processes
numerical méhodsand combined with initial and boundarynditions before being

run over ageographial area (domainHowever, rarlyevery step in NWP includes
omissions, estimations, approximations and compronii$ess, numerical method is

the result of transforation of partial differential equation to algebraic equation,
because computers can compute arithmetic but not calculus. Therefore, the aim of
numerical method is to convert temporal and spatial derivatives into algebraic

eguations that computers can solve

1 Taylor series demonstrating transformation of equation to finite algebraic
equation
y rQ 171 Q e y 1
Q

QY Y Y= —
! CAT’ EAT”

Ui NWP model can be presented in simple form as

YOQanQi wogdi Q
o Ov
Y6

Where;

Yo Qan Qi dohahgegin a forecast variable at a particular point in space,

Y& Changes in time

"O0 : Terms that can cause changes in temperature

The equation above demonstrate the changes in the temperature forecast during the
time period t is equal to the cumulative effect of all process that force temperature to

change.



However, Numerical Wather prediction models are associated with setbacks in
weather forecasting. The following below explain the setbacks;

1 The way in which primitive equations are derived from their complete
theoretical form and converted to computer codes can contribeteots

1 The model forecast equations are simplified versions of the actual physical
laws governing atmospheric processes; especially cloud processes, and
atmosphere exchanges, and radiation. The physical and dynamic
approximations in these equations liniétphenomena that can be predicted.

1 Due to their complexity, the primitive equations must be solved numerically
using algebraic approximations, rather than calculating complete analytic
solutions. These numerical approximations introduce error even wleen th
forecast equations completely describe the phenomenon of interest and even
if the initial state were perfectly represented.

1 Computer translations of the model forecast equations cannot contain all
details at all resolutions. Therefore, some informatout atmospheric
fields will be missing or misrepresented in the model even if perfect
observations were available and the initial state of the atmosphere were
known exactly.

1 Grid point and spectral methods are techniques for representing information
abou atmospheric variables in the model and solving the set of forecast

equations. Each technique introduces different types of errors.

2.1.4 Ehsemble Weather Prediction

Since the industrial revolution, climate and weather activities have been changing
rapidy. The complexity of atmospheric parameterization and initial condition for
NWP modeling hasmagnified difficulties in weather forecasting. Ensemble
Prediction System (EPS) has emerged as alternative method of weather forecasting,
were it assign the avaible computational resources to create a series of dynamical
NWP model forecasts with different initial and boundary conditions. Thus ensemble
forecasting offers the likelihood to tackle the uncertainties within the istaé¢ and

deterministic modeldhiat isthe natural uncertainties in atmospheric prediction.
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However no specificraw ensembleforecastom the ensemblesystem may be
ultimately correct, several results of the ensemble output both suggest the possibility
and offer the means of probabilstforecasts. Additionally, the ensemble mean
forecast normally outperforms most of the individual forecasts comprising the
ensemble (Grimit and Mass, 2002).

Figure 2.2 demonstrate the significance of Ensemble Prediction System (WPS) in
forecasting severevents. Whereagm December 1998othar and Martin were the
names given to the storms that swept across Cdatirape The destruction of the
storms were massive; leaving 100 of people dead, extensive damage of
infrastructures and significant economic log&t what were the reasons for not
foreseen the storsAFigure 2.2 presents the surface pressure for the 4% hour
ensemble forecast generated at the European Centre for MBginge Weather
Forecasts (ECMWF) few days before Lothar stroke Northern Fr&nm®. figure 2.2

the topleft presents the operational deterministic forecast for DecemBear2bthe
validating evaluation. Nonetheless, the ECMWF operational NWP forecast
completely missed the storm although given observation data for Deceniber 24
However, unlike deterministic forecast several ensemble members projected there
will be storm. In other words, the ensemble managed to capture significantly the
abnormality and warn there might be a severe storm, while the best NWP forecast

show normal day féng to suggest there might be severe eyBatmer, 2002).
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Figure 2.3 Ensemble forecasts forLothar storm (surface pressure) in 24 Dec

1999
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2.2 Empirical Literature Review

The foremost desire of human is to have arpgkimowledge of the unforeseen future

events. Thus numerous studies have been conducted on the subject matter of weather

forecasting from earlier 20 century to present day (Bjerknes, 1904; Richardson, 1922

and Frei, 2012). However, in weather activities thee of forecasting have changed

in the recent decade from deterministic forecasts to probability; were forecasts must

be probabilistic taking the form of PDFs over future events (Hoet®@Q;1Moller,
2014 Berrocal, etal., 2007; Gneiting, 200%raley, et. al., 2011 and Hoeting, 2008).

Inthe past fifteen yeara/e have witnessed a radical change in the practice of weather

forecasting, were ensemble prediction system(&PS) have been implemented

operationally.The following review empirical literature;



Sl oughter et al . (2007) studied fAProbabi
Using Bayesian Model Averagingo, wher e
method for creating probabilistic forecast from ensembles in the form of predictive
PDFs.

In the studyBMA was applied to 48 hours forecasts of 24 hours precipitation
accumulation in th&lorthwest of Pacifidor the 0000UTC rotation over the 2 years
period of 1 Jan 200® 31 Dec 2004. Using ninmember University of Washington
mesoscale ensemb(&ckel aml Mass, 2005} he predictive PDFs of precipitation

was evaluated by Verification Ranked Histogram (VRH) and Probability Integral
Transformation (PIT) to measure the calibration, wBreer score was used to
measure accuracy of the forecasts akitisSscore was used to measure skills of the
forecasts. Moreover, Reliability diagram, CRPS and MAE were also used to access

the accuracy of forecasts.

The researcher concluded thatBayesian Model Averafpngcass were better
calibrated and sharper thahe raw ensembles, which were unbtadited. The
Bayesian Model Averagingiedian forecasthad lower Mean Absolute Errdran

the ensemble median, and the Bayesian Model Averaging predictiveR&Fs

substantiy lower CRPS than the raw semble.

Chmiele&i and Raftery (2010) studied the application of BMA on the probabilistic
visibility of forecasts. In the study the researcher used three methods to generate the
PDFs for the visibility, while all methods they used BMA to ppsbcess an
ensemble of visillity forecasts. These methods were applied to 12 hours ensemble
forecasts from 2007 to 2008 and they were tested against observations records at
Automated Surface Observing Station (ASOS) in the Pacific Northwest.

Results of the three approaches produpestliictive PDFs that are calibrated and

sharp compared to both climatology and raw ensembles.

Soltanzadeh et al., (2011) conducted a study-om surface temperature forecasts
over Iran by using Bayesian Model Averagifidie study usedmulti-model multi
analysis ensembléor 5 months interval, where the performance of the predictive
forecasts PDFs were evaluated by uskR@C and reliability diagrafmithe main
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results showed that the BMA method is the most effective at reducing but not all the
underdispersion presented by the raw ensemble and thus obtain higher reliability in
the probabilistic forecasts thatudd be used in an operational framework. Thus the

use of weighted ensemble means resulted into BMA forecasts to perform nearly

continually better than the best members deterministic forecast in the ensembile.

Aggarwal and Kumar (2013) conducted a comprehgme evaluation ofNWP
modelsand showed thatrrors in preliminary situations may be dealt successfully by
slightly perturbing the observation. The model outputs with marginally different
initial conditions may be averaged to get the very last outpug Wwegrdoing so it

improves the forecast skills.

In dynamical modeling the errors in preliminary situations arise out of wrong
observation, incorrect calibration or due to finite reminiscence of the virtual device
available with the researcher. These are dealt with the aid of applying perturbation to
the initial commentary. Several initializations are important for chaotic gadget
because errors tend to grow with time.

In recently, precipitation forecasts are normally based on forecasts ensembles from
NWP models. However, even modatay ensmbles prediction systems are
uncalibrated and bias, and thus the researcher proposed statistical postprocessing
technique as the strategy aiming to calibrate the ensemble output.

Frei (2012) conducte@d research on quantiles as the pmsicessing methodof

probabilistic forecasts of precipitation.

The e studyproposéd a singular manner of poptocessing forecast ensembles for
precipitation based on quantile regression. Even though traditional quantile
regression has been learneg&rform properly, separatefitted regressions are not
constrainto be mutually steady and the approach does not yield predictive densities.
To overcome thiproblem,the studyproposed two-step technique which model

i.  The possibility of precipitation incidendsy using logisticregression

ii.  The precipitation quantities using logrmal distribution.
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The techniques werearried out to 48 hours forecasts of 24 hoprecipitation
accumulation over the dfth American Pacific Northwest while usirapllege of
Washington masscale ensemble.

The ensuing probabilistic forecasts endpspducingcalibrated than thendividual

ensemblddeterministic forecasts) and a referefarecast(climatological)

Bhowmik and Prasad, (2008) conducted a research on Limited Area Model (LAM)
forecasts with the aim of improving India Meteorological Department (IMD)
operational forecast#leteorological Department of Indleas leen using a LANMbn
operational basis for the forecast up to 48 houth lateral boundary conditions
from the Global $ectral Model (GSM) (180) run of the National Center for
Medium Range Weather Forecasting (NCMRWF).

In the study, modifications were made to make the model flexible and delinking it
from the NCMRWEF. By doing that it allowed the use of initial and boundary
conditions directly from other source. Thus the researcher used datasets from Global

Forecast System (GFS) with 200Km resolution.

The difference between the modified model, operational model and the observation
were evaluated quantitatively. The modifianodel, which was the result of
improved resolution of LAM and use of better initial and boundary condition (GFS)
ended up been capable of providing reliable numerical guidance on the occurrence of
heavy precipitation in the interval of 48 to 72 hours.

Moller et al., (2013 proposed the use of BMA and copulas as the pastessing
methods for ensemble forecasts in order to acquire a combined prognostic
distribution of weatherThey applied existing BMA postprocessing approaches to
acquire esmated margial distributions. However,implementing of these
approaches individually produe® information concerning the joint distributidn.

order to counter the problethe researchergsal Gaussian copula, which gie
simple technique for recuperating the eigence that are lost in the es#tion of

the ensemble BMA marginal.

These approaches were applied to 48 htarecasts of five weather variables using
the eightmembesof University of Washington mesoscale ensemblédhe method
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sused improvement in theéepemencies between weather variables as the results;

theyimprovedcalibrationand sharpness on both the individeasembils.

Palmer (19999c onducted a study on Apredicting
and c | Theanpedictability in weber forecastingarises from the vast
dimensionality of the climate system, thus in the study researcher proposed a
techniquesthat generatd ensemble perturbationthat capture the uncertainty.
Strength whereplaced on theuse of singulawector approacheso regulate the
linearly unstable component of the initial probability density functidmd
operational ensembles prediction systems for dageasonsand decades were
evaluated.

Findings show thatensemble forecastsan be use@s input to asimple deision

model analysis. Butprobability forecasts of weather and climate have greater
potential economic value than corresponding single deterministic forecasts with

uncertain accu racy.

Moller (20149, evaluated the use of postprocessing methods in weaitgmasting.

The researcher argued that, currently emphasis has been put into the uses of
ensemble prediction system in weather forecasting. However, uncertainty in NWP
system has proven difficulty for ensemble forecasts to capture the true unforeseen
naure of initial and boundary conditions to be used in the modeling process. To
account for this problem the researcher introduced BMA and EMOS statistical
postprocessing methods to improve inter variable and spatial dependencies from the

novel ensemble fooasts.

The multivarate postprocessing procedure thatas used tanodels intewvariable
dependence uses the UWMEnmber forecast ensemble over the North West
region of the US. Whilehie sp#ial post processing procedures wapplied to
temperature formasts of the ECMWF 5thember ensemble over Germarnghe
findings showed both multivariate and spatial approaches yield excellent calibration
and sharpness results in comparison to individual ensemble. Furthermore, the

techniques were able to capture thatis structure of observed fields.
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Berrocal et al., (2007) applied probabilistic weather forecasts in the winter road
maintenance in USADuring winter seasons in USA icing became challenging
especial to the department of transportation. Thus;i@ng (chemicals) is crucial
during winter season, although given the nature of-ieimy agents precision in
forecasts of the road ice is essent@lrrently, anticing assessments are generally
based on deterministic weather forecasts. However the coste divo types of
inaccuracy are highly unequia¢écause the cosf a road closure due to ice is much
greater than that of taking aiting measures. As a resuthe researchers proposed

the use oprobabilistic forecastm orderto optimize decisionmaking.

The researchers used two approadbeforecasting the probability of ice

i.  Deterministc numerical weather predictions
This method was used to generate the predictive PDFs of temperature and
precipitation. The resudtwere used to formulate the gbability of ice,
defined as the occurrence of precipitation when the temperature is below
freezing.

ii. Bayesian method via Markov Chain Monte Carlo
This method was used to estimate the model parametetbeoEpatial

dependence between forecast errors &traifit locations.

Both approaches were evaluated to compiduer probabilistic forecasts with
observations of ice formation for Interstate Highway®®ashington State in USA
for the 2003 to 2004 and 2004 2005 winter seasond.he findingsshowed tha
using probabilistic forecasts coulik used tesave a significanbudgetcompared

with deterministic forecasts.

2.3 Conceptual framework
Ensemble Prediction System (EPS) forecasts are designed in different ways, in this
study EPS forecasts were genedady running one NWP model (WRARW) while

use different Global Climate Models (GPM) as varying initial conditions.

Like deterministic forecasts, ensemble prediction systems faces similar problems in

producing calibrated forecasts. However, raw ensemldes nothing but
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deterministic simplification of the atmospheric reality, since the process of selecting
Initial Condition (IC) fails to randomly sample the current atmospheric state.
Therefore, raw ensembles forecasts capture certain amount of uncertdnatiare

involved in the weather prediction.

To solvethe problems associated with raw ensembles, researcher used Bayesian
Model Averaging as sttical postprocessing method in ordeprimduce forecasts
which arecalibrated, that iprobability foreasts in form of predictive PDFs over the

future weather events.

Figure 2.3 Conceptual Framework
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18



CHAPTER THREE
RESEARCH METHODOLOGY

3.0 Introduction

This chapterprovided the information onthe methods that were uséd create
ensemblegorecasts foparameters (pogpitation and temperature) dhe SAGCOT
regions ofTanzaniaHowever narration othe study areandbounday for the data
to be clippedand geoprocessing environment sedre dscussed methods for
preparing both forecasts and olvs¢ion data for analysis wees welldescribed.

This chapteralso discussd the methods sed in downscaling the dateom global
scale. Moreover, description of different initial and boundawpdition that were

used with their spatial resolution in relation to coordinate system and projection that
cover the study arewere explained. After preparation of data, elaboration for
statistical postpragssing methal (BMA) that were used to evaluatéhe raw

ensembles will bepecified

3.1 Research design

Accordingto Churchill (2002) research design is a master plan specifying methods
and procedures for collecting aadalyzingthe required data. In order folfill the
studytheresearch design wassed to obtain the required information. Kothari (2006)
defines descriptive case study research design concerted with describing the
characteristics of a particular individual or of a group, and determining the frequency

wi th which s o measdodiatedwito someathmgelse.r it 6s

The researcher will usdescriptive research design, because in descriptive design
major emphasis is describing the characteristics, specific predictions and narration of

facts concerning individuals and groups

3. 2Desciiption of the study area
Tanzania is roughly located in East Africa between latitubfesand 12° S and
longitudes29° and 41° E, with the area approximately 945,000°. The vast size

of the country yield to different geographical and topographical features which

resulting to different rainfall patterns and variety of temperature in the country. The
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two major rainfall seasons that are characterized in Tanzania mainland are namely;
bimodal and unimodal seasons. Bimodal rainfalls seasons are divided into long and
short rainfalls, where the long rainfalls are starting from March to May (MAM)

l ocal |l y rkasikew,n aansd fAis hor t rainfall seasons
December ( OND) wulmc alUny momdew @&aBons ar e
single long rainfallstarting from November to April (NA). In Tanzania areas for
unimodal areas are southesouthwestermighlands, central and western areas while
bimodal areas in Tanzania include northern eastern highlands, Lake Victoria basin,

northern coast areas andih@rn areas.

Moreover, distribution of temperature in the country followed pattern of altitude.
Areas around Coastal regions (Dar es Salaam) have high temperature due to low
altitude from the sea level, and low temperature in Southern highlands araf part
Northern regions such as Njombe and Kilimanjaro respectively due to high altitude

from the sea level.

In this study, the exgiments from WRFARW model focused on Southern of
Tanzania area between latitué€sand 12° S and longitude30° and41° E, with
objectve of evaluatingSAGCOT regions. SAGCOT regions are characterized with
low lands, mountains and river basins, which offers potential for agricultural
activatesWhere month oMarchwas chosen because was found to be the maximum

month of rainfall around tnSAGCOT regions.

20



Figure 3.1Domain of the study

Latitude

40°E

Longitude

Source: Research design, (2018)

3.3Data and data sources
The studyusal the sample of 18ifferent precipitation and temperature d9% to

15 March 2017)The study usedorecasts and observatidiatg both of which were
collectedfor the same forecast time and duration over the same location.

3.3.10bservations data for rainfall and temperature
The study usedaily observations for rainfallrel temperate coveredthe peria of
15days i.e. from 0000UTC Ob 16 March 2017 fo6 meteorological stations. These
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data were obtained from Tanzania Meteorological Agency (TMA) headquarters

located at Dar es Salaam.

Table 3.1 Weather stations

No. | Station Latitude Longitude
1 Morogoro -6.90 37.70
2 Mahenge -8.60 36.70
3 Iringa -7.70 35.70
4 Mbeya -8.90 33.40
5 Songea -10.68 35.58
6 Sumbawanga -8.00 31.60

Source: Research finding2018)

3.3.2Initial and boundary conditions

Initial and boundary conditions used in WRRRW model are the following:

U Global Forecast System (GFS) datasets
The Global Forecast System is the weather forecast modeling that produced gridded
dataset that cover the entire earth, produced by Centdenfimonmental Prediction
(NCEP). The GFStake into consideratiorvarieties of variablegnging from
topographical to atmospherically variables the production of forecastum of
which are atmospheric ozone, precipitation, windslevation, solar radian,
vegetation typeand temperaturesin the study GFS gridded datasets beeen
00Z01032017/0021%32017 with horizontal resolution of 0.25 degree (approx.
25km) and 1 degree (approx. 100kmre downloadedas initial conditions for
WRFARW downscaling. Bdt datasetsweravailable at 3 hours interval in the first
10 days and 6 hours im&l in the last 5days, at National Operational Model
Archive and Distribution System (NOMADS).

U Final Analysis (GFSFNL) Data Sets
Final Analysis (FNL) and GFS models astated were both models are products of
NCEP. However, these models yield different products from the same data
assimiation and forecast system. The differemcéhe result of Final Analysis model
(FNL) incorporates about 10 percent more observatioas BFS; resulting from
delay of 60 to 90 minutes of FNL in the initialization so that model can include all of

the available observations datln the study, FNL gdded d#asets between
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00Z0103201700213%32017 with horizontal resolution of 0.25degree (agp

25km) and 1 degree (approx. 100km) wel@vnloaded as initial conditions for
WRF_ARW downscaling. 8th datasets werevailable at 6 has interval, at

National Operational Model Archive and Distribution System (NOMADS).

U Climate Forecast System (CFSata Sets
In the studyCFS datasets will be downloaded in between 01 and 16 March 2017 with
horizontal resolution of 1 degree (approx. 100km) in Surface and Radioactive Fluxes
(FLX) and 0.5 degree (approx. 25km) in Pressure Level Data (PGB) were they all ar

available at 6 hours interval.

3.4Experimental of the model

Since forecast datasets from Global Forecast Products and Reanalysis Data are
produced in low resolutions i.e. 58kand 100km, experiments waenducted to
downscaldo high resolution on the study area during the research period.

Experiment wasconducted by using the Advanced Research WRF version 3.9
covering thestudy domain with the aim of analysis SAGCOT regions specifically;
Morogoro, Iringa, Mbeya, Rukwa and ®Ruma regions in the period of 0000UTC 01

to 16 March 2017. Theesolutionfor the WRFARW experiment used in the study

was 10km

3.4.1Reanalysis Data for WRF Model Initialization
In order b initialize the WRF model for the Southern and Eastern of Taazani
regions presented infigure 3.1, both global model products and reanalysis data
provided the required meteorological fields for initial and boundary conditions.
Three Global Model Products (GMP) and Reanalysis Data (RDYifferent
resolution werausedto initialize the WRF experiments for SAGCOT regions in the
period of March 2017:
U Global Forecast System (GFS) the product of The National Centers for
Environmental Prediction (NCEP) at 25km and 100km resolution, all are
available at 3 hours interval indHirst 10 days and 6 hours interval in the last

6 days.
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U Final Analysis (FNL) the product of NCEP with data from National
Operational Model Archive and Distribution System (NOMADS) at 25km
and 100km spatial resolution all available at 6 hours interval.

U TheNCEP Climatg~orecastSystem Reanalysis (CFSR) at 100km resolution
in Surface and Radioactive Fluxes (FLX) and 25km in Pressure Level Data

(PGB) were they all are available at 6 hours interval.

3.5 Statistical postprocessing method for ensemble forecasts

Numerical Weather Predictions (NWP) is the standard methods of weather forecast
based on single model selection. These methods ignore models uncertainty and lead
to underestimation of uncertainty when making inference (Hoetirad, 1999). To

tackle theproblem of uncertainty in the model, system of equations resulting from
the use of WRFARW with different initial resolutionand boundary conditions were

usedto create ensembles, whiphovidel the best possible solution in the inferences.

Ensemblsfore@sts allow for probabilistic forecast taking the form of predictive
probability function (PDF). But, raw ensemble forecast system are finite hence they
does not provide full PDFs for ctmuous quantities (Moller, 2013 However,
Ensemble Prediction SystefBPS) has evidenced shown systematic errors (forecast
errors) similarly to those in NWP. Where most of raw ensemble shows a positive
spreaeerror correlation, while at the same time being uncalibrated (Feldmann,
2012), therefore they only capturens® ofthe uncertainty of the atmospheric stiate

the study the researcher udgdyesian Model Averaging (BMA3s themethod of

postprocessing to maximize sharpness of the parameter and calibration.

3.5.1Bayesian Model Averaging

BMA is a standard statisticapproach for combining competing statistical models
and has a broad application in e.g. sqag@lonomic, financiahnd health sciences
(Hoeting et al., 1999). Its advantage over other techniques, such as conventional
regression analysis, is based on thet taat BMA makes use of multiple models, in
contrast to methods whictolely use a single model that is deemed to be the best.
Only using a single model often leads to an underestimation of the uncertainty in the
process ofnodel selection. In this studthe researchdollow the extension of BMA
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from statistial models to dynamical model®r the purpose of producing calibrated
and $arp predictive distributiondRafteryet al.,2005)

The following demonstrate how BMA wasised to statistically pogtrocess
forecassof ensemble thatis transforming ensemble output into wedlibrated

probabilistic forecasts in form of predictive PDFs of future weather quantities.

3.5.1BMA for temperature

Let y_ denotes the weather quantity of interest dnd,, f.,..., f,, representshe

M
ensembles forecast of a quantity for a given time and location.

In the case of a quantity, to be forecast on the basis of training dgtausing M

statistical modelsf, f,, f,,..., f,, the law of total probability tells us that the forecast

PDF, P(y,)is given by

p(v.)=a ply.11,)p(1,1)

where,

o(f 1y7)= p(yllfm)p(fm)
(v172) & olyite ol

is posterior distribution of ensembles forecast and the likelihood distribution is given

as
p(Y, | )= OP(Y. 17, f,) P T )T,
Therefore,p( Al fm)is the forecast PDF base on the mdc%elandp( fl yl) is the

posterior probability of modef being correct given the training data, and reflects

how well modelf  fits the training data. The posterior model probabilities add up to

M
one, so tha@ p(f, |y") =1, and can view as weights.
M=1
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The Bayesian Model AveragingDFs giveseach individual model, weighted by
their posterior model probabilitieBromthe models,we extend BMA to dynamical

models, where for a given forecast ensembles there exist the best model that we do
not know. From given equation given thhj is the best forecast in the ensemble,
then the BMA predictive model is given by
3
Py |, 0 foe B ) =@ W, 9, (Y, [ F)
M=1

wherew,, is the postaor probability of the forecasM being the best one and is

based on forecad¥l's performance in the training period and sinveg probabilities

M
are nonnegative thus they sum up to 1 , that/v,i,?,,:é p(f, |yZ):1.In BMA

M=1

model, normal distribution will be used to model tempemmtherefore, linear

function of the temperature forecast is presented in formofq, f,, for each
ensemble member. Moreover, andq,, are the bias correlated parameters, where

9y (Y. | f,,) is a normal predictive density function (PDF) with megn+q,, f,, and

standard deviatios . Thus, BMA predictive function is written:

M
p(y | f.f,....T,)=aw,(v, +q,f,)

M=1

And the overall variance of quantity of interest in BMA is given by

~

M
Wi &V +q|v|s)' a W (VM +Qy st)g +s’
1 c M=1 -

Qo

Var (Y, | e T ) =

T Qo=

where between and within forecast variance are presented in the above expression

respectively.

3.5.1. BMA for Precipitation
For pressurewind speed and temperature, the conditional PDF can be fit reasonably
using normal distribution. However, for precipitation conditional PDF cannot fit

using normal distribution. This is because distributions of accumulated precipitation
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are highly skewedi.e. nonnegative, were one of the assumption of normal

distribution is distribution are supposeltenormally distributed.

However, Sloughter et al. (2007) propose to model the component PDF of
precipitation as discrete and continuous mixture distoputd account for the large
number of zero observation in precipitation. Where the probability of precipitation
(PoP) is modeled as the function of forecast using logistic regression with a power
transformation of the forecast as the predictor variablel #e predictive PDF of

the amount of precipitation is specified as a gamma distribution.

The following demonstrate how BMA wassed to statistically pogtrocess
forecassof ensemblethat is transforming ensemble output into wedlibrated
probabilisticforecasts in form of predictive PDFs of future weather quantifiess,

according to Sloughter et al. (2007) gamma distributiga, b) is parameterized in
terms of sharp parametes and scale parameteb , given the amount of

precipitation is greater than zerdhen the BMA predictive PDF is given as the

mixture of distribution

9, (y| fM): P(Ys =0| fm) g + P(YSK)| fm) hm(ys| fm) -
wherey is the cube root of precipitation amouhf, denotes a gamma density in
terms of the cube root of precipitation amount d?r;}q)} the indicator function with
{1 oy =1if y| Dfor a desired seb and i o) =0 for yl A,

The probability of zero precipitation is modeled with a logistic regression approach
where the predictor variable is defined as cube root of the original forecasts

exp(v0m+v f 3%y a’)

Im m 2m™m

p(Y =01 1,)=
" 1+ exp(VOm + Vlm fri/3 + VZmdm)

wheref ;/3 is the power transformed forecat, andd_is an indicator variablehat

is equal to one of =0 andd_ =0 otherwise. The probability(y =0| f ) defined

27



the probability of nonzero precipitation given, conditional onf providing the

best forecast in the ensemble.
The predictive PDFgm(yI fm) of the cube root of the precipitation amouynt given
that it is positive, is specified as a gamma distribution

- 1 a1 ay
) Grgay 0

O: Ot

wherea =—71is the sharp parameter atl =

m

is the scale parameter of the

3%

gamma distribution. The mean and variance of the gamma distribution are

1/3 :
v, +v, f7° andc +c f_respectively.

Table3.2 The ensemble BMA kernke functions for temperature and

precipitation

Variable Range Kernel Mean Variance
Temperature 1 2 2
y N(ngn,s ) v, tv, f s
Precipitation amount yl/3T . G(S b ) v +v f 1/3 c +c f
m’Tm Oom im m 0 1'm

Source:Research design, (2018)

Table 3.2providesthe summaryfor the BMA models that werased in this study
and their properties. Btimation for these BMA modelsvasmplemented in R
package ensembleBM@R Development Core Team, 2011 dfrdley et al., 2011).

3.6 Verification measures for probabilistic forecasts

The useof BMA as the statistical pgstocessingnethodshasiormallyincreasedhe
possbility of well-calibrated probabilistic forecastsn form of (PDFs) over
forthcoming weather quantiti@d/ilks, 2006.Thus, it is critical to assess the

predictive ability of these forecaststhe study

According to theanalyticalexampleof Gneiting et al. (2007), the objective whs
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maximize the sharpness of a probabilistic forecast swdnectits calibration.The
following are the methods used to evaluate the prognostic performance of

probabilistic forecas of raw ensenles and BMA for postprocessing method

3.6.1Verification of Raw Ensembles

3.6.1.1Brier Score (Measures Accuracy)

Thisis the common and widely method used to measuradtweracyof probabilistic

forecasts of dichotomous evefiteth and Kalnay,1997). In the studyBrier Score

was used tomeasures MSEof the probability forecastsgconsdering that the

observation id if the event occurs, and that the observation is O iéteat does not
occur. The BSaverages the squared differences between pairs @cdstr

probabilities and thesuccessivdinary observations,the following is the formula

for calculating Brier Score

where;

jis thenumber of the N forecasvent pairs

However, he BS can tale values in the rangg 0 Y p, and is negatively
oriented, i.e. perfect forecasts exhibit BS = 0. Leseciseforecasts shovhigher

Brier scoresnote however that it weights large errors more than small ones.

3.6.1.2Reliability Diagram (Measure @libration)

Theseare graphical dewes that sanctiormmediate visuahnalysisof unrestricted
andrestrictedbiases that mayebexhibited by the forecasts. They show the full joint
distribution of forecasts and observations for probability forecasts of the bmary

terms of its calibation-refinement factorization

Reliability diagram wereused tomeasures the agreement between predictand
probabilities and observed frequencies, in order to measutbe forecasts are
calibrated. In order to obtain @erfect calibration, the binned foast probabilities
and the observed frequencies should be equal, and the plotted points should lie on the
diagonal.
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3.6.2Evaluation of probabilistic forecasts

3.6.2.1Mean Absolute Error (MAE)

In the studyMAE wasused tospecify the mean absolute diffecenbetween the
predictive median and the realizing observationlse following below show the
distribution of MAE

a & '@N

p
UTST%

where is the mediamf the predictive distribution.

3.6.2.2 The Verification Rank Histogramand Probability Integral Transform
(Measure alibration)

This methodwasused to evaluateaw ensemble forecastsy plottingthe frequency
of the observatiamn ranks within the forecast ensemblerhe distributions of
histogransplotshelps in the interpretation weskewed histograms indicate certain

bias and cdbrated ensembles produce a unifdristogram.

Howeverit is important to not¢hat a uniform histogram does not essentially denote
a skilled forecast, thus rank uniformity ¢sucial but not sfficient criterion for
defining that a ensemble is reliahle

Moreover, probability integral histogram was usednteasure the calibration of the
density forecastdf the anticipated distribution i identical to a hypothetita At r ue o
distribution, the value of the predictive CO#n the obsevation x has a uniform
distribution

B Ow*x “Yrip

For perfect calikation, the histogram of all PIWalues p, omputed for all forecasts

has toshow a flat form. Deviations from uniformity can be used to diagnose

aggregate deficiencies, as they are both smootimderstand and to interpret. A-U

formed histogram shows overconfidence, in that the spread of the underlying

predictive distribution is simply too small, and the predictive distribution is under
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dispersed. An ovedispersed distribution reveals itself in anfpufashioned diagram,

with too many observations inside the middle of the distribution.

3.6.2.3Scoring Rules (Measure accuracy

Wilks (2006), definedScoring rulesas themethods thaheasuresaccuracyof the
density foreestsby assiging penalties depeilg on forecast accuracy, and can be
used to compare competing forecasting methbdshe study the researcher used
continuous ranked probability score to assess the calibration and sharpness
simultaneouslyfCRPS isexpressed by

oi fch Ow w7 Qb

where
F is the cumulativelensity functiorrelatedwith the predictive distribution D, and

is the observation.
In the ensemble forecasthge predictive distributioi® placesa point mass of of

the ensemble membérsfi hé 7 N 'Y, the CRPS can be assessed as

Giws BT 1 T /1
But for thenormaldistribution with parametetis * h,  thereexists a closed form of
the CRPS with the distribution

@i pith 6 T—v:FT— P c-T”‘ %
whereF (.) ande 8 are the cumulative and probability degsfunction of the

normal distrbution respectively (Gneiting et al., 2005).
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CHAPTER FOUR
PRESENTATION AND DISCUSSION OF FINDINGS

4.0Background of the findings

Regional Climate Models (RCMs) are the commonly used methods for downscaling,
which generate highesolution information aboutestimated climate changes
situations from Global Climate Models (GCM). Thus RCM produces-tegblution

in a particular region by solving the atmospheric weather equations governing the
region while using GCM output as the initial and boundary conditind.postulate

highly resolved climatic information that the GCM cannot capture.

The increasing climatic and weather changes have demanded ferebajition
informationds, where precipitation and

interest in dferent sectors mainly agriculture in Tanzania.

Table 4.1 Summary of the GCM used in the formulation ofaw ensembles

Global Climate Model Resolution Produced

GFS 25Km and100Km Centers for Environmente
Prediction (NCEP)

GFSFNL 25Km and 100Km Centes for Environmental
Prediction (NCEP)

CFS FLX-50Km/ PGB100Km Centers for Environmente

Prediction (NCEP)

Source:Research findings (2018)

4.1 Evaluation of initial and boundary conditions resolutionsin model accuracy

forecasting

4.1.1 Fivedays accumuated WRF-ARW rainfall (mm) Initiated by GFS dataset

and CFS

The objective of this studywas to evaluate the initial and boundary conditions
resolutions in model accuracy forecasting. Where initial conditions for raw
emsembles forecasts of precipitation were assessed to measure the influence of

resolution in model accuracy forecasting.
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The results are presented in figure 4.1 below which shows the maps for 5 days
accumulated rainfall (mm) initiated by GFS (left column}fhw25KM resolution
andCFS (righ column) with 100KM resolution. Both forecasts show spontaneous
increase of precipitation from 1 to 15 March 2017, while CFS forecasts shows more
rainfall in the region Southern Highlands with up to 225 mm. GFS forecasis sh
more dry and shallow rainfall in the coastal regions during the first 10 days and high
rainfall in the Southern Highlands during thé"16 15" March 2017, while central

regions received shallow rainfall (less than 50mm).
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Figure 4.1 Five days accumulated WRFARW rainfall (mm)
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4.1.2 Fivedays accumulated WRFARW rainfall (mm) Initiated by FNL dataset

Figure 4.2 below shows the maps for five days accumulated rainfall (mm) initiated
by FNL (left columm) with 25KM resolutionand FNLIright column) with 100KM
resolution. From the maps both forecasts show shallow precipitation and dry areas
across coastal regions froni fio 5" March 2017, and between .@o 15" March

2017. However, during™to 10" March 2017 both forecasts show heavy rainfall in
Southern highlands with up to 225 mm and shallow rainfall across other regions.
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Figure 4.2 Five days accumulated WRFARW rainfall (mm)

5 Days Accumulated WRF-ARW Rainfall [mm] 5 Days Accumulated WRF-ARW Rainfall [mm]
Initiated by FNL Dataset with 25KM Resolution Initiated by FNL Dataset with 100KM Resolution
from 00Z201032017-00Z05032017 from 00201032017-00Z205032017

36°E 38°E

Longitude

36°E
Longitude

5 Days Accumulated WRF-ARW Rainfall [mm] 5 Days Accumulated WRF-ARW Rainfall [mm]
Initiated by FNL Dataset with 25KM Resolution i
from 00Z205032017-00210032017

Initiated by FNL Dataset with 100KM Resolution
from 00Z205032017-00Z10032017

225
s 200
175
150
B
£ £
g 100 £
75
50
11°s
25
36°E 42°E GE i e 0
Longitude Longitude
5 Days Accumulated WRF-ARW Rainfall [mm] 5 Days Accumulated WRF-ARW Rainfall [mm]
Initiated by FNL Dataset with 25KM Resolution Initiated by FNL Dataset with 100KM Resolution
from 00Z210032017-00215032017 from 00Z210032017-00Z15032017
s '.’ : X) ~
/.
0% ,
3 ¢ \
2" ~
E S gk
jgea
s ¢ 7 -
. M PR N ’
DO I
32°E 34°E 36°E 38°E 40°E 42°E 36°E
Longitude Longitude

Source:Research findings (2018)

36



4.1.3 Pearson rrelation matrix of precipitation between raw ensembles and
observation

In order to assess the initial and boundary condition used, the Pearson correlation
matrix was calculated to measure the degree of relationship between the raw

ensembles forecasts aaldservations.

Table 4.2 presents the results of Person correlation matrix, were the findings shows
there is poor correlation between individual raw ensembles and observation. As the
highest correlation between raw ensemble forecast (GFS_25KM) and dioserva
was 18 percent. Thus, based on the correlation findings, GFS_25KM provides
calibrated and sharpness forecasts on precipitation compared to other raw ensembles

used.

Table 42 Correlation matrix for 24h accumulation precipitation of raw

ensembles andbservation
GFS_25KM GFS_100KM CFS_100KM FNL_25KM FNL_100KM obs

GFS_25KM  1.00 -0.06 0.36 0.096 0.12 0.18
GFS_100KM - 0.056 1 0.13 0.087 0.19 -0.04
CFS_100KM 0.36 013 1 0.19 0.13 - 0.06

FNL_25KM  0.10 0.09 0.19 1 0.70 0.11
FNL_100KM 0.12 0.19 0.13 070 1 0.15
obs 0.18 -0.04 - 0.06 011 015 1

Source: Research findings, (2018)

4.2 Maximum and minimum 2m surface temperature
The initial conditions for raw ensembles forecasts of temperature were also assessed

to measure the influence of resolution in model accuracy forecasting.

Results in figure 4.3 below show maps for maximum (12Z0103p&nd minimum
(00Z201032017) temperature initiated by GFS_100KMGFS 100KM and
FNL_25KM resolution. Forecasts initiated by GFS, CFS and FNL with 100KM
resolution show similar results in the maximum forecasts. The forecasts show high
temperature around tle®astal regions, with more than 30in regions such as Dar

es Salaam and part of Morogoro while other remaining parts of the regions ranging

from 163 to 253 . However, while vast coastal areas shows high temperature
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during the day the maps show low temperature around southern highlands with up to

163 at Mbeya region.

The GFS, CFS and FNL with 100KM resolution forecasts show similar results in the
minimum forecasts, where areas around southern highlands temnperature
ranging from 123 to 203 . In the coastal areas the results show temperature
ranging from 2@ to 263 .The spatial variability in initial condition and resolution
used in weather forecast i®nrayed by the results of FNL_25KM forecasts. The
high resolution of the initial condition used helped the forecasts to provide detailed
results. The results show the maximum temperatanging from 23 to 303

around the coastatgions and 12 to 203 around Southern highlands.
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Figure 4.3 2m surface temperature by WRFARW (Deg JC) at 0021002017
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