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ABSTRACT

ESTIMATION OF WHEAT YIELDS BY USING REMOTELY SENSED
AND MODELED AGRO -METEOROLOGICAL DATA -DRIVEN
STATISTICAL AND CROP GROWTH MODELS

Bulut, Burak
Doctor of PhilosophyCivil Engineering
SupervisorAssoc. Prof. Dr. M. Tujrul Y

June 2021200pages

Estimation of wheat yield is essential not only for agricaltsectors but also for
making economic and strategic decisions at the national level. In this thesis, wheat
yield estimation was carried out on the cities and districts where the highest wheat
production is made with rainfed agriculture in TurkeyandkrlGGEM r es ear c h f a
Two different modeling approaches were evaluated within the scope of the thesis; a
statisticalmultiple linear regression (MLR)nodel based on analysis of possible
agrometeorological variables and periods that affects wheat yield arap growth

model (AquaCrop)adapted to regional operation. Wheat yields were estimated on
the study areas using giithsed agraneteorological data obtained from remote
sensing and reanalysis sources. The performance of both models has been validated
usng independent validation methodghe AquaCropadapted for regional wheat
estimation validation statistics were calculated as 40.6 kg/da RMSE elnasieyl,

47.3 kg/da on distriebased, and 79.2 kg/da on fabrased models. In addition, the

r? values wee calculated as 0.78, 0.65, and 0.69 for the city, district, andifased
models.The MLR model statistics for the prediction year 2019 were calculated over



cities, districts, and farms as 28.5 kg/da, 52.5 kg/da, and 74.6 kg/da RMSE, and the
r? values wee calculated as 0.90, 0.82, and 0.59. The results obtained from the study
show that wheat yields are predicted consistently in both model approdtiees.
results obtained from the study show that wheat yields arecprddionsistently in

both model appraches

Keywords: Crop Modeling, Regional Wheat Yield Estimation, Remote Sensing,
Genetic AlgorithmAquaCrop
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Oz

UZAKTAN ALGILANAN VE MODELLENEN AGRO -METEOROL OJ KK
VERKLERE DAYAL|I KSTATKSTKKSEL VE BKTKK B
KULLANI LARAK BUJDAY VERKWKNEKRKNKN TA

Bulut, Burak
DoktoraKnkaat M¢hendi sl i 7]
Tez YoneticisiDo - . Dr . M. Tujrul Yeéel maz

Haziran 2021200sayfa

Bujday veriminin tahmini sadece tarém se
duzeyde ekonomik ve stratejik kararlar almak dgdnemlidir. Bu tezde, Turkiye'de

kuru tarémla en fazla bujday ¢retiminin
-iftliklerinde buj day verim tahmini y a|
model |l eme yakl akémé dej er |lenydeint il @seeai r ;
met eoroloji k dejikkenl er i n tistikeel ki tmodelml er i n

¢oklu lineer regresyon MLRy e b°l gesel woyarkba&nmak éekimaya
b¢yeé¢me model i (AquacCrop) . Uzakt adan al gél a
el de edil en grid tabanl é tar @émsal me t €
al anl aréndaki bujday verimler:i tahmin ef

baj éeémseéz dojrul ama y°ntemlBoligelsel | amujl da:

tahmin icin uyarlananAquaCropd oj r ul a ma , i skteahtiirs thiakzlleé& i mo
40.6 kg/da RMSE, il -e bazl é& modell erde 4
kg/ da ol arak hesaplanméxteéer. Ayré&ca il,

dejerleri 0. 78k HMWeHvdplvenme vt9eérn.l a2019 t ahn

vii



istatistikleri iller, ilceler ve ciftlikler Gzerinde 28,5 kg/da, 52,5 kg/da ve 74,6 kg/da
RMSE dejerl eri ol’depkirbesa@IadomelRsd ve r

ol arak bul dalimeeltdaed aendi | en sonu-1ar, bujday
model yaklakéeménda da tutarl é& bir kekil de t
Anahtar KelimelerMa h s u | Model | eme, Bl gesel Bujday V

Al gél ama, Ge,AguaCGrdp Al gor i t ma
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CHAPTER 1

INTRODUCTION

1.1  Wheat and Its Importance

Wheat (Triticum)from the family Poacea®ne of the oldest and most important
crops, has thousands of known varietiésiong the most important varieties are
commonbread wheat (Triticum aestivum L.) and durum wheat (Triticum durum),
used for making past®@heat and wheat products form the basis of carbohydrates in

a daily diet and meet most daily enerdyheat alone cotisutes 20% of the total
calories consumed by humans, and with this feature, it provides more protein than
all other food sourcg#\ppels et al., 2018and this ratio is 53% in TurkdyUn a k € t a n
& Aydéen, 2018)

The history of wheat dates back to 10,000 yearsadggm it was first cultivatedand

the findings show that theheat is originated frorthe southeasrn partof Turkey
(Heun et al., 1997)The cultivation of wheat is also accepted as a major step of
civilization because it helped humans to change their lifestyle ¢attmering food
from hunting to settleagriculture(Peng et al., 2011)ts adaptation capacity allows
wheat to be cultivated in broad ranggsbally, such as Scandinavia and Russia at
67 N and 45 ,Seven im elevatagl eagibnis(Rekdman, 1995) Its
adaptability andigh yield capacity, and its conversion into a dough, which allows
the production of different food products with the gluten it contains, effectinely
its widespred production(Shewry, 2009)

According tothe Food and Agriculture Organization (FAO) statistigheat is the
cereal with the largest cultivation area in the world with 216 million ha and the

seconehighest production amount with 766 ol tons afterl.l1 billion tons of



maize production (FAOSTAT, 2020) In the graph below, wheat production

information for 2019 is given for the 15 countries with the highest production.
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Figurel.1 Top Wheat Producers Countries &19(FAOSTAT, 2020)

Wheat production of the 15 countries with thgh@st production constitutes 80% of

the total production worldwide. China has the lead with around 17.5% of total world
wheat production. Wheat production in Turkey, which is evaluated within the scope
of this thesis, is 19 million tons, constituting 2.5%the total production in the
world. According to 2019 FAO data, this wheat production sima&es Turkey
ranks 11th in global wheat production. In addition to the importance of wheat as a
human food and livestock feed, it is alswicial for countries' eonomes. Despite
being one of the largest producer countries in the world according to FAO 2019
statistics, Turkey is also the 3rd largest importer in the world with its wheat import
of approximately 10 million tons (approximately equal to 2.3 billion Ddlars).
Figure 1.2 shows the value of wheat production in the world and Turkey. According
to the statisticsthe highest value of wheat production determined in 2014 was
globally around 200 billion and for Turkey around 8 billion US Dollars. After 2014,
the decrease in global value is observed lower than the decrease in the value of wheat

in Turkey.
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Figurel.2 Value of Wheat Production (in Billion US Dollaf§JAOSTAT, 2020)

Thevariation of harvestedreas and production of whéafTurkey is givenmn Figure
1.3. After 2005, a significant decreasethre total harvested arezan be seenThe
total productionwas not affectedthat muchfrom this decreas most probably

because of thmmcrease irwheatyieldsafter 2005 about 25%

Production Area
25 10
23 95
21

9
19
17 8.5
15 8
13 7.5
11
7
9
7 6.5
5 6

1960 1965 1970 1975 1980 1985 1990 1995 2000 2005 2010 2015 2020

Production (M Tonnes) «=e=e=«Area harvested (M ha)

Figurel.3 Wheat Harvested Area and Production of Turie&OSTAT, 2020)



Considering the decreasing cultivation areas and increasing imports, it can be said
that the estimation of wheat yield in Turkey has strategic importance eaailymi
Wheat, which is grown in almost every part of Turkey except for the Eastern Black
Sea coastline, constitutéd.7% of the totalharvestedland accordingto 2019
statistics( T} KK, . ThHe tmapDglow shows the distribution of wheat production

in Turkey in 2019 by cities.
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Figurel.4 Wheat Production of Turkey for 2019

In addition to all this importance, it is also strategically important to examine the
growing conditions of wheat arebtimateits yield due to the increasing population
and the increasing effeaté global warmingThe area under cultivation, the amount

of production per hectareand the amount of wheat consumption have increased
sharply in recent years in most countries of the world, where it has gaifirst

place anong cereals. Hence, estimating crop yield before harvest can be an effective
aid for proper planning and policy in food preparation, distribution, pricing, as well

as import and export.

Therefore, the main research questions which guided this dissegiaa follows:



1 What is the effect of determining the modbminant spatiotemporal
agrometeorological variables for the regional scale wheat yield estimation?

1 How is the performance of regionally adapted and calibrated crop models by
using reanalysis dagats?

1 Which factors affect the performance of regionally adapted crop simulation
models?

1 Which model provides better consistency over different spatial scales and

climate conditions?

1.2 Literature Review

The importance of wheat as a nutrient and as a comahprodtct is given in the
previous subection. Therefore, estimating wheat yield or production value on a
regional scale is critical, especially from an econonécspective For decades,

many studies have been carried @rd continue withimprovement kg the
developing technology. The availability of remotely sensed -aggteorological
datasets and reanalysis data helped to overcome the insufficiency of observed data;
therefore, the adaptation of these datasets into crop modeling improved the accuracy
of the predictions. The literature on wheat yield estimation has &@esmined in

detail in this subection.

Crop productiomresults fronthe interaction of different plant processes and climatic
factors, quantification of these factpasid the study of #ir relationship to yield are
essential inextracting agrameteorological variables based orop models. Crop
models developed based on agmeteorological variables are a practical tool for
analyzing plant responses to environmental changes. Whereagntonal
statistical processes based on regression models are frequently used to evaluate the
coefficients that link plant physiological responses to-ageteorological indicators

(Baier, 1979)



Different stulies have shown that in finding the potential foe cultivation of
agricultural products in rainfed conditions atite total amount of rainfall, the
temporal distribution of rainfall shouldso be considered. Accordingtte study of
(Prasad et al., 200@)sed vegetation indices a®ll as soil moisture, air temperature,
and rainfall during the growing season to estimate corn yieltteilf®WA state of

USA showed that crop yields can be measured using vari@abpgscewise linear
regression methodith highly accurate before hartes) (R of 0.78).In another
study Michel & Makowski (2013rompared different statisticaodels in analyzing
wheat yield time series and demonstrated two main advantages of dynamic linear
models their ability to reconstruct past observed crop yields trendsamyield
uncertainties.In the study ofAlvarez (2009) the artificial neural networkand
regressiorapproackswereapplied using soil and climate factors to predict average
regional wheat yield and production in the Argentine Pamipisresults showed

that theANN approach explained 76% of the regional yield variabilithjle the
regression model performanaas 64%.Leilah & Al-Khateeb (20053tudied seven
statistical procedures to analyze thatiehship between Saudi Aralsiavheat grain

yield and its components under drought condgidinese statistical procedures were
containing simple correlation method, path analysis, multiple linear regression,
stepwise regression, factor analysis, priatipomponents, and cluster analysis.
Their results showed that the number of spikésimeight of grains/spike, harvest
index and biological yield were the most important yield variables to be considered
under drought conditions. In another stukgrn et al. (2018fonstructed multiple
linear regression models to simulate the crop yields of winter wheat, rapeseed, maize
and sunflowe in Hungary betweethe years 2002016. The validatiomesults of

their study showed that statistical modelald explainthevariance of observed crop
yields by 67% for winter wheat, 76% for rapeseed, 81% for marm 68.5% for

sunflower.

Crop growth and development calso besimulatedwith processhasedmodels such
as Aqu&rop (Steduto et al., 2012DSSAT (Jones et al., 200BWOFOST (van
Diepen et al., 1989)APSIM (Keating et al., 2003)Plant growth models mostly



focus on biophysical factors such as climate and soil condifidres.use of plant
growth models, especially in fielodased studies, amly focuses on the effects of
different irrgation, fertilization, and management practioesyieldby using these
models instead of field experiments. Regional application of these models has also

been conducted in several studies to estimate yield or production.

The Aqua Crop model is one of theost important crop models developed by the
FAO and is superior to other crop growth models due to its simplioitydetailed

input data requirements, practicalignd acceptable accuracy. Thbi®p model has

been used to simulate the growth and ymldarious crops such agheat barley,

sugar beetandmaiz§ Ahmadi et al., 2015; Heng et al., 2009; Katerji et al., 2013)
Within these studies, it was observed that the accuracy and efficiency of the
AquaQop model for simulating cropreacceptabl®n afield scale In the studyof
GarciaVila & Fereres (2012)the irrigaton management on farms is examined in
south Spain througthe AquaCrop model, where basedthe results of it, different
scenarios for reducing crop cultivated areas and increasing the price of crops based

on the changes in the amount of available wates proposed.

Due to the characteristics of the AquaCrop model, this model has also been used to
simulate a wheat cropdkhabela and Bullock (2012)sed this model to simulate
wheat yields in western Canada, where thesutlts showed that AquaCroputd
simulate crop yields with good accuracy (i.€?,dR0.66).Kale Celik et al. (2018)
evaluated the AquaCrop model for winter wheat under various irrigation conditions
in a selected farm iffurkey. Their results on the attainable yields of winter wheat
(Triticum durum L.) under four different irrigations showed that the AguaCrop
model simulates soil water content in root zone, canopy cover, grain yield, and above
ground biomass offheatreasmably well (with RMSE values of 21.1 mm for water
content and 0.34 ton/ha for above ground biomass).

Several studies have applied thguaCropmodel for regional crop yield estimation.
In the Igbal et al. (2014) study, tAguaCropmodel parameters werelitaiated and

validated using fielécale datasets and then revalidated with statistical wiviteat



grain yield of Shijiazhuang, China, with a high degree of accuracy (RMSE 0.41
ton/ha and Index of Agreement value of 0.60). Lorite et al. (2013) analleed t
impact of climate change on wheat yield in Southern Spain using his developed
utilities, which allowed to prepare inputs and spatial analysis for the regional
AquaCropmodel runs. However, these studies used Helsled calibrated model
parameers for egionatscale runs othe modekimulations umg the climate inputs

without calibratiorefforts (Han et al., 2020)

Both processhased and statistichlbsed crop wdels have their advantage and
disadvantages relative to each other. Statistical models provide crop yield using some
predictors (e.g., vegetation indices derived from remote sensing data, meteorological
observations)requiring few data inputs. Althoughtatistical models are easy to
implement, they suffer frora lack of robustness and generalization abilifpgan

et al., 2013) Moreover, statisticdbased crop models hagv depend @ the
availability of datasetased in their development sta@n the other hand, process
based modelsequiremanyinput variables related to the management practices of
the crop in the region (e.g., sowing date, fertilizer amount, irrigagipplications,
harvest timg. Hence,the application of such models without proper calibration

would also lead to nerobust results.

The systematic review study @chauberger et al. (2020)ovided comprehensive
information about regional crop yield estimation studies in the literature. The study
evaluated 326 regional yield estimation studiegardingtheir methods, results,

input datasets, ral validation efforts. Their results showed that #neerage
observation yield was around 11.7 years, and most of the studies laekl af
independent validation efforts. Another interesting finding of their review study was
thatonly 30% of the studiehswed their estimation performance measures such as
R?, RMSE, or similarFigure1.5 shows the input categories per model type used for
regional crop yield estimation studies. According to the figm@stof the reyional

crop estimation studies used statistical models, and remote sensing inputs were used

as inputs in most of the studies.
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In addition to the studies carried out by researchers with their working groups, there
are also international projects aiming to carry out regionalcandtrywide crop

yield estimation studies. In general,gberojects aino provide an early prediction
product to the endser by combining the methods and results of studies conducted

in different regions under a consensus.

The MARS (Monitoring Agricltural Resources) system in Europe has been
providing monthly bulletin about cregelated agreclimatic conditions and crop
yield forecasts for European union member countries since 1993 by using runs of
WOFOST crop model based on gridded datcerf et al., 2019; van der Velde et

al., 2019) In addition to the EU membeogntries, since 2017, information has also

started to be provided about neighboring countries.

Following the United Nations 2030 Agenda for Sustainable Development, the NASA
harvest program was established in 2017 with the collaboration of the Univérsity o

Maryland and the NASA Applied Sciences Program to improve impact on three



areas: agricultural land use, sustainability, and product{ityK. Whitcraft et al.,
2020) The program implements earth observatiased methods to provide
information on crop type mapping, crop condition monitoring, and yield estimation
and forecasting to the ender.

The Group on Earth Observat®i&Global Agricultural Monitoring (GEOGLAM)

crop monitor for Agricultural Market Information System (AMIS) aims to provide
crop status, growing conditions, and aghonatic conditions which mighgffecton

global production of four primary crops (wheate; maize, and soy) by using earth
observationgBeckerReshef et al., 2019; A. Whitcraft et al., 201B)e main idea
behind the GEOGLAM is to combinetional, regioal, and globalkrop condition
monitoring originated from independent organizations, universities, and space
agencies. The provided information at a national or global scale helps to improve
food security and increase agricultural market transparency. Mametne Crop
Monitor for Early Warning (CM4EW) is developed under the GEOGLAM in order
to provideacountryscale early warning response before it turns out a ¢Bsisker
Reshef et a) 2020)

1.3 The goal of the Study

The study aims to estimate the wheat yield on a regional scale, for which it is
important socieeconomically to be known beforehand. For this purpose, in addition
to the statistical modeling, which is frequently used inliteeature, theAquaCrop
model, which is a crop growth model developed for figdded use, is also adapted

to run regionally to obtain estimates for the cities and districts in Turkey with the
highest wheat production. Moreover, the data obtained freraghcultural research
institution (TIGEM) also used to evaluate the estimation performances of these two

models developed within the scope of the study on a farm basis.

In addition, the study aims to prevent the results obtained using remote sensing and

reanalysis data from being implemented due to lack of data. In this way, the methods
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developed and applied in the study can be used or repeated in any region without
insufficient data problems. In addition, the usability of theamalysis and remote
sensing data used in the study in regional crop yield estimation studies are also
evaluated.

With two different model approaches developed and evaluated within the scope of
the study, wheat yield estimation can be made not only for the following year but
also br longerterm estimations by using data obtained from climate models,
especially by operating the crop growth model regionally. For example, seasonal (6
7 months) forecasts or up to 100 years climate projections for different carbon
emission scenarios a@sput data in regionally calibrated thegquaCrop model
enables assessment of the future yields.

The study alsaims tocontributeto a relativelylessnumber ofsimilar studies in the
literatureregardingthe sources of the input data used, the modelingodeapplied

and the total length of data used.

1.4  Innovation of the Study

Firstly, this study intends to comprehensivelaluatehe multiple linear regression
method, which is widely used in crop yield estimation studeggrdinghe selection
method ofpredictors and validatiostrategy The method used is basedamaluating

all agremeteorological variables that may be effective in the development of wheat
crop and all the periods in whichmay be effective during growingising cross
validation. Another innovation of the study is the calibrationethod of the
AquaCropmodel, which was developed to model plant growthfesld scale, using

a genetic algorithm according to regional wheat yield data. In addition to the
calibration method, adapting theodel to a regional application is also an innovative
step for regional wheat yield estimation. For this purpose, intermediate tools have
also been developed to obtain the data provided as input to the snotehs soil

hydraulic properties and sowing datdeterminatian

11
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CHAPTER 2

MATERIALS AND METHODS

Underthis section, the definition afsedinput variablegor wheat yield prediction

data sourcg and the calculation proceduresare presented in the materials
subsection. While some input variables used endludy are used directlyithout

any preliminary processome should be preprocessed before being used in models.
After the materialsulsection, comprehensive information about the models used is
given in the methods subsectidrhe modelcalibration,validation procedures, and
metrics used to analyze the performance of the madelsodescribedunderthe
methods subsection.

2.1 Materials/Datasets

In terms of sources, various materidétasetare used in this studp understand
and analyze theelations between these datasets arup yield in detail However,
two types of datasets, moe@hsed and remote sensibgsed, are obtained from a
categorical perspectivdhe main reason behingsingthese two types of datasets
rather tharfield observationss that the whole procedure to estimatepyields can

be used anywhere without being affected by the lack of input data.

In brief, as modebaseddata the climate reanalysis data of European Centre for
MediumRange Weather Forecasts (ECMWHRERAS (acrorym of ECMWF
reanalysis B generation) daily reanalysis agrmeteorological datasets
(precipitation, temperature, wind, soil moistuseil temperature, neadiation and
dew-point temperaturg and as remotely sensed datagetation indices from the

Moderateresolution Imaging Spectroradiometer (MODISYil moistureand land

13



cover mapfrom European Space AgentyClimate Change InitiativeHSA-CCI),
soil properties fromSoilGrids and digital elevation mafsom Shuttle Radar
Topography Mission (SRTMgreused directly or indirectly in thidissertationThe
detailedinformationfor all used variableand theirpreprocesgrocedurearegiven
in the following subsectionslhe general information about the materials used

givenin the below table.

Table2.1 Datasetsised in this study

Dataset Source Spatial Temporal Temporal
Resolution Coverage Resolution
Precipitation ERA5S 0.25 1999- 2019 Hourly
Temperature ERAS5 0.25 1999- 2019 Hourly
Wind ERA5 0.25 1999- 2019 Hourly
Net Radiation(SSR+STR] ERA5 0.25 1999- 2019 Hourly
Dew Point ERA5 0.25 1999- 2019 Hourly
Soil Moisture ERAS5 0.25 1999- 2019 Hourly
Soil Moisture ESA-CCI 0.25 1999- 2019 Daily
Soil Temperature ERA5S 0.25 1999- 2019 Hourly
Vegetation Indices MODIS 1 km 2000- 2019 16 day
Soil Information SoilGrids 10 km - -
Land CoveMap ESA-CCI 300 m 2000- 2019 Annual

Digital ElevationModel SRTM 250 m - -

* SSR: surfaceet solar radiationSTR: surface net thermal radiation

As is shown inTable2.1, the heavy majority of datasets are obtained from ERA5
products.The dimate variablesare providedglobdly for different pressure levels
from 1970 up to 5 dagbehind the present day at hourly and monthly sdal¢sRAS
(Hersbach et al., 2020)

In the study, a standard spatial resolubtoh 0. 2 5 x 0.25 for

to eliminate possible extra errors that may occur due to resolution differences.
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Suppose any of the data cannot be obtained in this standard resolution (higher
resolutions in this study case), a bilinear reagamethod is used to upscale them.
The study period is decided according to data availability of wheat yield and
vegetation indices. fferefore 20 yearsfalata between the yea?000 and 2019 is
selected. In addition, sintleewinter wheagrowing cycle(Octobefi June/Julyand
calendar year are not matched, all required climate data for this dissertation are

obtained started from the year 1999.

2.1.1 Precipitation

The fundamental needs foerop growthare known as watersunlight and soil.
Because of this 4, precipitation angbreciséy its accumulation along the crop cycle
arealways crucial for agricultural production. In termscodp productivity water
stress due to lack of precipitation or irrigation cause a significant deq@asek

& Aydin, 2004) Thereforeaccurate and consistent precipitation data is required to
perform reliable crop yield estimates. Sinces tilissertation aisito estimatecrop
yields over regions rather than point scale fields, spatiallgble and temporally
continuous precipitation product is requirddemotely sensed or modehsed
precipitation products can provide such information that is required for regional crop

yield estimation.

The pecipitation data used in thisssertations obtained fronthe ERAS reanalysis
on an hourly basis. The selection of tB®A5 precipitation product islecided
according to the recdmt published evaluation and validatiorof precipitation

productsstudy over TurkeyAmjad et al., 2020)

2.1.2 Temperature T Growing Degree Days

Similar to precipitation, the temperature is also another critical variable for
agricultural production. The temperatuinas direct effects on crop growth processes

and indirect effects like evaporation to cause water str&gnificanty, the
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increasing temperature is one of the main critical components of the grain filling

stage of the wheat crqpsseng et al., 2011)

For thisdissertationminimum andmaximum temperature data is used to calculate
thefiGrowingDegreeDay s ( GDD) 6 vari abl e .aredbtaihedused t emp
from the ERAS reanalysis database in Kelvat 2m above the land surfacéhe

temperature valuegivenin Kelvin arelater converted to degrees Cels{uS) by

simply subtractin@73.15before used in the other calculations

The GDD can be explained as the cumulated heat measure to calcupatslict
plant growth stagedt can also be described as the heat energy transmitted to crop
over a given time period-or example in many plant growth modelshe time
duration related to plant growth stages is given in the GDD rather thawurhiger
of days.The calculation of GDD can be done by subtraction of the base temperature

from the average air temperature.
GDD = Tavg' Thase (1)

The base temperatur@vasd IS a crop or cultivar specific valug and if the
temperatures below this base valyé means that the development of a crop does
not progressin addition the uppettemperature threshold (ppe) is also another
critical value forthe GDDcalculation and similar to the dass it can be defined as
where the devepment of crop no longer increasdsavo different methodsare
availableto calculate the average temperat(ifg, used inthe equation(1), and
both ofthemdescribedy (McMaster & Wilhelm, 1997)

Method 1 In this methodTa ¢s given as follows;

Tmax Tmi
Tavﬁ max2 mi n (2)

where Tmax and Tmin are respectively,the daily maximumand minimumair
temperatureThe calculated dgvalue later checked whether if it is in betweegsd

and TupperOr nd. If the calculated Fgvalue is less thanpisevalue, then it is taken

16



as Thase(results inzeroGDD for that day and if the calculatedalgvalue is greater

than Tuppervalue, it is taken asyfper(results in maximum GDD for that day)

air temperature (°C)

>
time (days)

Figure2.1 Graphical Growing Degree Days (GDD) calculation usisgetind Tavg
values(D Raes et al., 2018b)

Method 2 In this method, beforealculating the I, value, both maximum
and minimum temperature values are checked and adjusted if regsingdToase

and Tuppervalues.

Tma’§< ‘I'hi*nT

. ©

Tavﬁ

where Thax* and Tmin* are, respectively, lie adjusted daily maximum and minimum

air temperaturelhe following rulesare applied before calculation of thgg

T Tmawmin® = Tmawmin  if TbaseO T max/min OTupper
ﬂ Tmax/min® = Tupper if Tmax/min> Tupper

ﬂ Tmax/min* = Tbase if Tmax/min< Tbase

The main idea behind specifyinpesetwo different methods is that in GDD
calculations the method usednhust be mentionedfor the reproducibility of the
calculationsSince both methods can be used for the GDD calculation of atogat
in this studythe secondmethod is selecte calculate GDD valueéccording to
the FAO AquaCrop ANEX | (D Raes et al., 2018ahe cropspecific values Jase

and Tipperof wheat arggivenas 0C and 26C, respectively
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2.1.3 Soil Moisture

Soil moisture is a crucial variable for water and energy exchanges between the land
surface and the atmosphédforigo et al., 2012)Due to its critical role in climate
variability and drought studies, soil moisture is selected as an Essential Climate
Variable bythe Global Climate Observing SystefW/MO, 2010) In addition, soill
moisture is amrssentialariable for crop yielgdespecially for rainfed croggiolzman

et al., 2014)The variableis used in many differerweather forecast and drought
analysis subjestto forest fires and crop prediction.

Soil moisture data can be obtained mainly bsita observations, land surface
model simulationsand remote sensing (satellite) based measurements. Although the
soil moisture data obtained from thesitu measurementse considerethe most

reliable data, it contains representativeness errors over large areas due to its spatially
low resolution (pait). For this reason, model or sateHitased soil moisture data are
mostly used in applications that require spatially higher scale (regional, continental)
data. In this study, two different (one model and one remotely sensed) soil moisture

data are used

In accordance with other modehsed variables used in thdsssertation ERA5S
volumetric soil water is selected asnodetbased soil moisture product. Similar to
the other land surfacbased soil moisture productSRA5 soil moisture is also
availablefor different layers. Soil moisture data of the top layer with a depth7of O

cm is used in this study.

Remotely sensed soil moisture products are obtaised) retrieval algorithms that

converti ncomi ng el ectromagnet iAccoslinggatleeir s fr om Ea
signal sources, these products are categorized under two different groups: active and

passive The active system measures the energy scattered back from the, surface

while the passive one measutiesselfemissions otheEar t h 6 s ineebaothf a c e . S
systems are fed by the information from th
products are related the top soil surface mostly up ted2cm.
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In this study, the combination of both active and passive products, The European
Space Agency (ESATlimate Change Initiative (CCI) soil moisture product (ESA
CCl), is used. ESACCI product is obtained by merging different satellite
observations to provide both spatially and temporally improved soil moisture
dataset¢Dorigo et al., 2017)Since various remotely sensed soil moisture products
are availableselectingthe ESACCI product in this study is based arprevious
evaluation study over TurkgBulut et al., 2019)ESA-CCI soil moistures05.2data

used in this study is obtained at a daily tistep with a 0.25° spatia¢solution.

214 Soil Temperature

Seedling emergence is a critical stage in wheat that depends on available moisture in
the soil and the temperature condition of the gbdfond & Fowler, 1989)
Therefore, sowing at optinmu soil temperature is a crucial factor that affects crop
yields. In this study, soil temperature values obtained from ERA5 are used to
determine optimum sowing dat&lince the average sowing depth {6 6m in cool
climate graingKun, 1988) soil temperature values at top layer 6m are used he

sowing date determination criteria applied in this study are described in subsection
2.4.3.2

2.1.5 Wind Speed

The effects of windpeedon crops can be generally categorized as mechanical and
climatological. Strong winds can cause dam@ge lodging)or even break down a
cropor itsleaves. On the other handlight breezes at the seedling may strengthen

thec r o p 6 andrbotsd y

From a climatological perspectiveboth crop and soil temperature are directly
affectedby the wind speedin addition to the temperature effects, the evaporation
rate is increased bthe wind effect in hot dry weather due to displacement of

evaporated aiabove the crops.
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In this study, to analyze wind effects on wheat yieERAS5 hourlywind speed
above fromgroundsurface atlO m moving towards the east)(and the northu)

componetsareused. These dataset®later converted to dailyme scaleby taking
the arithmeticmean and thernthe resultantwind speedvectoris calculated At the
final step beford is used in botlevapotranspiration calculati@mdfor the models,
wind speed values at 2 above the ground surfa@ge obtainedisingthe given

formulabelow (4).

.y 4.87 .
"% h(65.a2) “)

where;

u2 wind speed at 2 m abovtee ground surface (m/s)
u; measured wind speed at z m abtheground surface (m/s)
Z height of measurement abdwe ground surface (m)

2.1.6 Vegetation Indices

The definition of vegetation indices (VIs) might be simplified as a remotely sensed
based quantitative measurement of bealth and statusf vegetation. Inother

words, VIs providegmpirical measures about vegetation acti{geennessat the

land surface. The theory of obtaining vegetation conditions from remote sensing is
based on the red and near infea (NIR) energy reflectance changes of green
vegetation during its develomnt. In the calculation of VIs, two or more different
spectral bands are used to strengthen vegetation signals. With the help of using two
or more spectral bands, VIs can provide more vegetagositive information than

a single spectral band. The redlaR wavelength bands are often used to measure
vegetation activitfDidan et al., 2015)

Vis are one of the most widely useemotelysensed (satellite) data products. The
consistent vegetation condition information obtained from VIs is used in different

study areas such as climate, hydrology, and agriculture. More specifically, detection
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of land use or cover change, crop classificatdrought andcrop yield prediction

aresome of the topics that use the information provided by Vls.

In this dissertation, two different Vis are used to investigate their effect on the wheat
yield prediction performance of the statistibalsed model. BotIs are obtained

from the Moderate Resolution Imaging Spectroradiometer (MODIS) instrument
aboard the Terra satellite. The instrument can provide global both spatially and
temporally consistent comparisons of vegetation greenness. The MfB¢8 two

Vis are produced at X8ay and monthly temporal resolutions and multiple spatial
resolutions. In this dissertatipthe MOD13A2 product which providesboth Vis

with 16day temporal and 1km spatial resolutisnused Later, similarly applied to

the other prodetswith a di f fer ent resolution than

upscaled to the study resolution by using the bilinear method.

2.1.6.1 Normalized Difference Vegetation Index

The most popular vegetation index used in the literature is the normalized difference
vegetation index (NDVI)The index introduced it974 by(Rouse et al., 19743 a
normalized ratio of the ne#amfrared (NIR) and red band3he equation used to

calculate NDVI is given as follows,

NDV#Md (5)
JNI I:«!-Jred

where NIR and Red are the surface reflectance

The chlorophyll in plant leaves requires sunlight (visible light) absorption in order
to make photosynthesis. On the other hand, the cetitsteuof the plant reflects
nearinfrared lights. So that, the NDVI uses these two contrast interactions of two
types of lights within the plant to estimate vegetation conditibasausehe NDVI

is a normalizatiorbased indexits values range betweenabd 1 where 0 value
represents no vegetation, values close to 1 means the highest possibleayesn

density.
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The main disadvantage of thN®V1, it is influencedby canopy background (ground
cover) and atmospheric conditions. Because of these, NDWdsaresaturated over

ahigh amount of green vegetation aré@slan et al., 2015)

2.1.6.2 Enhanced Vegetation Index

Similar to the NDVI, the Enhanced Vegetation Index (EVI) is also used to
understand vegetation conditions accordingggetatiorgreenness. Moreover, EVI

is improved in order to overcome problems that NDVI has related to conditions in
the atmosphere, ground cover (canopy backutpuand dense vegetatiddnlike

NDVI, EVI uses blue band and coefficients to reduce atmospheric and background
base noises arttie saturation probleifidan et al., 2015) The formulation of EVI

is given below.

} }

EVtGimeiClXTrl:dcr:ZeXde|JGe L ©
where NIR, Red, and Blue are the full or partially atmospksorcected (for
Rayleigh scattering and ozone absorption) surface reflectances; L is the canopy
backgound adjustment for correcting the nonlinear, differential NIR and red radiant
transfer through a canopy; C1 and C2 are the coefficients of the aerosol resistance
term (which uses the blue band to correct for aerosol influences in the red band); and
G isa gain or scaling factor. The coefficients adopted for the MODIS EVI algorithm
are, L=1, C1=6, C2=7.5, and G=4Bidan et al., 2015)

2.1.7 Sal Information

Soil information of an agricultural field essentiainformation as well as the climate
conditions and the management methods used to simulate agricultural productivity.
Especially, procesbased crop models require soil informatguch & soil texture,
hydraulic and chemical properties of soil.i¥detailedsoil information is typically
obtained by sample collection from the field and laboratory analysisever for
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greater than fielécale studies such as regional or district scties typical
measurement method is rapplicable At this point, localor global detailed soil
maps or recently developed soil information systems based on remote sensing and

machine learning are used to meet this information requirement.

In this study,the SoilGrids soil information map is used to obtain required soil
properties developed and managed H$RIC (International Soil Reference
Information Centre World Soil Information Soil properties data predicted by
usingan ensemble ahachine learning ethods are provided globally by SoilGrids
at 250 m spatial resolution for different depth layers from 0 to 200cnThe
predicted soil propertiesweretested using 150,000 unique soil profiles distributed
over all continentsand 158 remotely sensed salariates(Hengl et al., 2017)

In order to simpfy the calculationstaregional scale, thaggregatedby using the
average method)O km spatial resolution version ttie SoilGrids predictions ar
used in this studyinformation about soil properties obtained from SoilGrsdgven

in Table2.2.

Table2.2 Detailed information ofhedata obtained from SoilGrids

Name Unit Description
AWCh1 % Available SWC* (vol. fraction) fohl (pF 2.0)
AWCtS % Saturated water content (védaction) for tS
BLDFIE kg/m®  Bulk density (fine earth)
CLYPPT % Clay content (€2 micro meter) mass fraction
CRFVOL % Coarse fragments volumetric
ORCDRC g/kg  Soil organic carbon content (fine earth fraction)
SNDPPT % Sand content (52000 micro meter) maggaction
WWP % Available SWC* (vol. fraction)until thewilting point

*SWC = Soil Water Capacity

The obtained soil properties are later used to estimate soil hydraulic parameters
required for theAquaCropmodel run. Estimarig the soil hydraulic parametsare
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achieved by pedotransfer functions published($sxton & Rawls, 2006)The
pedotransfer functions are obtained from laboratory test results of different soil
textures about their hydraulic properties. Hyelraulic properties can be obtained
by soil texture and organic matter information with the help of developed

pedotransfer functions.

In this study, firstlythe required soil hydraulic parameters thoe AquaCropmodel
such as; soi |l tsauwatian,/ fieldccapadtye(C), pefrhnent avilting
point (PWP), and saturated hydraulic conductivity (Ksat) are estimated using soil
texture and organic matter information obtained from SoilGrids. Secondly, two
coefficients required for estimating capdty rise and the Curve Number are
calculatedusing obtained Ksat in the first step and equations givekquaCrop
Manual. The lastequiredparameterReadily Evaporable Water valuis obtained

using FC and PWP values.

All required calculations related the soil hydraulic properties estimation using soil

texture and organic matter information are achieved in the R environment.

2.1.8 Land Cover Map

By its definition obtained from FAQland cover means the observed biophysical
cover on t he(Didegotioh Z085) Maps rcreaded asing land cover
information represent spatial information related to physical coverage such as water
bodies, croplands, grasslands, and urban. The land cover and land use terms usually
create confusion. As is explainéad FAO's definition, land cover is related to
vegetation orhumanmade featuresin contrast,land use is related tahe
arrangements or activities of humalRer example, a recreation area is a type of land

use that can be located over different land coygessuch as grassland or bare soill.

There are different land cover maps publicly available, especially for the European
countries. The two most wellhown examples of land cover maps can be given as

the Coordination of Information on the Environme@ORINE) land cover
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identification project and the European Space Agency Climate Change Initiative
(ESA-CCI) Land Cover map. The main difference between different land cover maps
is the used legend for classification. In order to obtastaamdardclassifiation
system United Nations (UN) and FAO developedLand Cover Classification
System (LCCSJDi Gregorio, 2005)

In this study, a global land cover map obtained from £3A is used because it
provides annual data, and its classification systdmlfo ws t he FAOOSs
legend of the ESACCI LC maps is given in table below.

Table2.3 Legend of the global ESECI LC maps, based on FAO LCCS

Value Label
0 No Data
10 Cropland, rainfed
11 Herbaceougover
12 Tree or shrub cove
20 Cropland, irrigated or post flc

30 Mosaic cropland (>50%natural ve. (tree, shrub, herlzover) (<50%)
40 Mosaic natural vg. (tree, shrub, herlzover) (>50%)/cropland (<50%)
50  Tree cover, broadleaved, evergreelosed to open (>15%)

60  Tree cover, broadleaved, deciduous, closed to open (>15%)

61 Tree cover, broadleaved, deciduous, closed (>4

62 Tree cover, broadl eavi
70 Tree cover, needleleaved, evergreen, closed to open §>15%

71 Tree cover, needleleaved, evergreen, closed (>¢

72 Tree cover, needl el ea\y
80  Tree cover, needleleaved, deciduous, closed to open (>15%)

81 Tree cover, needleleaved, deciduous, closed (><

82 Tree cover, needleleavd , deci duoucs

90 Tree cover, mixed leaf type (broadleaved and needleleaved)

100 Mosaic tree and shrub (>50%) / herbaceous cover (<50%)

110 Mosaic herbaceous cover (>50%) / tree and shrub (<50%)

120 Shrubland
121 Evergreen shrublan
122 Deciduous shrublan
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Table2.3( cont 6d)

Value Label

130 Grassland

140 Lichens and mosses

150 Sparse vegetation (tree, shrub, herbaceous cover) (<15%)
152 Sparse shrub (<15%
153 Sparse herbaceous cover (<15

160 Tree cover, flooded, fresh or brakiwater

170 Tree cover, flooded, saline water

180 Shrub or herbaceous cover, flooded, fresh/saline/brakish water

190 Urban areas

200 Bare areas
201 Consolidated bare aree
202 Unconsolidated bare are¢

210 Water bodies

220 Permanent snow and ice

* Bold values show the main classes while italic ones represent the subclasses.

According toTable 2.3, there are 22 main land cover classes are available and the

related class to this dissertation is determined &r op | an d, rainfedo.

pixeldgridsthat are assigned as the land cover value of 10, 11, and 12 from ESA
CCI LC maps are taken into consideration for this stilyel and grid terms used

throughout the thesis are used in the same sense as leaich ot

2.1.9 Reference Evapotranspiration (Eo)

Two processes can explain the total water loss from the soil sutiacevaporation
from the soil and the transpiration from the plant leaVks.evapotranspiration (ET)
termis used to define the complete processvater loss from the soil surfadeT
can be calculated using different equations in the literaaaceone of the most used

equatiosis the PenmaiMonteith equation.

FAO-56 PenmarMonteith equation(7) is usedto estimate daily Edvalues. In the
equationthesoil heat flux density (G) value ignored as suggestedtime FAO ETo
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calculation manudlecause theffect of G is negligibléor calculationatadaily time

step.All the calculation procedure is olmtad from the Irrigation and Drainage Paper

No. 56 6Crop evapotranspiration: Gui de
requi r @lheatdl sl898)

900
£ o o TRRC) o 7 ple-ed ™
- oo 1+ @) 34

where

ETo reference evapotranspiration (ntay)

Rn net radiation at the op surfacgMJ/m?/day)
G soil heat flux densitgMJ/n?/day)

T mean daily air temperature at 2 m hei@ia)
u2 wind speed at 2 m heigi/s)
essaturationvaporpressurgkPg

e, actualvaporpressurékPg

s - e; saturatiorvaporpressure deficitkPg
goslopevaporpressure curvékPd°C)

2 psychrometric constaiikPa°C)

In the calculation of th&To, requiredvariablesare either obtained directly from
ERADS datasets or convertatto requiredvariablesaccording to equations given in
the FAO ETo calaulation manual(Allen et al., 1998) The information about the

variablesconverted using relationships between climatic paramistgirgen below.

Psychrometriconstan{_ 2 )

= 0. a6B x (8)

where

P atmospheric pressufiePg

alatent heat of vaporizatiaiMJ/kg)

Cp spedfic heat at constant pressuidJ/kg/°C)

Uratio molecular weight of water vapor/dry air = 0.622

In the calculation of psychrometric constant by using the equéjpr> v al ue i s

taken as 2.45 MJ Kgfor the simplicity which is the latent heat of an air temperature
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at about 20C anda ¢ value is taken as 113 10° MJ/kg °C an average atmospheric
condition suggested by FAO. The only required parameter isatim@spheric
pressure (P) o o0 bt a i enobtairecusing equatitidy

29@3. 00%658%

In order to calculate the P value, equat@yis usedwhich requires elevation above
sea level (z) in meterd’he equation is derived by usirige ideal gas law and
assuming2 0 for @ standard atmospher€he psychrometric constant value is
obtained by using elevation information obtained from the digital elevation map
(DEM) described irsection2.1.11

Slopevapor pressure cur\e @)

17.27 T
_409%.6é(T(F8_7-3 10
P “T+23%. 3 (19

The slope vapor pressure curve is calculated using the given eq{idlipand T

valuesaretaken as the mean air temperature

Actual vapor pressured):

(17.ng
e=€ Ty ,=0. 6 898237 . 3

The actual vapor pressurederivedby using thedewpoint temperature value
equation(11).

(11

Mean saturationapor pressuresq):

e e’ Tma x;eo Tmi n (12)

Therelation between air temperature and saturation vapor prassuvalineayas

given in equatiorfl1l). Therefore, both max and min saturation vapor pressures are
calculated rather than using mean temperature values to calculate the mean saturation
vapor pressure value. Then thgerage of these two values is taken as mean

saturation vapor pregee(12).
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All other parameters required foalculatingETo values such as net radiation, mean

air temperatureand wind speed abtainedrom the ERAS datasets.

2.1.10 Net Radiation

The energy can be absorbed, refldctand emi tted from the e
therefore net radiation is defined as the balance of enbegween these actions.
The term net radiatiorfR,) can also bedefined as the difference between the

incoming net shortwave (g and the outgoingetlongwave (Ri) radiation.

Longwave radiationalso known as terrestrial radiation, can be defined as the emitted
radiation by t he Eaatnodplese. Teeunetfloagwave; Rc | o u d s
variableused in this study is the radiation difference betweerdtdwnward and the

upward thermal radiation at tiisarth's surface

The net hortwave radiationR.scan be defined as the difference between the reached
amount of sol ar r adi/(dffuseancudediand thehaenouBtar t h 6 s

reflectedbackto spacefom t he Eart hdéds surface.

Both Rn and Rsvalues are obtained from the ERAS data as an hourly mean id W/m
units. Later they are converted ttee net radiation by simply subtracting theyR
values from th&®nsvalues. The suraf R, valuesof the 24hoursis taken as the daily
net radiation valued he unit of obtained daily values is later converted to ¥fdléy

unit by simply dividing1C®.

2.1.11 Elevation

The digital elevatiomodel(DEM) of Turkey is obtained frordata provided by the
shuttle radar topgraphy missiofSRTM) (Rabus et al., 2003t 1 aresecond(30
metes) for global coverageesolution.The elevation information is requireadrfthe
calculation & the atmospheric air pressuoé eachpixel. The required elevation
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informationis obtained from the upscaled DEM to the study spatial resolution, which
i s 0. 25 usiagrthe bilmeaiatérgolktionmethod.

Information about the bilinear interpolatiorethodcan be obtained fromomparing
interpolating methods for image resdmg study(Parker et al., 1983)

In thefigure below both 30n resolution (a) and upscaled (b) version of the Turkey
DEM is shown.

Elevation (m)

| | |
1000 1500 2000

Figure2.2 Digital Elevation Model of Turkey at 306a) and 0.25 (b)
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2.1.12 Dew PointTemperature

The dew point temperaturefers tothe temperature at which air must cool to reach
saturation at constant pressure and water vapor content. If the temperature decreases
below the dew point temperature, the wdteldingin a ga formlimit of the air is

reached When this occurghe water vapor in the atmosphere turns mfayuid

form, such as fog or precipitation

In this study, the ew pointtemperature variabéareobtained frontheERAS. These

obtainedvaluesarelaterusedin the calculation steps theEty values(equation(11).

2.2  Study Area

In order to evaluate the crop yield estimation performance at different spatial scales,
city (province), district, and farsevel wheat yieldstatistics areequired For this

aim, the wheat vyield statistics used in this study are obtained from two different

sources; the Turkish Statistical Institute (TUIK) and The General Directorate of

Agricultural Enterprises (TIGEM).

TUIK agricultural statstics are basedn administrative records such Barmer
Registration Syst e nand(bésa rinfoenat®rd system.cThea r at i c
information on crop production statistics is compiled through the city and district
organizations of the Ministry of Agwulture and Forestry of Turkdy T} KK,. 2020)
TUK6 s publ i cdrop proaucteon dtatistics are provided at the city and

district leves from 1991 from its data portél T | K K, . F@ Oviieft )statistics
commonstatisticsfor differentwheatcultivars are givein the years beteen 1991

and 2003. After 2003, durum wheat (Triticum duruwas separated from the

common wheat statistickater in 2012, statisticaere specified according to the

water sourcef the productioras rainfed or irrigated.

In the scope of this dissertatioMUIK6 s wh e a't pr odhnuhetydarsn st at

between 200G 2019 for both city and district levels are used. In terms of total
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production and tot al harvested area, t he r
durum wheat o statthanidesumswmeatoapphtcabl es.
the effect of irrigation is not taken into consideration in the analysis. Therefore,

statistics of the fAwheataddtonallgthe rdinfedhn dur umo

statistics are selected to be used for ey after 2012.

The Gener al Directorate of Agricultur al Ent
Organizationfree in its activities and limited by its capital, establisteegroduce

all kinds of goods and services needed by the dgrreuand agriculture industry

( TKGE M,. Readrchés)are carried out to increase agricultural production as

wel | as improve product quality in farms op
in Turkey. In this dissertation, wheat yield statistics of TIGEM farms are obtained

for 11 available years avallle between 2009 and 2018is important to note that

all wheat yields are used in this study (provided in AppeAdiare given units of

kg per decares (da) as it is officially provided. While a hectarauisl ¢0/0.1 decares,

the conversion of kg/da to t/ha can be calculated by multiplying with 100 (@., 1

kg/da =1t/ha).

2.2.1 City 7 Based

Selected ities for the analysis are determined by total wheat production. The top 10
cities according tdahe total whea production are selecte®roduction details for

20190f theseselectectities are given in the table belowalphabetical order

According to the table, Konya is the top whpadducing city, and wheat produced
in Konya is equal to 8% of the countryal production for the year 2019. Overall,
total produced wheat in selected cities contains 42% of the total wheat production in
Turkey. It means that estimates of this dissertation represent nearly half of the total

wheat production of Turkey.
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Table2.4 Wheat Production Statistics of the Selected Cities; KK, 2019)

City Name  Production () Harvested Area (da Production in Turkey (%

Ankara 981,611 3,882,652 6.19
Corum 442,933 2,325,979 2.79
Di yar 757,671 1,304,398 4.78
Edirne 497,094 1,841,973 3.14
Eski K 501,362 4,111,761 3.16
Kér kil 467,149 1,187,839 2.95
Konya 1,271,728 2,397,095 8.02
Sivas 523,687 1,899,117 3.30
Tekir 857,020 1,721,140 5.41
Yozgat 374251 1,955,163 2.36
Total 6,674,506 22,627,117 42.11

*Statistics are presented for the wheat other than durum wheat (rainfed+irrigated)

2.2.2 District T Based

Similar to the selection of cities, distAbased wheat yield statistics used in this
study are taken from the top 10 rainfed whg@tducing districts accordirg 2019
statistics As expected, all of the districts in the top 10 are located in the selected city
boundariesDetails abouthe totalwheat production of the selected districts for 2019

are given infable2.5 alphabetically

Considering the total number of districts in Turkey which is 922 in the year 2020,
the selected 10 districts for this dissertation can be stated as significantly
representative in wheat producti oln with

wheat production.
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Table2.5 Wheat Production Statistics thfe Selected District§ T} KK, 2019)

District Name Production (t) Harvested Area (da Production in Turkey (%

Bismil 181,378 496,750 1.14
Cihanbeyli 267,051 843,400 1.68
Haymana 168,796 661,208 1.06
Hayrabolu 161,856 354,840 1.02
Kangal 180,097 692,000 1.14
Lileburgaz 167,351 437,566 1.06
Malkara 170,372 367,388 1.07
Pol at | 275,180 1,108,523 1.74
Sur 187,283 595,000 1.18
S¢l eym 150,382 347,039 0.95
Total 1,769,209 2.78 12.05

*Statistics are presented for the wheat other than durum \{dagzed+irrigated)

2.2.3 Farm-Based

Farms are selected from a total of I&EM farms according to available rainfed
wheat production data. Therefore, 11 farms that satisfy the aviylabil
requirementdor the analysis are selectddetails about selected farms and their

wheat production for the year 2019 are given in the table below.

The wheat production statistics of the TKGI
headquarter of TKGEM with s ledocaionsoper mi ssi ol
all selected cities, districts, and TIGEM farms are shown over TurkEigure2.3

given below. The figure shows that most of the selected study areas are located in

the central Anatolia region with 5 cities, 4 districts, and 6 farms. Also, all cities

located in the Thrace region are selected with aniaddit4 districts and a farm

located in the same region. Lastlyj @ ar bakeér city |l ocated 1in
Anatolia region, and two districts within the city are selected. Five selected farms

are not located in any selected city and districts.
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Table2.6 Wheat Productin Shtistics of the Selected GEM Farms

Farm Name City District Production (t) Harvested Area (da
Al t énn« Konya Kadeént 119,16.3 74,190
Anadolu Es ki Mahmudiye 2,299.80 8,646
Ceyl ai kanl @ Ceyl an 65,821.70 206,517
Cukurova Adana Ceyhan 4,357.80 14,274
Dalaman Muj | ¢ Dalaman 4,163.40 9,950
Gozlu Konya Sarayonu 5,449.30 26,176
Karacabey Bursa Karacabey 3,790 10,404
Konuklar Konya Sarayonu 1,258.30 4,794
Malya Kér ke Boztepe 10,006.90 51,425
Pol at | Ankara Pol at 21,448.10 80,880
Tarkgeldi Kéer k1| Liuleburgaz 26,73.5 4,555
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Figure2.3 Overviewof Selected Cities, Districtand TIGEM Farms
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224 The Pixel Selection

The wheat yield data provided by TUIK are associated with the tadlption and

total cultivated area within the whole city or district boundariéserefore, the
determination of theixelsto be used in the model simulations is requiRadel and

grid terms used throughout the thesis are used in the same sense littheac
Since the selected spatial resolution of the dissertation is 0.25 degeesspixels
arewithin the boundaries of study areas. The conditiased selection criteria are
developed to select the optimum number of pixels related to the aim of the

dissertation.

The first criterion isthe land cover classification; if a pixel is given rasnfed
crodand according to the ESACI land cover map during thehole study period
(2000:2019), that pixel is selected as a candid8iace the ESACCI land caer
classification map is upscalg@donverted to a coarser resolutiotm) the study
resolution(0.25), the number of originainfed croplangixels inside the coarser

pixel border are summed to be used as the weight of the pixel. In other words, study
scalerainfed croplandoixels are assigned with a weight value according to the
original number ofainfed croplandoixels covered withinThe estimation of yield

for a city or district is calculatagsingweighted yield estimation at each pixel within

the boundaries.

The second criteon is pixel coveraggeif more than 25% of the pixe$ within the
boundary ofacity or district, that pixel is selected as a candidataddition, if there
are no available pixels that satisfy the second criteria, the coverage requirement is

respectively reduced down to 20, 15, 10, 5, 1 percentage at each step.

The seletion of pixels for cities and districts isack by selecting pixels that satisfy
bothcriteria On the other hand, since the area of any farms are less than the area of
a pixel, the farnrscale wheat yields are assigned as point information to the pixel

which covers the location of the selected farm.
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2.3 Performance Evaluation Methods

In this sulsection the methods used to compare performances and calibration
validation statistics of each modek givenSelected methods are generally used for
the performancevaluation and comparison of models type studies in the literature.

Pearson Correlation Coefficient ()it i s al so known as Pearso

evaluate the linear association (correlation) between two variables X andiven

in equation(13). The evaluation result can get a value betwdeand +1, where
minus one represents negative linear correlation, plus one means total positive linear
correlation and zero value means there is no linear relatietween these two

variables.

_ Bixi%) yi-0)

Bi (%-%)° Bi(y,¥)°

(13

Root Mean Square Error (RMSH)he RMSE can be defined as the summation of

squared bias and variance. The extpd value of the square of the difference
between the observation and predicted valuesalculated by using the following

formula(14).

-.2
RMSE B2 440 (14)

Mean Absolute Error (MAEand Mean Absolute Percentage Error (MAPHAE
and MAPE values angsed to determine how much more or less the predicted values

are than the observed values. Since thevaloes are calculated in absolute terms
given respectigly in equatios (15) and(16), they provideinformationabouthow
far the predicted values are from the observation values as a value with the same unit

of data used angercentages

1
MAE EBP =Xi'yi (15)
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MAP E 1—005/“ y' i (16)

Index of Agreement (IoA)A refined index of model performantea reformulation
of Wi | origialtIdA &ddsveloped in the 19808Villmott et al., 2012) The
calculation of theefinedlIoA is given in equatioiil7), where prediction is denoted

by (P), observation is (Qand c value is equal tao.

—

B! $#-08 " .
-———————, wh 0;sOc  0H-O;s
CB L-0r8 i :‘313” | i :1I |
loA = ) ; i (17)
L_@i-ois_l w h§€-|®§>c @_Os
B #-0 | i:1I | i:1I |

—

The index calculates the sum of absolute errors ratio to the sum of observed
deviations. The doubled effect of MAE is provided by tgkin= 2. One of them is

used for the MAE itself and the other one represents the average magnitude of the
perfectmodel (RP= O, for all i) deviations.

2.4  AquaCrop Model

The crop growth, developmermir simulation models (here and afteisitalledcrop
models) are used to represent or simulate the growth process by using the reactions
within the crop and its interactions with the environment. Crop yield prediction,
productivity, water usage efficiency, climate change effects are some of the studies

that aremade possible with the help of accurate crop models.

The development process of crops depends on many different compdramts
meteorological variables (e,grecipitation and temperature), soil properties, crop
phenological characteristics to fertdiz usage, and even farm management
strategies. Although similar inputs are used in each crop model to simulate this
complex development process, the same goal is achieved by following different

methods or assumptions. In addition, the crop phenologicaleatirement of crop

38



modelsis not easily availablén the field so that detailed studies might be required.
Therefore, before the model selection, an evaluation should be taken in order to
understand t he moBennéttetap80l3j) ose and scope

Since the main objective of this dissertation is estimating the wheds yieler
spatially large areas (e,darms, districts, cities) by using reanalysis and middle
range future projections data, the model selection is made according to its process
transparency, predefined and calibrated crop phenological parameters asthvell a
availability of other input data requirements. TaguaCropcrop model is selected

due to its offered balance on accuracy, simpliehd robustness.

FAO developed thédquaCropmodel (Steduto et al., 2008 2009 to provide
accurate and rapid estations on major herbaceous crop production and crop water
productivity under different environmental and agricultural conditions. The core of
the model can be stated as water because the brief of the whole process can be
described as converting initiallgalculated transpiration into biomass. In other
words, the model can be defined as a wdteren model. The model simulations

can be done in daiyme steps on either calendar days or thermal days (GDD).

FAO provides the model in three different typagiaCrop Plugin, GIS) based on

its usage purposéquaCropis useffriendly software to be used ihe field- or

parcetscale crop growth simulation with a graphical user interface and instructions

at all componentsSincemany simulations are planned tbis dissertation, the plug

in version (ACsaV4) (D. Raes et al., 20E2nblegshe AquaCropv6.1 model to run

asabatch withouta graphical user interface was usé&tie version enables to raih

successive project files in the path tfe plug-in version and then sawethe

simul ation resul t sinodértoeuwn thd plugnrvergioa,ahes 6 f i |
requireddataand parameters are prepareddgsiaCropsystem file in textformat

(.txt) beforehandThen simulationsakeplace by using these prepd system files.

Similar to the other crop models, diseases and pests are not considered in the
AgquaCropmodel. In addition to the model considerations, in the scope of this

dissertation which is related to rainfedheatyields, irrigation and fertilizatin are
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also not consideredherefore model runsarecompleted accordinglyMoreover it
is assumed that a single common wheat cultivar was sowed at each study area

evaluated in the dissertation.

In this section, brief information about the concept, dataan scheme, parameters
and inputs othe AquaCropare given In addition, thecalibration and validation
proceduranformationof the model that is original to this dissertation is also given
under this section. For more detailed information aboutibdel simulation process
can be foundn three published papers at the model rel¢dseo et al., 2009; Dirk
Raes et al., 2009; Steduto et al., 208%] the Irrigation and Drainage Paper No. 66
6Crop Yield R¢¢ERuoetale20i2p Wat er 6

24.1 The Concept andthe Calculation Scheme of the AquaCrop

The main concept of thaquaCropevolved from the previous approach based

the link between the proportional reduction in yield with a reduction i§SE&duto

et al., 2012)This approach is explained in the Irrigation and Drainage Paper No. 33

0Yi el d Res p ¢Doaenbosd & Kassant, EO7%Hs the direct relation of

water consumption and biomass production of a crop, since solar radiation is the

energy behind both of therqresses respectively as crop transpiration and
photosynthesis. In other words, since photosynthesis and transpiration are both

processes of a crop that require solar radiation energy, if the estimation of the

reduction in one of these processescanbeacki ed t he ot her processods

reduction can also be estimated.

TheAquaCropmodel is still based on the original concept of yield response to water,
while it evolved by separating ET into transpiration and soil evaporatioording

to the extenbf green canopy coverThe reason behind this separation is that the
nonproductive part of the ETwhich is soil evaporatignis excluded from the
biomass production equatioand only the actual crop transpiration is remained to
estimate biomasSteduto et al., 2009After this change and addition thfe water
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productivity parameter to the equation, the core of the model is given in equation
(18) below.

6 =0 z BY (18)

where;

B Cumulatively produced biomass (kgjm
T: Crop transpiration (mm or funit area)
WP water productivity parameter (kgffmm or kg/ni (water transpired))

In equation(19), the produced biomass (B) value is converted into crop yield (Y)
value by using a Harvest Index (HI) in order to simply taking part of the harvestable
product from all simulated photosynthetic products. In other words, HI can be
defined as the ratio of yield to biomass. Since the effects of environment and stresses
have different impacts on HI and B, the given equation also allows the model to

consider effects on B and HI separately.
®w =006 (29

In general, the crop growth model consists of 4 majepsof the simulation
processegFigure2.4). The first step of the model is started with the simulation of
crop development. Differenfrom other models that use leaf area index for foliage
development, théquaCropmodel uses green canopy cover (CC), whihhe
fraction of the area covered by the candflye CC is a crucial feature of the model
because the biomsaproduced is calculated by the amount of water transpired, which
depends on expansion, aging, conductaaoéd, senescence of CC. According to
plant type and density, CC values can vary betw@dbefore emergence) @

maximum valueof 100%

In the secod step, the model simulates crop transpiration using daily simulated CC,
the weather, the crop transpiration coefficientigk@nd ET values. In the formula

(20), the weather effect is given in terms of stressffaoent (Ks) explained later.

"Y=0 0 W6 607Y (20)
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The third step ishe development of the biomass by ustheg given formula above

(18), and at the final stegrop yield is simulatedsshown in equatio19).

AquaCropuses stress coefficients to take environmental effects arrdpgrowth
process into consideration. Stress coefficiehty are used to modify the target
parameters in the moddhereforetheir values are changing between one (no stress)

to zero (full stress)The value of Ks is defined the upper and lower threshold of

the stress indicator and a curve shape selection for its function. If the stress indicator
is above the umgr thresholdthere is no stresthereforeKs is one. Ifitis at or below

the lower thresholdhe stress is maximurand Ks is zero. In between the thresholds

correspondingls value is obtained from either linear or convex shape curve.

The calculationrscheme of AquaCrop is shown kigure 2.4 below with detailed

stresses at one or more procegs@suytrecht, Raes, Steduto, et al., 2014)
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Figure 2.4 Calculation scheme oAquaCrop(Vanuytrecht, Raes, Steduto, et al.,
2014)
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In the figure, the processes affected by weather stressssafad temperature
stresses {§)) are shown with dotted arrows. CCpot represents the potential CC
development achieved in ndimiting conditions, and Zr is the rooting depth. Water
stresses shown in the figure are (a) slows canopy expansion, (b) accelerates canopy
senescence, (c) decreasroot deepening, (d) reduces stomatal opening and
transpiration, and (e) affects harvest index. Effects on processes due to the
temperature stresses are (f) biomass productivity reduction due to cold stress and (g)
reduction in HI and pollination inhib@n because of hot or cold stress.

2.4.2 Inputs of the AquaCrop

Daily biomass production and final crop yield of herbaceous crops at a single
growing season can be simulated by ugkogiaCrop As limitations, only vertical
incoming and outgoing water fluxes acensideredand the simulation area is
assumed as uniform by the model. The simulation requires various input data and

parameters are required which can be categorized under four different topics.

Climate The requiredclimate input data consists of raiafl, ETo, minimum, and
maximum air temperature data. Tinéormation orthe required inputs' calculation
procedureare given in related ssbctions under th@aterialssection.In addition to
climate datasets,hé model also considers the mean annual giheogc CQ
concentation obtained frontheManua Loa observation center and already provided

in the model from 1902 to the present.

Crop ParametersAs a crop growth model, crop parameters are required for the

AquaCrop simulatiors. In AquaCrop crop pararaters are categorized into two
groups as follows. Conservative parameters are-gpegfic but not changinglue
to climate, locationand management provided for major crapsiuding the winter
wheat by FAO. These conservative parameters are alreadsatad and validated
for different crop typestherefore they do not require fther calibrationand they

are applicable. The second group is namadaonservative parametemshich are
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likely to require adjusnents for cultivar, local environmenand management
(Vanuytrecht, Raes, Steduto, et al., 2014)

All crop parameters of the winter wheatterms ofthermal time (GDD)provided
by FAO are listed iMppendix B, fAquaCropi Default Wheat Crop Parameters
Input Filed.

Soil Data AquaCroprequires soil physical parameters at various depths up to 5

layersto calculate water balance in the soil column. The requirecobacdimeters

are; soil water content (d) at saturation,
saturated hydraulic conductivity (Ksat). In addition to these soil hydraulic
parameters, two parameters (CRa and CRb) describing the capillary rise in
AquaQop are also requiredll soil data required for the AquaCrop model samne

prepared with soil information obtained from SoilGrids (see seétibn) in the R

environment.

The default soil parameter filé . B @or clay loam soil and soil parameter file

obtained from SoilGrids data are given in Apper@and AppendiD, respectively.

Management Datd he management datarsists of farm managememsuch as the

irrigation method, time scheduland depth of the irrigatioavents. In addition to

the irrigation, solil fertity, mulchesand field surface practice information are also
applicable in the modeBince the study ais to obtain wheat yield estimation at
various regional levels and these management data are applicable for field scale, no

management data is given as input to the model.

In addition to all required data and parameters givehdafour main groups above,
the sowing date information is also criticaéquired input.While the user can
provide the sowing datess input in the fielescale operation of the model, itnst

easyto obtain this information for each city, disttior farm for model simulations
that will be carried out on a regional scale and cover long yearshis reason, the
sowing dates in the study are generated with conditizat consider temperature

andwater deficits in the topsoil layer.
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The il temperature criterion determinessgle sowing datesatisfyingthe 810

C temperature range at tops@iGM, 2020) When sowingoccursin the given

range, wheat resistance to drought and cold improves because of faster root
developmentad deeper root crowr(aya et al., 2015)Thesecond criteriorinds

the days (betweettays that sagiy soil temperature criterignvhen the precipitation
amount is more than any percentage specified of the total reference

evapotranspiration.
The mathematical expression (21) of the used condition is given below.

0L OOGIAY* AIAGAOY*#<01 QO 'QN Qo &

$AOAD O "/ GAIX WG x BIA®ADI v Qi @ (@D

In the equation, C represents the coefficient between zero and one used to adjust ET
percentageDetermination of sowing dates with an equation with two parameters
(coefficient C ad the number of occurrences) provides flexibility to achieve
predictions. In other words, these two sowing date parameteatstabeoptimized

related to an objective function.

The exact sowing dadecan be selected according to the determined number o
occurrences requirement from the possible sowing dates that satisfy the condition.
For example, the optimum sowing date criteria for a selected city might be
determined as the third occurrence of the condition that daily pieedpi is higher

than 50%of the daily Es.

2.4.3 Regional Application of the AquaCrop

The AquaCropmode| like most crop growth modelss designedfor field-scale
(point simulations)pplications where required parameters and inputsnastly
based on observations or field teststhis section, the adaptation of model inputs
and parameters for the regional application, the optimization method applied for the

selected model parameters, and the methodology used for calibration and validation

45



areexplained.The process scheme usedtfoe regional application of the model is

shown in the figure below.
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Figure2.5 Input Preparation and Parameter Optimization Process Scheme used for
Regional Application oAquaCrop

Part A in the figure shws the input preparation stepvhere part B showsthe

optimizationprocedure

In the scope of this study, pixels are used to predict wheat yields over selected cities,
districts and farms. Therefore, tHarge number of simulation rungquiredare
achieed by using thdquaCropplug-in program versionin addition, the generation

of a large amount of input and project files for a regional application of the model
and interpretation and analysis of the results are completed in the R envirgiiment
Core Team, 2018)
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2.4.3.1 Preparation of Input Data and Parameters

The AquaCropplug-in version requires a project filgontaining all the required
information for a simulation run anihe same input files as thsquaCropGUI
version. The extension and content information of the files required for model
simulations are presented in the table bel®We detailed information about input
files can be found in chapter two of the reference manuatjodCrop(D Raes et

al., 2018b)

Table2.7 Required input files foAquaCropmodel

File Extension Description

*PLU rainfall data

* Tnx air temperature data (min and max)

*ETo reference evapotranspiration data

*.CLI the name of theclimate mentioned abe\files

*.CRO cropparameters

* SOL major physical characteristics of the successive soil layer

multiple runs project file contains;

1 the settings of program parameters

1 the simulation and growing period

1 the names ofthe set of input files giverabove
describing the environment

*PRM

As shown in Figure 2.5 Part A, while precipitation data is directly stored as climatic
data, all other data required converstonbe used as input The GDD data is
obtained from the min, maand mean temperature data. The net radiation, dew point
temperature, and wirgbeedat 2 mconverted from wind speed 16meter araised

to calculateETo values. In addition tohe climatic data, the preparation of the soll

input dataalso requireSone preprocesses.
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The files required for model simulations are created faseddicted pixelsising the
method given in SectioR.2.4 The data source of used variables and the methods if

they need to be convedéo another variablis presented in detail under Sectida.

2.4.3.2 Calibration of the Model Parameters

Like many environmental models, tguaCropcrop growth model requires a
number of parameteessigned fromidect or indirect measuremenks manycases

such as in this studyhe assignment of these parameters from measurement is
impossible since it is a regional applicatiohthe crop growth modelinstead of
assigning parameters from measurements, as ars@peoblem, these parameters
can be obtained by optimization technique which aims to minimize the difference

between simulation results and observations.

Thereforejn this studydetermininghe best parameters is an optimization problem
with an objectie functionthat minimizesthe modeb gield prediction error The
model parameters used in the calibration processtt@mgalues range of these

parameters are given below.

The 10 parameters used in the calibration procedure are selected frem non
conservéve crop parameters, and their allowable value ranges are obtained from the
AquaCropModel Manuel ANNEX I(D Raes et al., 2018aY he sensitivity analysis

of the AquaCrop Model is not achieved in this study. However, the crop parameters
used in calibration are determined according to the study on the global sensitivity
analysis of the mod€Vanuytrecht, Raes, & Willems, 2014)

In addition to these crop parameters, the developed two sowing date determination
parameters are also calibrated. Therefore, the aim of theataibprocedure is to
determine a set of the best 12 parameters for each city, district, and farm. The
AguaCropmodel calibration scheme shownhkigure2.5 Part B is based on that at
each iteration a new parameset generated is tried and the procedure continues to

up to the objective criteria reached.
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Table2.8 Value ranges othecalibration parameters for the AquaCrop model

Lower  Upper o
Parameter Descrigion
Bound Bound
Canopy growth coefficient (fraction pe
CGC 0.005 0.007
GDD)
Maximum canopy cover (in fraction so
CCx 0.80 0.99
cover)
Hlo 35 50 Reference harvest index (%)
Emergence 100 250 Time from sowing to emergence (GDD)
_ Time from sowng to maximum rooting
MaxRooting 650 750
depth (GDD)
Time from sowing to start senescen
Senescence 1000 2000
(GDD)
_ Time from sowing to start maturity (GDD
Maturity 2000 2900
(length of crop cycle)
Histart 1000 1300 Time from sowing to flowering (GDD)
Flowering 150 280 Length of the flowering stage (GDD)
_ Building-up of Harvest Index during yielc
YieldForm 850 1100 ]
formation (GDD)
Coefficient used to calculate sowing dat
Coeff. 0.10 0.75 o o o
criteria (ETo * Coefficient < Precipitation)
The number of days thaheet the desirec
Occur. 1 3

sowing date criteria

Since the main objective of the calibration is obtaining a common parameter set for

each administrative boundary that has more than one pixel within, all required

climatic input values and soil parameters are obthas spatial meato represents

the conditions ovethese boundaries. This approach is applied to prevent overfitting

of the parameters per pix@lithin the city and district boundaries, whiehso

providesa spatial variability of wheat yield predictierwithin the administrative
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boundariesOverall, the aim of the calibration process is to determine the best

parameter sets (31 parameter sets in total) for each study area given in Section 2.2.

In order to provide a solution to this optimization problén® model parameters

given inTable2.8 are calibrated by using the Genetic Algorithm (GA).

The GA (Schmitt, 2001) a stochastic sear algorithm, is based on the theory of
naturalevolution and imitatethe natural selectiomechanismLike the theory of

natural evolution, GA's search method for the best parameters is based on
transferring fitted i ndiaons dhileelimidatinggenes t o
weakerones.Therefore, the populatiobecomes better at each generation in GA

(Mirjalili, 2019).

Different than standard search techniques, &*an evolutionary algorithm seaych
requires an initial population. A population gemposed ofa set of individuals
(chromosomesjelected randomly fra the search spadeach chromosome consists
of values that are selected for parameters, called gkmesasing the diversity of

thepopulation is essential to improtiee chance of finding better results.

Since the natural selection mechanism is tBpining point of the GA, after creating

the initial population,each individual's fitnesgs evaluated, and only the fittest
individual s6 genetic i nf or (Majdll,2009).Ins tr ansf e
addition to this selection operator, GA also mimics evolution theory by using

crossoves and mutation. Crossovers combinparts of information obtained from

two-parent individuals to form new offsprings. On the other hand, mutations

randomly change some information (variables) of parent individuals. Both of them

help to increasthediversity ofthepopulaton and increase the search spaditism

is often employed in GA to persist amnsferringthe besffitted individuals to the

next generations in case of their eliminat{&crucca, 2013)

The evaluation process of GA is usually repeated until either when the maximum
number & generations is reached or a sufficient number of generations without

having an improvement in fitness value is achiefdng, 1997)
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In this study, he optimization ofthe model parameters is done by using genetic
algorithm (GA) packagein the R environment(Scrucca, 2013)The required
parameters for the GA in Bnd the parameter values used in this study are given
below.

Table2.9 Parameters and their Values Used for the GA Package R the

Parameter Description Value
popSize  The population size 100
_ The maximum number of iterations to run before the C
maxiter _
search is halted
N The number of best fitness individuals to survive at ea
elitism .
generation
The probability of crossover between pairs of
pcrossover 0.8
chromosomes
pmutation The probability of mutation in a parent chromosome 0.1

The objective function is selected as the index of agreement (lIoA) which is given
under section 2.3. Hence, the I0A value is ala@ted using simulated and observed

wheat yieldsvhere theGA iterates parameters to increase the 10A value.

2.4.3.3 Validation of the Model Parameters

The alibrated parameters of a model to be used for estimation purposes must be
verified independeht or in otrer words,the data that were not seen by the model
must be usedduring the calibration phase. It is expected that the validation
performance of the model will be similar to performance in the predictions to be

made.

The method used faralidationof AquaCiop is based on the splitting of theheat
yield data into two as calibraticand validatiordatasetsThe main idea behind the

data splitting is that parameters obtaiméthe training period might be overfitted
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for this period. Thereforegvaluating thecalibrated parameters' performance is

required whemused with independent input data.

The selected years for calibration and validation are-200® (16 years) and 2016
2019 (4 years) for the cityand districtbasedAquaCropmodels. As the available
dat@a set for farrrbased models is less, years 2047 (9 years) are used for
calibration and 2012019 (2 years) for validation. All performance evaluation

metrics are calculated for both calibration and validation periods.

2.5 Multiple Linear Regression (MLR) Model

Statistical crop yield models have been used for decades to estimate crop yields by
using meteorological variables as independent predictors. After the development of
remote sensing technology, vegetation indices are added as new independent
parametes to the models. These vegetation indices improved the performance of
statistical models by adding observatimased information about the crop
conditions Different methods are developed to estimate accurate cros piefiore

the harvest. The regressibased models are the mastedmodels therefore, they

also used as base method while comparing other methods such as artificial neural
networks (ANNs) and recently developed machine learning methods such as
Random Forest. Both linear and Alamear relatons between agrometeorological

variables and crop yields are investigated in many studies.

The regressioiased crop yield models rely on the simple use of meteorological and
agronomic variables to estimate crop yield by using a linear relationship between
one or more predictors and the crop yield. Meteorological variables such as total
precipitation and mean temperature are obtained according tspecgic growing
seasons and also vegetation indices are obtained at the critical periods of crop

growth.

In this dissertation, a machine learning model based on multiple linear regression

(MLR) algorithm is introduced to evaluate its wheat yield prediction performance
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over selected cities, districts and farms. The proposed model will be stated as the
MLR modd from here and after. The MLR model differs from traditional
regressiorbased models in many ways such as; determination of time period
selected for the predictors, selection of predictors, and validation of the model. In
this subsection, the MLR modedlculation scheme and validation procedure are

explained.

The MLR model is a machine learning method uses multiple linear regression
algorithm, which also considers spatial variability of the predicbeer selected
locations In this dissertation crop gfid estimation and later prediction is done over
different locations at differergpatiallevels in Turkey. Every city, district, and farm
selected have different agrometeorologmahditionstherefore the proposed MLR
model has tthavea dynamic algoritim to perform accuratelgvereach location. In
order to provide dynamism to the model, flexibility to select time period of the
predictors is given to the model rather than specifying time periods for each predictor
beforehand. The same flexibility is alpoovided to the selection of predictors by
offering more predictors than three which is required for multiple linear regression

analysis.

The MLR model usesnonthly average or accumulation adinfall, temperature,
wind, evapotranspiration and soil meist dataandvegetation indices (NDVI and
EVI) as possible predictors. The temperature data simitfwetAquaCropmodelis
obtained as thermal accumulation by calculating GDD values for selected time
periods. Soil moisture data are obtained from botAERnd ESACCI in order to
analyze the added utility of remotely sensed soil moisture variable toapgield
estimatesSince the model constructed on reanalysis and rems¢elyed data is
independent of agrmeteorological observations from the fielfhe regression
equation(22) used for the model is given below.

Yield = xo + X1 Predictoreriogt X2 Predictor2eriog+ X3 Predictor3eriod (22)

In the equation predictors can be seked from eight different possible

agrometeorological variables. In addition, each input data was obtained for 13
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different time intervals in total. These time intervals were determined considering
the periods whemgroclimatic variables affect the plantayth the most and are

shown in the figure below.
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Figure2.6 Time Periods used in MLR model predictors

Therefore gightpossible variables for 13 different time intervals come up with 104
different possible predictors imotal for the model.With the help of this
methodology, the prediction performance of all possible predictors at agriculturally
important time periods are analyzé&aother wordsratherthandoing a local search

for the best predictors, the global séeapproach is used to obtain the best predictors

for wheat yieldpredictionover selected areas.

In summary, e proposed methodology determines the best predictors of the MLR
model rather than obtaining the best coefficients for a specified set of model
predictors. The determination of best predictors is based on the selection of the
lowest error rate$MAPE) for each model, where the cresslidation methods
applied to prevent overfitting. The best predictors are later used for the yield
prediction, wiere the coefficients of the used equation obtained by fitting the model

to training data.
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251 BestPredictors Selection and Yield Prediction of the MLR Model

In this sulsection the selection criteria for the best MLR predictors, the scheme of
wheat yield predtion model used and validation methodology of the model is given.
The summarized scheme of the model approach is prowaaedthe key points of
the used MLR model are numbered to be detailddgure2.7.

The nunber of possible multiple linear regression equations with three predictors are
increased exponentially since the number of possible predictors is 104. Since the
used equation consists of three predictors, it means more than a million possibilities
are avdable for the MLR model. In order to reduce the number, regression equations
consist of predictors that provide similar information are excluded from the possible
model equations. For this matter in step one, a filter is applied that predictors which
havesimilar information are not used in the same equation. For example, the rainfall
data from different time periods, the soil moisture data from different sources, and
different vegetation indices are not used in the same regression equation. After the
filter, the total number of 96,668 possible equations is used in the machine learning

algorithm per pixel.

All MLR models that used nefiltered equationsire later crossalidated using the
leaveoneout crossvalidation (LOOCV) method in step two. The methd
explained in detail in the following sectioB.$.2. Since the model run is required
for each iteration and 19 years of data are used for city and disisett models, the
total number of required modelrsl per pixel is 1,836,692. The number for farm
based is equal to 966,680 per pixel by use of 10 years of data.

In step three, the best input combinations (predictors) for all pixels within the city or
district boundaries or over the farms are determinmmbraling to the minimum

MAPE value obtained in the model's training. Since the wheat yield information is
provided for the whole rainfed croplands within the related boundaries, selection of

a common best MLR model predictors for each administrative boesdes
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required. Therefore, the MAPE values for cities and districts are calculated as spatial

means of the pixels within the boundaries.

A Precipitation, Temperature (GDD), Soil Moisture, Wind, Et0, NDVI, EVI, Soil Moisture [CCI|

!
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MAPE value, is used to predict wheat yield. are in between two lard devi tances from
the mean of training years' values.

For Cities and Districts: If the condition is satisfied
for at least 80% of the total pixels.

Figure2.7 Process Scheme of the MLR Yield Prediction Model

After obtaining the best predictors according to the MAPE values obtained during
training, two more criteria must be satisfied before prediction. The first criterion is
about eliminating outliers to prevent the model from a high prediction error rate,
which is eylained under the validation of MLR subsection. The second criterion is

about city and distriebased predictions that require the selected model to be

56



applicable at least 80% of the total number of pixels. This model's equation

applicability consists ofdith the elimination of outliers and the data availability.

The MLR model that satisfies all criteria is fitted to all training data in the final wheat
yield prediction step. Later, by using that fitted MLR model and predictor values for
the prediction yeathe year 2019), the wheat yield is predicted. Before the final step,
104 predictors for the year 2019 are not used at any stage of the model procedure.

The proposed methodology determines the best predictors of the MLR model rather
than obtaining the besoefficients for a specified set of model predictors. The
determination of best predictors is based on selecting the lowest error rates for each
model, where the crosalidation method is applied to prevent overfitting. The best
predictors are later uddor the yield prediction, where the coefficients of the used

equation obtained by fitting the model to training data.

25.2 Validation of the MLR Model

Models either statistical or physicdélased require validation/crossalidation
procedure befordeing usal for prediction or simulation. The cregalidation
provides prediction error rate information about the mbglekfitting the model to
different training dataln other words, crosgalidation helps to understand what the
ability of developed model omnseen data is. There are various methods to
implement validation of a model. In order to provide an independent validation of
the MLR model used in this study, the LOOG®@Method is applied.

TheLOOCV method is a branch offold crossvalidation withak value is equal to
thenumber of all available datin k-fold crossvalidation, he parameter k refers to
the number of subsets that dapdit. Supposéhe data is divided into parts as much
as the size of the datthis crossvalidation method is callettaveoneout cross
validation. Therefore, thdeOOCV method tries toestimatea data pointhat is left
out by using the rest of all available dat@ach iteratiofdames et al., 20L3Finally,

performance metric§MAPE, RMSE, Correlation and loApf the model are
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calculatedby using the estimations obtained at each iteratidime graphical
representation of the method is given at step iw&igure 2.7. The LOOCV

calculations are done usitigefi ¢ a paekagen the R environmentKuhn, 2008)

There are several advantages and disadvantages of the LOOCV method. Since the
method require repetition of the estimation process as many as total data points, it
causes high computational costs. Therefthreuse of this crossalidation method

is not offered for large datasets and {speed model simulations. Additionally, the
method tests tnmodel performance against one data point at each iteratibch

might result in higher variation in the prediction if some outliers exiptediction
data.However, in small datasetss in this study, the LOOCV method provides less

bias and robusesults for estimation error rates of the model.

In this study, the2.5 standardleviatiors (~98%)threshold is only applied for the
prediction yeato prevent possible higher variations in the model predictibne
thresholdhelps the algorithm to filteMLR models which have at least one of the
predictor value is less or more than two standard deviation from the mean of training
years. For example, the total precipitation of April (PRECP_4) is one of the
predictors and model is cresalidated for yearbetween 2000 and 2018. The mean
value of the predictor between given years is 45 mm with a standard deviation value
of 18 mm. If the total precipitation of April 2019 is more than 63 mm or less than 27

mm, then any model that includes PRECP_4 as one fetictors is filtered.

58



CHAPTER 3

RESULTS AND DISCUSSION

In this chapter initial assessment of agrometeorological input variables and wheat
yields data, determination of used pixels within the selected city and district
boundaries, Spatitemporal analysis reka of both MLR model andAquaCrop

model wheat yield predictions, and comparison results of the models are presented.

After the detailed results section, a discussion part is also given under this chapter.

3.1 Determination of Rainfed Cropland Pixels

One of tle essentiapoints in the study isleterminingthe pixels representing the
rainfed agricultural production in the selected cities and districts. In order to
eliminate possible inconsistencies and reduce model yield prediction errors (since
city or districtyield values are calculated by taking the average of the pixels within
the boundary) this step is critical. Therefore, the annual data of theCE$Aand

cover map between the years 2W19 were used to determine representative
pixels. Pixels given asinfed cropland during the entire study period were selected
and all the other pixels are nmnsideredIn this way, the other stages of the study
were carried outising pixels with agrometeorological datslated to the annual
wheat yield data. The thled selection criteria wergrovided under the

methodology sectio.2.4

Since it is not known whether there is only wheat production in the fields located in
the selected pixels, they are assumed as the amestiated pixels with the wheat
production due to the fact that they are located in the cities and districts where the

most rainfed wheat produced throughout the couftng figure below shows the
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pixels assigned as rainfed croplands according to the &Sl land cover map and
the boundaries of selected cities and districts and TIGEM facations over the

Turkey map

ESA LCC 2000-2019 CropLand Rainfed 300m

I I I | I
25 30 35 40 45

25 30 35 40 45

Figure3.1 Rainfed Cropland Pixefsom ESACCI LCCat 30 metes(a)and 25 (b)

In the given figure above, selecteinfed croplangbixels for the analysis are shown

in the panel kthat isupscaled version of ESA LCC at 30 meter resolutiime
locations of TIGEM farms shown as blue triangle and the boundaries of selected
cities and districts are shown as straight red lines and black dashed lines respectively.

As expected, most of thiainfed croplangixels are within the boundaries of selected
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cities and districts. The total number of rainfed cropland class pixels over Turkey
according to ESA LCC at 0.2 found as 367.

In Table 3.1 given below, thenumber of pixels assigned to cities and distrists
given. The total number of 200 pixeiscluding 11 pixels for the farmg selected

in this dissertation's spe All of the model simulations and the required statistical
analysis are completed for aklectegixels.

Table3.1 Number of Pixels selected for cities and districts

City Number of Pixels |District/City Number of Pixels
Ankara 28 Bi smil / Diy 6
Corum 5 Cihanbeyli/Konya 6
Di yar 20 Haymana/Ankara 4
Edirne 9 Hayrabol u/ 3
Es ki K 14 Kangal/Sivas 4
Kéer k| 10 L¢el eburgaz 3
Konya 29 Mal kar al/ Te 3
Sivas 7 Pol atl &/ An 8
Tekir 11 Sur/Diyab a k é r 3
Yozgat 14 S¢l eymanpa 2
Total 147 Total 42

3.2 Initial Analysis of the Inputs Variables

In this section, the analysis results of the input variables used are presented. The
preliminary analysis aims to understand the ageteorologicalconditions at
locations selected for this dissertation and the comparison of locations with each
other. For this aim, TUIK yield data and agrometeorological data are analyzed and

results are given in the following subsections.
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3.2.1.1 TUIK Wheat Yield Data

TUKwheat vVyield datasets are based on far mer s
should be checked for consistency before used in the dtudyder to reducéhe

number of questions in mind, a preliminary evaluation of wheat yield datasets used

in this study igperformed. For this purpose, the correlation between wheat yields of

selected cities and distrigtscalculatedEven if there are too many different factors

that affect wheat yields, high wheat yield correlations over locations close to each

other wheresimilar agreclimatic conditions are effective, are expectddthe

correlation matrix of wheat yields (calculated usityears of data) and distance

matrix for both selected cities and districts are given in the figures below.

Correlation Matrix Distance Matrix
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Figure3.2 TUIK Yield Correlation and Distandglatricesbetween Selected Cities

In Figure 3.2, it is seen that the correlation of wheat yields between cities is
negatively correlated with desnces between cities. For example, in the distance
matri x, Edirne <city is c¢close to Tekirdaj e

correlation between these cities is also higher while comparing with other cities.
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Moreover, negative correlations in wheaelds are observed between cities that

have higher distances to each other.

In Figure3.3, the relation between the distances and wheat yield correlations is more
evidentthan the city case because most of tHecsed districts are close to each

other as groupg-or example, the high correlation between Hayaam d Pol at | &
districts located in Ankara and Cihanbeyli district in Konya is clearly observed due

to their closenes3.he same relation can be seen atdperight of each panel where

values of districts in Tekirdag are located.

Correlation Matrix Distance Matrix
TEKIRDAG R KM
SULEYMANPASA 1.0
TEKIRDAG 1400
MALKARA
TEKIRDAG
HAYRABOLU 05 1200
SIVAS
KANGAL — 1000
KONYA
CIHANBEYLI 00 — 800
KIRKLARELI :
LULEBURGAZ 800
DIYARBAKIR
SUR
DIYARBAKIR — -0.5 400
BISMIL
ANKARA 200
POLATLI
ANKARA -1.0 0
HAYMANA

SUR

LULEBURGAZ
SUR

POLATLI
BISMIL
KANGAL
HAYRABOLU
POLATLI
BISMIL
LULEBURGAZ
KANGAL

MALKARA
HAYRABOLU

SULEYMANPASA
MALKARA

HAYMANA
CIHANBEYLI
HAYMANA
CIHANBEYLI
SULEYMANPASA

Figure3.3 TUIK Yield Correlation and Distanddatricesbetween Selected Districts

In order to understand the relationship betwgmnwheat yield correlation values
calculated between cities and the distance between cities, the correlation between
these two different variableésalso calculated. The correlation between wheat yield

correlations and distances for cities was founedda&/ and for districts0.73.

Another initial analysis is done by evaluating of yield time series of selected
locations. For this purpos€jgure 3.4 is prepared to show the standardized yield

value of cities andistricts for the years 20002019 and TIGEM farms for the years
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20091 2019. In order to simplify the evaluation of standardized yields a color palette
that shows the condition at each location @(wise) is applied. The reddish colors
represent droughdr in other words years with lower than mean yields, while the
greenish color shows years with greater than mean yiBhasoriginal wheat yield

data used in this dissertation is provided in Appe’dix

When tle city section in the figure is evaluated, it is determined that the low yield
values between 2001 and 2004 where drought condition similar in all selected cities
is observedSimilarly, it is understood that in the years 2007, 2008, and 2014 all
cities exept located in the Thrace region had éowields and pointed to a dry
period. In contrast to these drought conditions, in 2@itiles within the Thrace
region have negative standardized yield values while all other cities have positive
ones. The city iformationfor selected districts and farms is also provided in order
to evaluate the spatial consistency of yield daktdaained atdifferent spatial
information. Same drought years aso be seem districtbased informatiorand

also severity of droughconditions is consistent with cttyased information. For
example drought conditions in 2007 show that the severity is higher in Ankara,
which can be observed in district-cases at
based standardized yield tabMhich is obtained from TIGEM, similar drought
conditions at the same year and similar severity is observed.

Another significant consistency can be observed in 2@b&reonly Konya has
negative values in citpased informationin that particular yearthe negative
standardized yield values are obsenady at districts and farmsiear Konya
Overall the negative standardized yields observed are consistent with previous

drought studieghathave been published
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Figure3.4 Standardized Yield Data of Selected Cities, Districts and TIGEM Farms
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These results show that the TUIK based wheat yield data is consistent due to showing

similar variations over closer locations and following drought condit{Botut &

Y él ma z.Morgodet, §UIK based data is consistent with fdvased yield data
obtained fromTIGEM asa different source. Therefore obtained wheat yield data
showedpotential due to itSpatiotemporal consistency to be used in regidraded

crop Yyield prediction studies.

3.2.1.2 Agrometeorological Data

The selection of cities and districts from different locations in Tuftieyheat yield
predictionprovides various agrometrological conditions. It is expected that the
performance of the models under different conditions will be revealed by evaluating
the prediction models established within this agrometeorological diversity.
Therefore, the following figures are preparedsng data of all study pericd
(September 199D August 2019Yo investigate the@ariations of all variables used

in this study athecity, district and farmscale respectivelyThe total precipitation,
growing degree daysnd the reference ET variabla® calculated as accumulation
from Octoberto July. The mean of growing season (Marchilsune 1st) is used to

understand the variation for the other variables

In Figure 3.5, agrometeorological variables obtad from pixels within the city
boundaries by takintpe mean oéll pixelsselected as rainfed croplaack presented
in boxplots. In total precipitation comparison plot, cities can be categorized

according to their median precipitation of 20 years dataording to that principle,

3 cities have (Ankara, Eskikehimm3and Konya
cities (Corum, Sivas, and Yozgat) in between 400 and 500 mm, 3 cities (Edirne,
Kerklareli, and Tekirdaj) ini bat wekar 5m0r emm

than 600 mn{with an outlier value as around 1200 mm)
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Figure3.5 Variations of Agrometeorological Variables at Selected Cities
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When a comparison of selected cities according to cumul&i¥e is taken into

account, it can be seen that Sivas has significantly low GDD during a crop cycle. All

citiesi n the Centr al Anatolia Region (Ankar a, (
nearly similar cumulative GDD variatiomsd median. In addition, cisdocated in

the ThraceRe gi on and Diyarbakéeér have relatively
expected that low GDD values are obtained over locations with lower temperature

values and this case is seen in the Sivas pabkere the annual mean air temperatur

is around C.

Il n the ERA5 based soil moi sture boxpl ot pre;]
that variations between the years are high
moi sture values of Keérkl ar el i pacltothera s, and T
and around 0.35 mm/mmwhich can be concluded as relatively wetter than other

selected cities in growing season. Accordinthesoil moisture median of 20 years

Konya has driest conditionafterthatE s ki kK e h i r Isamadowemvélast a a

Another soil moisture comparison is made by using remotely sensed values obtained

from ESACCI. In the boxplot of ESACCI soil moisture, it can be seen that both

soil moisture products show similar results while the difference between the cities is

fewer than the ERAS5 based soil moisture comparison.

The NDVI and EVI box plots show similar differences between the cities as well as
similar temporal variations for each city. Cities located in the Thrace Region have
similar NDVI and EVI values to each @ and they all have higher values while
comparing with the other cities. Similarly, all cities located in Central Anatolia also

have nearly similar values to each other.

The relation between GDD and vegetation indicesatsmbeseen from boxplots. It
shows that higher cumulative GDD values for the complete crop cycle result in
higher NDVI and EVI values for the growing season. In other wardisect relation
between GDD and crop growth is observéat example Sivas has the lowest
cumulative GDDwhich resuls inless greenness in period of Apdiline.
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In the panel of Ed; exceptfor two cities all cities median values are between 550

and 600 mm of total ET. Sivas has the lowest¥alues while comparing with other

selected citiesand on the ot r hand, Di yar bak&alueshas t h
Moreover, it is also seen that the time variation of\&lues is higher mostly in the

Central Anatolian cities.

The wind conditions of the selected cities during the growing season are presented
in the wird panel. It can be seen that Diyarbakir has the lowest wind values as well
as the lowest temporal variation related to other citieike some other
agrometeorological variables, cities located in the same regions have nearly similar

wind speed valuest iis observed that Thrace is windier than Central Anatolia.

In Figure 3.6, all used agrometeorological variables are plotted in boxplots for the
selected districts. As expected, conditions over districts are mosajebavith the
conditions of the cities these districts are locateBanexample, the Kangal district

of Sivas city has the lowest values of cumulative GDD and vegetation indices similar

to Sivas.

According to the total precipitation comparison, dis¢rlocated in the Thrace region

and Diyarbakir have a median value of around 60Q wimie the Central Anatolian

districts have around 400 mi&imilar to the total precipitation box plots, the same

two different groups of districts are observed in GDIMW, and EVI boxplots.

Unlike the variables in which similar conditions are observed as a group when the
Ebvariable is examined, it Iis seen that t
the districts in Thrac&kegionbut have similar values to thdistricts in Central

Anatoliaexcept Kangal

According to mean wind speed values, districts of Ankara have values around 2 m/s
during growing season while districts of
values less than 1./ /s. All other districs have nearly similar wind speed with

values less and around 2.5 m/s.
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Figure3.6 Variations of Agrometeorological Variables at Selected Districts
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Similar to the citybased comparison, ESBCI soil moisturgroductsshowhigher
temporal variation in distridbased compared with ERA5 based soil moistimre.
addition to that, districts of Ankara and Kangal district are in the driest condition

according to both soil moisture products

The comparison of agromet®logical variables among TIGEM farnsshown in

Figure3.7. According to total precipitation boxplots, Cukurova and Dalaman farms

which are located in the southern part of Turkey (southeastern and southwestern
respectively) have the highest total precipitation with median values around 1000

mm. After these two farms, another group of two farms in the northwestern part of
Turkey, Karacabey farm located in Bursa,and kige | di f ar m |, ocated
has the seconldighest median values with around 600 mm. All other farms generally
located in the central Anatolia region, have nearly similar total precipitation median

values in between 200 and 400 mm.

Farms locatedh the south of Turkey have higher cumulative growing degree days
during the complete crop cyclavhile the highest GDD value is determined at
Dalaman Farmasseen in the GDD panel. The farms located in the northwestern part
of Turkey get the secortighest GDD values after these farms.

The relation between GDD and vegetation indices is also can be detected-in farm
based comparison plots. NDVI values of farms during the growing season (April
June) are highemwhere total GDD values higher. It shows thaewofarms with
higher GDD crop growth is ahead relative to others since sufficient GDD is supplied
earlier. In other words, crop greenness is higher due to the level of growth that has
already reached the optimum level at the selected period. In adthioiarms that

have median NDVI values between 0.3 and 0.4 have higher temporal variation
relative to already optimum greenness achieved farms during selected growing time
period. Similar to city and distridiased comparisons, both vegetation indices show

similar variation over all farms.
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Figure3.7 Variations of Agrometeorological Variables at TIGEM Farms
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In the Eto boxplot paneltheCey | anpénar farm is noticed

Et values than d¢ter farms. Similarly, the other two highest #lues are observed
at the farms located in the southern part of Turkey. All other remaining farms have

similar variation and median valyeangingbetween 550 and 600 mm.

According to the wind comparisonok plots, the windiest farms are found as
T¢e¢rkgel di and ,wherg Cukunopagfarna has thedowentswind value
around 1 m/s. Other farms have similar wind conditions during growing seasons with

around 2 m/s.

Overall, agrometeorological valuestaimed over selected cities and districts can be
grouped under three main groups according to their geophysical lo¢atichsas

the Thrace Region, Central Anatolian Region, and southeastern Anatolia region. The
same groupscan alsobe observed at fanbased comparisons as southern
northwestern and central parts of Turkey. There are also significant differences in
agrometeorologil variables even between soaiiges, districts, and farms grouped.

An expanded performance evaluation of wheat yield prediatf both models is

possible with the help of these spatial variabilities in agrometeorological variables.

Since this dissertation aismto predict wheat yields of 2019, a detailed comparison
between agrometeorological variables of the past years anddtiietipn year is
essential Therefore Figure 3.8 is prepared and explained here as an exarapk

the same panels for all other selected cities, districts, and farms are provided in

AppendixE.

In Figure3.8, the time series of NDVI, GDD, wind speed, and soil moisture variables
are given for the prediction year, as the mean of the past 5 and 10 years as well as
minimum and maximum values of thast 20 years. In addition, cumulative
precipitation and Edvalues with the comparisons of prediction year and mean of
last 10 years are also provided. Moreover, the location of the specified city and
selected pixels within the city information are alseegi.
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3.3  AguaCrop Model Results

In this section, the regional application performance ofAeaCropModel for

wheat yield prediction is evadted. Therefore, the obtained soil properties required

for each selected pixel, sowing and harvest dates for each study area, GA calibration
results, thevheat yieldestimationv ar i ati on bet ween pixel s,

yield prediction results arevgn in detail.

3.3.1 Determination of Soil Properties

As provided in the methodology section, thequaCrop model requires
climatological data and soil characteristics for a model run. The soil information
obtained from SoilGrids that later converted to theumegl soil parameters is

presented in this subsection.

The soil type information, soil saturated hydraulic conductivity (Ksat), and field
capacity (FC) were obtained over Turkey at Or&solution given irFigure3.9. In
all three maps, the boundaries of selected cities and districts are shown, and farms'

location is shown with red squares.

According to the soil type map created using the tapetlayer soil content
(percentages of silt, clay, and sand) obtained from SoilGrids data, six different soil
types were determined over Turkey. Most of the pixels within selected cities and
districts were found as either loam (Lo) or clay loam (CILo) tgpesoil. Only
exceptions were seen as a pixel in Corum as silty clay loam (SiCILo) and five clay

(Cl) soil type pixels within Diyarbakeéer.

In the Ksat map of Turkey, Ksat values were determined over the eastern black sea
region were above 2.5 cm/hr, ané tmastern part of Turkey was also showed values
mostly above 2 cm/hr. The Ksat values obtained over selected pixels in this study
did not show much differences, where nearly all of them were calculated around 1
1.5 cm/hr.
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Figure3.9 Distribution of Soil Characteristics obtained from SoilGrids
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As mentioned in the methodology section, the field capacity parameter is a critical
parameter for thquaCropmodel. The field capacity map showed that FC values'
variability was higher than Ksat values for selected boundaries. The highest FC
values were obtained over Diyarbakér, es

Bi smi | . I n contrast, the | owest FC val ue:

An example of the igpared soil parameter file from SoilGrids data (.SOL) for the
AquaCropModel is given in Appendi®.

3.3.2 Genetic Algorithm Calibration Results

The Genetic Algorithm was used to calibrate the selecteddiaCrop model
parameters. The I0A value was calculated using simulated and observed wheat yields
where the GA iterates parameters to increase the |oA value. The figure below
calculated best, mean, and median of I0A values at each population of the GA are

shown for Konya.

AquaCrop Konya - GA Calibration Performance

0.6
I

0.4

0.2

Fitness value
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Figure3.10 GA Parameter Calibration Performance for Konya
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In the graph that after the 4th generation, the best value saturated where the mean
and median continued to increase. At th& g2nerationthe algorithm stooped
iteration because there was no more improvement in the l10A values. The calibrated
parameters for all study areas are given in AppehRdiand the GA performaec

resultsare giverbottom right of eacquaQop Results graphs AppendixG.

3.3.3 Determination of the Sowing and Harvest Dates

The sowing dates for each city, district, and farm were obtained using calibrated
sowing date parameters, which helped locate the date accordioil temperature

and available water content in the topsoil layer. The harvest dates were obtained by
adding the required GDD for the maturity of the wheat crop found by calibration to
the sowing dates. The variation of sowing and harvest dates duriswitlyeperiod

for all selected areas is givenfkigure3.11 andFigure3.12, respectively.

The earliest sowing dates were obtained in Sivas, Kangal, and Anadolu at the city,

district, and &rm-scale in the sowing dates figure. The highest variation in sowing

dates was obtained mostly in study areas located in the central Anatolia region. The

| atest sowing dates were found in the <¢Cukur

temperature valuesightly higher than all other study areas.

In Figure3.12, harvest dates variation for all study areas were found similar to each
other as around a month. Most of the area's harvest dates were determined between
the second half of June and the first half of July. The earliest harvest dates were
determined in the Cukurova farm at the beginning of June. The latest harvest dates
were found as the third quarter of July for Sivas city.
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3.34 Wheat Yield Prediction Results

In this subsection, wheat yield prediction résuf theAquaCropModel obtained
over selected cities, districts, and farms are given. As an exampleasigd time
series of predicted and observed wheat yields are given below for Konya.

Konya Wheat Yield Observation and AquaCrop Results

—¥— Observation -%- AquaCrop Model -e- Predicted Year (P)MAPE 23.2%

Yield kg/da
250 300 350
l l 1

200
|

150
!

* RMSE 42.5
loA 0.587
s | Cor 0.542
- Total 29 pixels MAPE 17.5%

T T T T T T T | T T T T T \ T T T T \ T
2000 2002 2004 2006 2008 2010 2012 2014 2016 2018

Figure3.13 AquaCropModel Wheat Yield Prediction Results for Konya

In the figure, the blue shaded area represents the variability of wheat predictions
across all pixels, where 29 pixels are available over Konya. The mean of pixels is
shown with blue points and obserwgdld statistics in between the shaded area and

black points.

The model statistics given at the bottom right of the figure were calculated by using
the simulated and observed yield for years between 2000 and 2015. The wheat yield
of the year2016 2019 was predicted using coefficients of the MLR model obtained

in training. The RMSE of the model was 42.5 kg/da (0.425 t/ha), and the correlation
of the model was calculated as 0.542. The MAPE value was calculated as 17.5% for

the Konya wheat yield predictiomodel. The wheat yield of predicted years was
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predicted with a 23.2% absolute difference from the observed yield. The model
results were consistent with observed yields in many years except 2001, 2014, and
2016. A good agreement on the decrease of crdgsyier all 29 pixels in 2012 was
observed over Konya's drought conditions. Similarly, it is observed that in 2011 as a

wet year, all 29 pixels agreed on high simulated wheat yield values.

The scatter plots of observed and predicted yields for eachisitycid and farm are
shown inFigure3.14, Figure3.15, andFigure3.16, respectively.

In city-based model resultBigure3.14), it can be seen that calculated MAPE values
were ranged in between 12.7 to 18.4%, where the lowest was calculated in Edirne
and the highest in Corum. The lowest correlation values can be explained with the
use of the bjective function during the calibration period. Since the I0A was used

as a performance evaluation metric, the calibration forced the model to maximize the
value of IoA, which also helped to decrease MAPE values. The calculated IoA values
for cities wera@anged between 4and 0.8. The predicted wheat yields were found
accurate with the observed values in most cities; it can be seen from the red dots that
are close to the oA®-one line in the scatter plots. The MAPE values of predicted
years varied bateen 8.4 and 23.2%. The lowest prediction MAPE values were
obtained over <cities | ocated in the Thrace
where all other cities were higher than 10%. In addition, only two cities Konya and

Sivas, had more than 20% MAPE valior the predicted years.

In the following figure Figure 3.15), the districtbased model predictions and

observed values scatter plots are given. In contrast to the highest MAPE (26%) for

training, the highest ceelation (0.84) and loA (0.76) were calculated over

Bi smil/ Diyarbaker. In the scatter plot of t
calculated at lower observed yield values less than 100 kg/da. The lowest MAPE for

training value was calculatedave L ¢ 1 ebur gaz/ Kér kl ar el i as 10.
value obtained as 0.54. The predictions MAPE were calculated in between 6.9 and
26.9%. In general, model prediction errors at districts located in the central Anatolia

region were relatively higher than thistricts located in the Thrace region.
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Figure3.14 AquaCropModel Wheat Yield Prediction Results for Cities
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Figure3.15 AquaCropModel Wheat Yield Prediatn Results for Districts
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Figure3.16 AquaCropModel Wheat Yield Prediction Results for TIGERarms
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In the last scatter ploF{gure 3.16), MLR model prediction restd for farms are

given. The scatter plots showed that the predictions' variation was less than the
observed values over the Anadolu, Karacabey, Konuklar, and Malya farms. The
calculated MAPE for training ranged between 10.4% and 55.1%. The highest MAPE

value was obtained over the Gozlu farm, where tlgbdst error was calculated at

the observed yield value less than 100 kg/da. Similarly, the highest prediction error

was calculated | ess than 100 kg/ da observec
Due to that predicti on atibon MAREvalidevpad anpénar
calculated as 162%, where all the other farms' prediction MAPE values ranged

between 0.8% and 54.6%. Moreover, in terms of a sign of good agreement between
simulated and observed yield values, all calculated 10A values were foundnaiore t

0.5.

To compare city, district and farmbased MLR model results, the overall results of

each base are given in the following scatter pleigure3.17).

In the top scatter plot, the results of all 10 selkcities with 20 years of data are
shown. The overall training MAPE and prediction MAPE for cities were calculated
as 15.3% and 13.6%. In addition, RMSE values for training and prediction at the city
level were found as 46.6 kg/da and 40.6 kg/da, respdgtiin the districtbased
overall scatter plot, the training MAPE for districts was calculated as 16.8%, where
prediction MAPE was found as 17.2%. In fabased results, the MAPE value of
training was calculated as 25.7% and for prediction was 32.6%enkergl, a good
agreement between simulated and observed yields was achieved at each spatial
information level. The results also showed that at field scale predictions, regional
application of theAquaCrop model mostly overestimated the vyield results. In
contrast, the predictions for city and distriisedcamot be classified as over or

underestimated.
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According to obsefed yields, the developed methodology based on calibration of
crop parameters and sowing date parameters showed significant results in regional
wheat yield prediction. The method aimed to find the best parameters for each wheat
yield information source, sh as cities and districts; therefore, a variation between
pixels within these boundaries was expected. In order to analyze this variation
between pixelgrigure3.18 shows the spatial distribution of MAPE valuesaihed

during the training phase giquaCropmodels.

A

Inthecityb ased map, all 145 pixelsd MAPE values
25 %, except t wo pixels | ocated in the nort
located in the southern part of SivAd$1e most accurate yield predictions were

obtained over the Thrace region pixels, esp
with other selected cities. Similar to Teki
were found consistemastacmoparEskbik®hyar dad et

in Ankara also showed consistent MAPE values in the range-20%%

In the districtbased map, similar to cHyased, pixels within districts located in

Tekirdaij showed the | owest MAOPSE dviasltureisc.t sl, n
Diyarbakérdés Sur district also slf%wed | ow M
On the other hand, t he highest MAPE values
more than 25% at southern pixels. The location of the highest error pixels was

ovelapped with the lower density of cropland pixels shown in Figure 3.1.

According to the farrbased results spatial distribution, the highest MAPE values
were obtained in the farms located in Konya. The best prediction abfsed was

obtained in the Cukova Farm.
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3.4 MLR Model Results

3.4.1 Performance Evaluation of the Predictors

In this section, the performance of predictors usedwioeatyield prediction is
evalteted The selection of best modptedictors, the ahination of outliers, the
variation between pixeland the modél wheat yield predictiomesults are given in

detail.

3.4.1.1 Selection of the Best Model Predictors

Normalized Mean Absolutlercentage Error statistics of each MLR modete
calculated to determine the best three predictors out of 104 different predictors (8
variables at 13 time periods) for each city, district, and farm. Since the number of
total MLR modelswas about100,000 to simplify the evaluationeach variable's
contribution to predictiorwas visualized using thereparednormalized MAPE

figures

In the following figure, rows are the variables, and columns are the periods of
variables selected for the MLR model. Tiodor of each cell represents the negative
(reddish) or positive(greenish)effect of that corresponding predictor to the wheat
yield prediction In order to provide that effect information, normalization of all
MAPE valueswasdone by extraction of the meaMAPE and then division with
standard deviatio(6D). Moreover, each cell represents the mean normalized MAPE

value of all models includes that corresponding predictor.
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Model Performance Results for Konya (Normalized MAPE)
Mean: 14.6% - SD: 1.2%
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Figure3.19 MLR Model Performanc&esults forkonya

As an examplefigure3.19 was prepared to show the model performance results of
Konya based on predictor8he mean MAPE value of all calculated MLR models
for Konyawasfound asl14.6%, and thestandard deviation is found as %2 The
seventtcolumn of theNDVI row (pointed withawhite dot)shows the positive effect

of themeanNDVI of April-Juneis morethan twoSD. In other words, independent
from the other two variables used in the models,mi@anNDVI of April-June
provides a powerful signal to predict wheat yields ok@mnya Theother two of the

best three predictors for thénya were determined ashe mearsoil moistureof
March-June and the total precipitatidietween October and Jurihese selected
predictors showed their high effect over prediction as an individual regardless of the
other two predictors. Therefore the combination of these three predictors was

selected as the best MLR model predictors for wheat prediction of Konya.

The same graph is prepared for all cities, districts, and farms to understand patterns
of predictors according to locations. In the figure belinstly, city-based analysis,

the graph is given.
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Figure3.20 MLR Model Performance Results for Cities
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