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Abstract: Accurate and precise prediction of actual evapotranspiration (AET) on a large
scale is a fundamental issue in natural sciences such as forestry (especially in species selec-
tion and planning), hydrology, and agriculture. With the estimation of AET, controlling
dams, agriculture, and irrigation and providing potable and utility water supply for indus-
try would be possible. Gathering reliable AET data is possible only with a sufficient weather
station network, which is rarely established in many countries like Turkey. Therefore, cli-
mate models must be developed for reliable AET data, especially in countries with complex
terrains. This study aimed to generate spatiotemporal AET surfaces using the Australian
National University spline (ANUSPLIN) model and compare the results with the maps
generated by the inverse distance weighting (IDW) and co-kriging (KRG) interpolation
techniques. Findings from the interpolated surfaces were validated in three ways: (1) some
diagnostics from the surface fitting model include measures such as signal, mean, root
mean square predictive error, root mean square error estimate, root mean square residual
of the spline, and the estimated standard deviation of noise in the spline; (2) a comparison
of common error statistics between the interpolated surfaces and withheld climate data;
and (3) evaluation by comparing model results with other interpolation methods using
metrics such as mean absolute error, mean error, root mean square error, and adjusted R?
(R? adj)- The correlation between AET and normalized difference vegetation index (NDVI)
was also evaluated. ANUSPLIN outperformed the other techniques, accounting for 73 to
94% (RMSE: 3.7 to 26.1%) of the seasonal variation in AET with an annual value of 83%
(RMSE: 10.0%). The correlation coefficient between observed and predicted AET based on
NDVI ranged from 0.49 to 0.71 for point-based and 0.62 to 0.83 for polygon-based data. The
generated maps at a spatial resolution of 0.005° x 0.005° could provide valuable insights to
researchers and practitioners in the natural resources management domain.

Keywords: ANUSPLIN; IDW; kriging; NDVI; biome; climate change; evapotranspiration

1. Introduction

Evapotranspiration (ET) is the essential process that controls the water cycle and
energy transmission between the hydrosphere, atmosphere, and biosphere [1]. ET com-
prises land surface evaporation and vegetation transpiration, which are critical in land-
atmosphere interactions [2]. While evaporation refers to the moisture loss from water and
soil surfaces to the atmosphere, transpiration refers to the loss from plant surfaces through
stomata. Researchers examine ET as actual (AET) and potential evapotranspiration (PET).
The former refers to the existing water loss realized under given or specific surfaces and
atmospheric conditions. The latter implies water loss from ideal soil moisture, vegetation,
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and atmospheric conditions. PET provides initial insights on agricultural production and
precautions for irrigation location, whereas AET delivers crucial information to determine
soil moisture conditions and regional water balance [3]. Since AET is also responsible
for the precipitation occurring at the base of the mountain range [4], water management
requires quantifying water resources and understanding the water cycle, especially in
semiarid and arid regions, where the low and irregular precipitation is largely returned to
the atmosphere by AET [5]. After subtracting the AET loss, a region must know whether
the remaining rainfall is sufficient, especially for plant growth and potable water [6]. AET,
under the combined effect of climatic energy, capillary soil, and moisture availability, is
also one of the most critical climate parameters controlling organic matter decomposition,
returning to plant nutrients in terrestrial ecosystems and plant growth [7]. For example,
AET accounted for 51% of the variation in the Scots pine forests’ litter decomposition [8].
Therefore, it is crucial that AET be accurately determined [9]. The AET process is spatially
and temporally dynamic. The quantification requirement of water resources is increas-
ingly essential as anthropogenic impacts on land use and climate increase. However, it is
challenging due to the water cycle’s complex spatial and temporal variability [5].

Periodic and accurate determination or estimation of AET at the regional scale is
crucial to promote water and land management, aridity detection, and climate projections,
which helps farmers, resource managers, and locals improve irrigation water budgets,
especially in areas facing water stress [2,10].

The most commonly used evapotranspiration determination methods are Thornth-
waite [6], Blaney—Criddle [11], Jensen-Haise [12], and Hargreaves [13]. Other methods
have also been used, such as Penman-Monteith, the Bioclimatic method of Alpat’eva, and
the Bioclimatic method of G.K. Lgov [14,15]. Of the methods, while Penman—-Monteith
requires more complex data, Thornthwaite [6] and Hargreaves [13] use more limited and
readily available data such as temperature, precipitation, and radiation [15-17].

AET was affected by several factors, including weather elements (radiation, air temper-
ature, wind, humidity), soil properties (texture, structure, porosity, available water content),
plant physiological characteristics (plant type, rooting depth, leaves, stomatal density),
biomass (vegetation structure), and the environment [4,5,10]. Because determining the AET
is complex, time-consuming, and only possible with sufficient weather stations, a common
problem in developing and undeveloped countries, predicting/estimating and mapping
the AET is crucial using readily available variables. Therefore, soil properties [18,19],
weather [20-24], vegetation indices such as NDVI, EVI, and LAI [19,22,25-28], and topo-
graphical data [23,28] have been used as independent or proxy variables in predicting
the AET. On the other hand, multilinear regression (MLR) [14,29,30], spline [15,31-36],
IDW [37,38], KRIGING [30,31], and machine learning methods [39-41] are among the most
used methods to predict the AET. Directly or indirectly using remote sensing to estimate the
AET is another way that is popular among scientists [19,22,25,42,43]. Estimations” accuracy
often depends on the methods used, the study area’s characteristics (topography, vegetation
cover), and the number of weather stations. In general, the accuracy levels improve from
the simple estimation methods, such as MLR, to advanced methods, such as machine
learning-remote sensing integration. Using MLR, Mardikis, Kalivas, and Kollias [30] and
Giiler [15] accounted for 37% to 74% and 59% to 90% of the variation in AET in Greece and
Turkey, respectively. Combining machine learning and remote sensing methods, dos Santos,
Mantovani, Fernandes, Filgueiras, Lourenco, Bufon, and Neale [40] and Wang, Wang, Ding,
and Li [43] explained 80 to 91% and >85% of the variation in AET in Brazil and China,
respectively. Hadadi, Moazenzadeh, and Mohammadi [19] also used remote sensing and
artificial intelligence methods to predict AET, which reported relatively low errors (RMSE:
10.9 to 11.9 mm), including the soil wetness index, besides others (e.g., temperature, dew
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point, relative humidity, wind speed, sunshine hour, and vegetation indexes) in the model,
reducing errors by 12.5 to 26.5%.

The research focused on Turkey as the study area, which is characterized by a limited
number of weather stations due to political and economic challenges. Consequently, there
is a demand for dependable and precise high-resolution climate surfaces crucial for global
climate change monitoring and assessing meteorological disaster risks, encompassing
temperature, precipitation, AET, and PET [44,45]. Some studies on estimating or interpo-
lating evapotranspiration (AET, PET) have also been conducted in Turkey using different
methodologies, such as random forests (RF), MLR, and artificial neural networks (ANN),
with variable accuracies [46—49]. ANUSPLIN, an Australian National University spline-
based program, was used in this study to interpolate the AET because of its numerous
advantages, such as reducing the cross-validation error, considering the spatially changing
climatic variables, and the effect of variable topography on the interpolation [34,50], and
providing more accurate results with lower errors compared to other techniques such as
IDW, OK (ordinary kriging), UK (universal kriging), CoOKRG, and MLR [31]. In another
group of studies, correlations between NDVI and AET/PET were examined, and significant
relationships were reported [26,39].

Despite the critical importance of accurately estimating AET for effective water re-
source management, especially in regions with complex terrains like Turkey, there is a
notable scarcity of studies employing advanced interpolation methods such as the ANUS-
PLIN model. Additionally, while the relationship between AET and vegetation indices
like the NDVI has been explored in various contexts, comprehensive analyses integrating
high-resolution spatiotemporal AET data with NDVI across diverse Turkish biomes remain
limited. This study addresses these gaps by generating detailed AET surfaces using the
ANUSPLIN model and examining their correlation with NDVI, thereby providing valuable
insights for natural resource management in Turkey.

The present study aimed to (i) determine the terrestrial AET by region for the country
using the Thornthwaite method, (ii) spatially interpolate the AET by ANUSPLIN and
compare it at the regional level, and (iii) examine the relationships between the AET and
NDVT across the country. Results from this study were analyzed and validated in three
ways: (1) diagnostic statistics derived from a surface-fitting model, including signal, mean,
root mean square predictive error (RTGCV), root mean square error estimate (RTMSE),
root mean square residual of the spline (RTMSR), and calculation of the standard deviation
of the noise in the spline (RTVAR). (2) error metrics between interpolated surfaces and
calculated AET based on withholding 52 weather stations, such as adjusted coefficient of
determination (R? adj), Toot mean square error (RMSE), mean absolute error (MAE), and
bias (ME). (3) a comparison with other interpolation methods, such as IDW and KRG, using
model performance metrics.

2. Materials and Methods
2.1. Study Area Description

Located between southeastern Europe and northeastern Asia, Turkey, the study area,
has an area coverage of 780.580 square km (Figure 1) and is surrounded by the Mediter-
ranean, Aegean, and Black Seas [51]. The country is geographically divided into seven
regions: Central Anatolia (CA), Eastern Anatolia (EA), Black Sea (BS), Mediterranean
(MED), Aegean (AEG), Southeastern Anatolia (SA), and Marmara (MAR). The elevation
in the country averaged 1132 m, starting from sea level and reaching up to 5137 m in
Mount Ararat [52]. Mountains and mountain ranges that rise from the western to the
country’s eastern regions and typically run parallel to the shore define the country’s cli-
mate. Four main climate types are seen in the country: the humid temperate Black Sea,
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continental inland, Mediterranean, and Mediterranean-like climates, in which two factors
dominate each, namely (1) different forms of weather and atmospheric disturbances from
polar and tropical areas and (2) terrain, abrupt elevation changes, land-sea interactions,
and thermodynamic effects [53]. The temperature averaged 13.5 °C (=2 °C in winter
and 23 °C in summer), and precipitation averaged 628 mm, the lowest values in Konya
and Igdir in Central and Eastern Anatolia, respectively, and the highest ones in Rize and
Hopa on the coast of the Black Sea [54]. According to the IPCC, precipitation in most of
the country is decreasing, and the temperature is increasing, parallel with global climate
change due to interactions between the North Atlantic sector, continental Europe, and the
Mediterranean Sea [55]. The variation in topography and climate dominates land use, land
cover (LULC), and floristic diversity. Forests account for 27.6% of the total area, followed
by agriculture (31.1%), rangeland (18.6%), wetland (1.1%), and others (artificial surfaces,
bareland, artificial and semi-natural vegetation). The forested lands in the country cover
21.2 million ha, 53% of which is broadleaved, and 42% of which is conifers. The rest is

mixed forest stands composed of conifer and broadleaved species [56,57].
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Figure 1. LULC map of the study area and locations of test and training weather stations.
AGRI: Agriculture, ARTSUR: Artificial surfaces, ARTVEG: Artificial vegetation, PASGRA: Pasture
and grasslands.

2.2. Data and Analysis

The flowchart showing the data collection, analysis, and methods used in the study is
presented in Figure 2.
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Data Cleaning Data Collection Data Collection
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Evaluation and Interpretation of Correlation
based on Biomes using GEE

Figure 2. The flowchart showing the data collection, analysis, and methods used in the study (GCV:
Generalized Cross Validation, RTVAR: Square Root of the Variance Estimate, RTGCV: Square Root of
the Generalized Cross Validation, RTMSE: Square Root of the Mean Square Error, RTMSR: Square
Root of the Mean Square Residual).

The long-term climate data to calculate AET consisted of mean annual temperature
(MAT) and mean annual total precipitation (MATP) by month in 1960-2017, which were
obtained from the Turkish State Meteorological Organization [58]. A thorough analysis has
been conducted on the consistency and quality of long-term temperature and precipitation
data derived from MGM [59-62]. The data were also checked for quality and duplication
issues. A total of 20% of the data was used as a test, and the rest (80%) was utilized to train
the model to ensure validation. Data selection for test and training datasets was randomly
performed using SPSS 22.0. The elevation of weather stations was extracted from the DEM
of the country [63]. The observation length of the stations varies slightly depending on the
variables examined. Still, it may be broadly divided into four categories: less than 30 years
(6.3-7.4%), between 30 and 40 years (8.1-8.5%), between 40 and 50 years (12.0-12.5%), and
greater than 50 years (72.4-72.8%).

The Thornthwaite method was performed to determine AET, as reaching reliable
spatial information about AET-related meteorological factors (e.g., surface humidity, solar
radiation, and wind speed) is not easy [16]. To determine AET, first, Equation (1) was used.

PET =16 (101T1) [mm /month] 1)

where PET indicates potential evapotranspiration, Ti is the monthly air temperature, and I
is the annual heat index calculated using Equation (2). « is the complex function of heat
index determined by Equation (3). The PET calculated is adjusted for day and month length
using a correction factor based on the weather stations’ latitudes [6].
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After calculating the adjusted PET, AET is determined based on the following as-
sumptions: (i) If monthly precipitation is greater than PET, then AET equals adjusted
PET; (ii) if monthly precipitation is smaller than adjusted PET, then AET is the sum of
monthly precipitation and water storage, based on the difference between precipitation
and PET calculated by Equation (4); (iii) If the storage reduces to zero, AET equals monthly
precipitation [64,65].

St =81+ P — PET; (4)

where S; is the soil water storage at the end of the month ¢, S;_1 indicates the soil wa-
ter storage from the previous month, and P; and PET; represent the precipitation and
PET in the month ¢, respectively. The deficit and surplus situations occur in the case of
PET > precipitation and precipitation > PET, respectively, resulting in soil moisture reduc-
tion and surplussing of storage capacity, causing runoff.

The normalized difference vegetation index (NDVI) surfaces, indicating green plants
health and abundance within an area, were generated using the Google Earth Engine (GEE)
platform for four seasons up to 2018. The spatial resolution of NDVI surfaces is 250 m,
and the observation interval was 16 days. The images in this process use the blue band to

7

remove residual atmosphere contamination caused by smoke and sub-pixel thin clouds,
computed from atmospherically corrected bi-directional surface reflectance masked for
water, clouds, aerosols, and cloud shadows [66].

The calculation of NDVI is as follows (Equation (5)), using spectral reflectance disparity
between the red (Red) and near-infrared (NIR) bands of an image [67].

NDVI = (NIR — Red)/(NIR + Red) )

Moreover, the distributional area of biomes to each geographical region and seasonal
NDVI values for each biome were identified through world biomes’ borders [68] extracted
from GEE and seasonal NDVI maps developed for the current study to evaluate the
spatiotemporal variation in NDVI. Accordingly, biomes were intersected with the regional
border to determine the areal percentage of each region’s biome type, and the average
NDVI of each biome type in each season was calculated using the zonal statistics tool in
ESRI’s ArcMap 10.2.

2.3. Interpolation Methods
2.3.1. ANUSPLIN (Australian National University Spline)

ANUSPLIN 4.4, the package in Fortran language, authored by Hutchinson and Xu [69]
and used for spatial interpolation of data (e.g., climate), employs a thin-plate smoothing
spline (TPSS) algorithm to fit climate maps to noisy data using one or more explanatory
variables. This technique performs better than other interpolation methods in complex
terrains [45]. This software includes different tools such as Spline, Selnot, Addnot, Lapgrd,
Lappnt, and Gevgml. It typically uses cross-validation to give predicted climate data
and its standard errors in point and grid format. Wahba [70,71] introduced TPSS, but
Hutchinson [72] used it first to interpolate climate variables, creating ANUSPLIN.

Zi, indicating a corresponding variable (e.g., temperature, solar radiation, and relative
humidity) given by Equation (6), is needed to interpret program outcomes regarding TPSS
for N-measured data [69].
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zi= f(x;)+b"yi+e;(3=1,...,N) (6)

where f represents an unknown and smooth function of the explanatory variables denoted
as x;, which may include factors like longitude and latitude. y; signifies explanatory co-
variates like elevation. b is used to represent the coefficient associated with y;; e; represents
zero-mean random errors, accounting for measurement inaccuracies and insufficiencies
within the TPSS model having the variance wic?, where w; and 02 are the relative error vari-
ance (known) and error variance (unknown), respectively. These variances remain constant
across all data points [69,72]. The function f and the coefficient vector b are determined
through the minimization of Equation (7).

2

o — f(x:) — bTy:
Zfl(l fx) by‘) +0Jm(f) 7)

wi

Here, J;u(f) serves as a measure of the complexity of f, and the “roughness penalty” is
defined concerning an integral involving mth-order partial derivatives of f. On the other
hand, p, a smoothing parameter, is shown with a positive number. The closer this value is
to zero, the better the interpolant from the fitted function. If p tends towards infinity, the
function f approaches a least squares polynomial.

The smoothing parameter selection typically involves minimizing the measured pre-
dictive error for the fitted surface, calculated using generalized cross-validation (GCV). In
this process, GCV is determined by systematically excluding each data point, computing
the residual from the omitted data point based on a surface fitted to all the other data points
using the same p value. Equatioin (8) quantifies the GCV for each value of p by summing
up these squared residuals with appropriate weights [69,73].

W ta - Ay|*/N

GCv /
[tr(I — A)/N]

(®)

A, I, and Tr (I — A) in the above equation represent the identity matrix, influence
matrix, and residual degrees of freedom. In contrast, Equation (9) calculates W, which is
the diagonal matrix.

W =diag(wl...wN) )

The variance ¢ of the data error ¢; is calculated by Equation (10).

1 2
W (I = A)z|
tr(l—A)

VAR = (10)

The true mean square error of the fitted function (MSE) across the data points, the
unbiased estimation, can be calculated by Equation (11), provided that the variance (¢?) is
either known or estimated.

MSE = |[W~(I — A)z|*/N — 20%tr(I — A)/N + o (11)

Craven and Wahba [74] have shown that under suitable conditions, the formula
transformed into Equation (12);

GCV = MSE + ¢ (12)
The weighted mean residual sum of squares (MSR) is calculated using Equation (13).

MSR = [|[W=1(I— A)z||*/N (13)



Sustainability 2025, 17, 430

8 of 28

The square roots of VAR (RTVAR), GCV (RTGCV), MSE (RTMSE), and MSR (RTMSR)
are also calculated in the package and written to the output log files.

This study employed a second-order spline in combination with square root trans-
formation for seasonal and annual AET, issued by Hutchinson and Xu [69], to mitigate
the positive skewness of the data using ANUSPLIN version 4.4 with the SPLINE and
LAPGRD tools.

Specifically, the SPLINE was used to fit a partial thin plate smoothing spline (TPSS)
function to one or more independent variables, while the LAPGRD was utilized to calcu-
late values and Bayesian standard error estimates of partial TPSS surfaces on a regular
rectangular grid.

2.3.2. Inverse Distance Weighting (IDW)

IDW is one of the simplest and most widely used interpolation techniques. This
method predicts unknown values at each point by computing the weighted mean of
adjacent data points from the nearest 10-30 neighbors within a certain radius [75,76]. The
approach is based on the assumption that values at closer locations are more similar to
their values. Equation (14) is used to calculate the weighted means.

dip
o1 (14)

no 1
=l dp

1
A= —

where d; is the distance between points (xg and x;), p is the power parameter (especially
set to 2), an indicator for the accuracy, and n shows the number of points to be used
for interpolation. The interpolation is considered local, not global, when p is greater
than 2 [77].

2.3.3. Ordinary Kriging (KRG)

Unlike IDW, KRG uses a linear combination of weights at known points to predict
values at unknown points [78,79].
KRG uses a geostatistical model (Equation (15)):

Z(s) = u+e(s) seD (15)

where y represents the structural component of the field of interest, (s) is the smooth
variation plus measurement error, and D is the examination area.

The ordinary Kriging estimation is defined as a linear weighted average of the current
number of observations (n), as indicated by Formula (16).

2(so) =Y 0 Aiz(si), Yo A=1 (16)

where 2(sp) is an estimate of KRG at sy location, z(s;) denotes the measured value at the
known ith point (i = 1,..., n), n is the number of adjacent stations used to compute the
interpolation, and Ay ..., A, are weights based on the variogram [75].

2.4. Statistical Analyses and Evaluation of Model Performance

Point- and polygon-based approaches were followed to determine the associations
between seasonal and annual NDVI and their corresponding AET across the country. About
7000 data points were randomly created and distributed over the study area using ArcMap
for the point-based method, and 922 polygons (equaling each county in Turkey) were
selected for the polygon-based approach. Then, AET and NDVI values for each point and
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polygon were extracted from the developed surfaces in ArcMap using the extract values to
points and the zonal statistics tools. The statistics for AET and NDVI, such as minimum,
maximum, and mean values for each geographical region, were computed also using zonal
statistics tools. The regional statistical differences were tested using the Kruskal-Wallis test,
the non-parametric equivalent of one-way ANOVA, and Dunn—Bonferroni tests for pairwise
comparisons because of violations of parametric assumptions such as normal distribution
and equality of variances [80]. Finally, the correlations with correlation coefficient, mean
error, and mean absolute error between observed and predicted AET based on NDVI were
determined and plotted for the test and training datasets using the SPSS Modeler 18.5 [81].

Model performances were evaluated using metrics such as Rzadj, RMSE, MAE, and
ME, calculated with Equations (17)—(20).

RMSE = \/ % Yo (i —9) (17)

MAE = % Yo v — 9l (18)

R2=1- m,lﬁﬁ =1-(1-R?) [n_"(;il)] (19)
ME — it (;{; ) 20)

where 7 is the predicted value of y, ¥ is the mean value of y, n, and k are the number of
observations and estimated parameters, respectively.

3. Results and Discussion
3.1. Spatiotemporal Interpolation by ANUSPLIN and Evaluation of Model Performance

Table 1 summarizes the regional variations in temperature and precipitation at annual
and seasonal scales. Accordingly, the mean annual temperature (MAT) is 13.1 °C, ranging
from 3.7 °C to 20.2 °C in the study area. Mean annual total precipitation (MATP) is
634.6 mm, with a minimum of 263.7 mm and a maximum of 2278.5 mm. Apparent regional
disparities emerge as CA and BS exhibit the lowest and highest MATP at 422 mm and
854.7 mm, respectively. EA and MED, on the other hand, show the lowest and highest MAT
at 9.6 °C and 17.0 °C, respectively.

National meteorological data from 274 stations also reveals distinct regional disparities
in temperature and precipitation across seasons. During winter, the EA region experiences
the country’s coldest temperatures, plummeting to —6.5 °C. Conversely, summer brings
scorching heat to the SA region, with recorded highs of 32.4 °C. Precipitation patterns also
exhibit regional variations. The AEG region receives the least rainfall in summer, averaging
a mere 2.4 mm, while autumn delivers the most abundant rain to the BS region, reaching a
peak of 845.6 mm.

Leveraging the capabilities of ANUSPLIN’s SPLINE and LAPGRD tools, a comprehen-
sive analysis of interpolated actual evapotranspiration (AET) across Turkey for 1960-2017
was conducted. This investigation delved into seasonal variations and annual totals, gen-
erating detailed summary statistics presented in Table 2. The robust dataset employed
encompassed data from randomly distributed 221 training (80%) and 53 test stations (20%),
which enabled the construction of accurate seasonal (spring: AETspr, summer: AETsum,
autumn: AETaut, and winter: AETwin) and annual (AETann) surfaces, along with their
associated error covariances (standard errors) (Figures 3 and 4).
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Table 1. Descriptive statistics for seasonal and annual temperature and precipitation by region
obtained from 274 weather stations across the country from 1960 to 2017.

Region Stat Temperature (°C) Precipitation (mm)

Spr Sum Aut Win Ann Spr Sum Aut Win Ann

MED Min 8.0 19.5 10.3 —-0.2 8.8 85.7 11.0 73.7 128.3 375.2
Max 18.5 28.2 22.5 14.8 20.2 339.6 106.4 293.9 627.7 1140.7

Mean 14.7 25.2 179 9.0 16.3 179.7 41.8 164.4 3324 726.2

EA Min 2.5 14.5 5.4 —6.5 3.7 107.0 16.7 54.6 45.1 263.7
Max 13.2 27.2 16.2 4.6 14.8 414.7 224.8 240.8 462.3 1166.0

Mean 8.3 21.7 11.5 —0.6 9.6 215.5 56.9 129.7 182.0 582.4

AEG Min 9.9 19.9 11.7 2.7 10.7 118.5 2.4 58.1 103.7 386.8
Max 17.3 27.4 21.2 144 19.6 240.2 75.9 291.8 708.2 1258.4

Mean 13.9 24.8 16.5 8.3 15.5 156.2 38.2 148.5 310.1 660.5

SE Min 12.5 26.7 16.0 5.0 14.8 91.8 4.5 54.1 126.4 292.2
Max 17.5 324 21.0 9.4 19.6 272.2 23.9 164.7 390.3 844.1

Mean 15.0 29.2 18.5 7.1 17.0 178.2 13.0 110.3 245.2 566.6

CA Min 6.1 17.3 8.2 —2.3 6.8 100.7 31.6 61.7 81.3 297.2
Max 12.1 233 14.0 4.0 13.0 2114 104.4 166.9 370.5 777.6

Mean 9.8 20.7 11.8 19 10.6 142.6 56.8 87.7 135.0 422.0

BS Min 6.3 16.4 8.9 —2.4 7.0 125.1 57.9 80.5 88.6 394.4
Max 13.2 239 16.6 10.0 14.8 344.5 492.0 845.6 711.1 2278.5

Mean 11.1 21.1 14.0 6.0 12.6 185.6 161.3 262.1 273.1 854.7

MAR Min 3.3 13.3 6.5 -1.1 5.1 1153 21.8 104.2 1449 461.4
Max 14.9 259 17.6 10.3 16.6 403.4 172.7 351.0 554.1 1464.4

Mean 12.1 22.6 15.0 7.1 13.8 164.8 82.2 193.5 278.1 707.2

Country Min 2.5 13.3 5.4 —6.5 3.7 85.7 2.4 54.1 45.1 263.7
Max 18.5 324 22.5 14.8 20.2 414.7 492.0 845.6 711.1 2278.5

Mean 11.7 23.1 14.5 5.0 13.1 174.5 65.4 153.7 242.6 634.6

Table 2. Diagnostic metrics for seasonal AET (mm) surfaces generated by ANUSPLIN across
the country.

Seasons Signal Ratio Min. Max. Mean SD. SE RTGCV  RTMSE RTMSR  RTVAR p
Spring 0.58 21.12 204.00 133.70 25.54 0.80 3.15 1.55 1.31 1.96 0.01
Summer 0.45 5.42 503.90 141.80 68.1 3.01 11.87 5.90 6.56 1.54 0.02
Autumn 0.68 35.56 193.30 81.49 34.7 1.39 5.66 2.64 1.82 1.34 0.05
Winter 0.52 0.00 74.00 10.51 20.94 0.70 2.77 1.38 1.32 0.64 0.01
Annual 0.54 225.90 755.30 364.30 93.99 3.69 14.52 7.24 6.71 2.74 0.01

SD: standard deviation; SE: standard error; RTGCV: root means predictive error; RTMSE: root mean square error
estimate; RTMSR: root mean square residual of the spline; RTVAR: standard deviation of the noise in the spline.

Table 2 provided insights into the spatial and temporal variability of AET across
Turkey. The annual average AET is 364.3 & 23.3 mm, with considerable spatial variability
ranging from 225.9 & 18.6 mm to 755.3 & 35.8 mm, which is consistent with the findings
reported by Boliik [64].

Winter is the season with the lowest average AET at 10.5 £ 2.5 mm, exhibiting fur-
ther extremes up to 74.5 & 9.5 mm. Conversely, summer reigns supreme in terms of
AET, boasting an average of 141.8 & 22 mm and a more comprehensive range spanning
5.4 + 4.6 mm to 510.2 £ 56.7 mm. Based on the average AET from the regions by season
(Table 3, Figure 5), the highest AETann was observed in BS (453.1 & 26.2 mm) and MAR
(436.2 & 25.5 mm), followed by decreasing order through MED (369.3 £ 23.4 mm), AEG
(366.3 = 22.9 mm), CA (330.8 =+ 22 mm), EA (329.5 £ 22.4 mm), reaching the lowest value
in SE (295.7 £ 20.9 mm) (p < 0.001). The highest seasonal AET values by region were
observed in SE during spring (157 & 5.0 mm), BS during summer (224.8 £ 28.5 mm), MAR
during autumn (116.5 & 9.1 mm), and winter (26.2 = 5 mm). Similar results were reported
in other studies in Algeria and India [29,82,83], attributing the higher AET to abundant
precipitation and dense vegetation in northern parts compared to southern ones.
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Figure 3. The interpolated AET surfaces by season for Turkey ((a): spring, (b): summer, (c): autumn,
(d): winter, (e): annual).
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Figure 4. The surfaces for standard error of interpolated AET by season ((a): spring, (b): summer,
(c): autumn, (d): winter, (e): annual).
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Table 3. Descriptive statistics regarding predicted AET with SE by geographical region.
Region Statistic AETspr AETsum AETaut AETwin AETann
Min 82.7 £39 57+47 517+ 6 0+0.2 295 +214
AEG Max 1923 £6.3 2152 +£29.6 1419 £10.7 743 +94 434.1 £26.7
Mean 1512 £49°2 102.6 =184 7% 863+7.62 21.6+422 366.3 £2292
Min 349 £33 115 £19.6 545+ 6.2 0+0.2 297.3 £ 21.1
BS Max 176.1 £5.7 510.2 £+ 56.6 193.3 £ 125 58 £ 8 755.3 £35.8
Mean 1263 £ 4.6° 2248 £285° 102 £85P 10£25P 453.1 £26.2°
Min 475 £3.5 36.7 £11.5 40+55 0+0.2 2425+ 19.5
CA Max 1821 +£55 300 £41.1 105.7 £9.1 359£6 454 £+ 27.8
Mean 1342+ 46°€ 1339 +£21.6°¢ 63.8 +6.6€ 31+14°€ 330.8 +22°¢
Min 21.1£29 60.4 £ 14.6 35.6 £5.8 0+0.2 2259 +£19.5
EA Max 166.7 £ 7 473.7 £ 55.3 1223 £11.1 133 +£5 583.3 £34.7
Mean 101.1 +4.14 1735 +£254 677 £74 04+049 329.5 £ 22449
Min 69.8 £3.6 472 +£129 63.7 £ 6.6 0+0.2 3245 +221
MAR Max 176.7 + 6.6 299 + 345 183.1 £13.3 56.9 £ 8.2 646.1 £ 34.2
Mean 148.6 492 142 +£22.3¢ 1165+£9.1¢ 262+£5¢ 436.2 +25.5P
Min 55.7 £ 3.5 158 +£7.6 439 £5.8 0+0.2 237.6 = 19.5
MED Max 204+ 6.7 301.2 £41.2 181.8 £13.8 71.5+£9.2 532.7 £33
Mean 1458 £49°¢ 1064 £19.12 926+8° 18+ 35" 369.3 +234°¢
Min 56.1 £3.5 85£6 474 £5.7 0+0.2 252 +£18.5
SE Max 201.8 £ 6.2 198.6 + 30.7 1345+ 104 339=£6.1 426.5 + 26.4
Mean 157 £ 51 58.8 +139¢ 66+ 6.8 f 114+31f 295.7 £20.9 f
Min 21.1£29 5746 35.6 £5.6 0+0.2 2259 +18.6
Country Max 201.8+7.2 510.2 £ 56.7 193.3 £13.9 743 £95 755.3 £35.8
Mean 133.7 £ 4.7 141.8 + 22 81.5£75 105 £25 364.3 £23.3
Different Superscripted lower-case letters attached to mean values indicate significant regional differences
according to the Dunn—Bonferroni test following the Kruskal-Wallis test. MAR: Marmara, AEG: Aegean, BS: Black
Sea, CA: Central Anatolia, EA: Eastern Anatolia, MED: Mediterranean, SE: Southeastern Anatolia. Spr: spring,
Sum: summer, Aut: autumn, Win: winter, Ann: annual.
30
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=
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Figure 5. The distribution of AET (a) and error covariance of AET (b) to the region by season.
MAR: Marmara, AEG: Aegean, BS: Black Sea, CA: Central Anatolia, EA: Eastern Anatolia, MED:
Mediterranean, SE: Southeastern Anatolia. Spr: spring, Sum: summer, Aut: autumn, Win: winter,
Ann: annual.
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This spatial variation in AET, under the control of regional LULC, aligns with the
results of Dong, Hu, Wei, Liu, Xu, Yan, Chen, Li, and Khan [18] and Yao et al. [84], who
reported a decreasing trend in AET from evergreen forests to sparsely vegetated or barren
lands. This pattern was attributed to the processes of transpiration and evaporation,
hydrothermal conditions, and vegetation changes.

Spring and summer contributed more to the annual AET, accounting for 75% of the
total (Spr: 36.4% and Sum: 38.6%), followed by AETaut (22.2%) and AETwin (2.9%). Jian
et al. [85] also found similar contributions of seasons to the AETann (AETsum: 114.8 mm,
AETspr: 42 mm, and AETaut: 21.8 mm) in the Tarim River Basin, China. AET reached
its annual minimum during winter. The combined influence of plant dormancy and
reduced soil water evaporation primarily drives this decline. When most plants wilt and
transpiration nearly ceases, only weak evaporation from soil moisture sustains AET at this
low level. Spring, however, brings a dramatic reversal. Increased precipitation and rising
temperatures foster the return of vibrant vegetation. Transpiration is rapidly amplified as
plants resume their active water exchange. Simultaneously, the warming soil contributes to
an enhanced rate of evaporation. This potent synergy triggers a gradual yet substantial
ascent in AET, marking spring as a period of revitalized water loss from plant and soil
surfaces [43].

The average AETann covariance error exhibited considerable variability, ranging from
4.4% to 13.0%, with an average of 6.5% across the country. This variability manifested
seasonally, with AETspr and AETaut exhibiting the lowest average error of 9.7% (range:
2.7-14.4% and 5.9-23.8%) and AETwin the highest at 36.0% (range: 11.9-147.5%), followed
by AETsum (average: 17.6%, range: 10.8-43.7%) (Figure 4, Table 3).

The spatial (regional) and temporal (seasonal) variability in the error covariances
of AET fluctuated depending on the topography, which controls the climatic parameters
shaping vegetation cover. The models performed worst in predominantly mountainous
regions of BS and EA during spring, likely due to lower temperatures and NDVI values.

Similarly, in SE, MED, and AEG during summer, errors were probably related to
insufficient soil water retention, exacerbated by higher temperatures and reduced rainfall.
In autumn, central regions like CA, EA, and SE, relatively far from the sea and characterized
by sparse vegetation and low precipitation, showed significant errors, particularly in the
mountainous areas of EA and CA, where temperatures remained relatively low (Table 1,
Figures 6 and 7).

These spatial and temporal variations in model performance highlight the critical
role of climatic conditions, such as precipitation, temperature, vegetation cover, and soil
moisture, influencing AET estimations. Previous research has shown that AET accuracy
improves in densely vegetated areas compared to sparsely vegetated regions [25,43,80].
In China, the correlation between NDVI and AET was reported as r = 0.67 [28] and
r = 0.87 [22]. Furthermore, the effects of precipitation (r = 0.66) and temperature
(r = 0.93) on the AET model precision were demonstrated by Ling, Yang, Xu, Yu, Xia,
and Guo [22], who also proved the soil wetness index’s effects on the model precision,
reducing the estimation errors by 12.5 to 26.5%, underscoring its importance in regions
with complex topography. On the other hand, the spatial patterns of annual AET and its
error covariance in the present study resemble those of annual precipitation and its error
surfaces presented by Yener [87] for Turkey, which shows higher interpolation error could
be attributed to scarce weather stations in mountainous parts of the regions such as the
Black Sea and Eastern Anatolia. Wu, Liu, and Xing [33] and Wang, Sun, Li, and Luo [32]
also attributed significant prediction errors, especially in mountainous regions in Anhui
province and the Yellow River basin in China, to scarce weather stations.
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Figure 6. Average NDVI by season for Turkey ((a): spring, (b): summer, (c): autumn, (d): winter,
(e): annual).
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Figure 7. Average seasonal and annual NDVI by geographical regions (Spr: spring, Sum: summer,
autumn: Aut, Win: winter, Ann: annual.). Colors represent the seasons and annual values: orange
for spring, blue for summer, yellow for autumn, gray for winter, and green for annual. Different
lower-case letters attached to mean NDVI values indicate significant differences by region according
to the Dunn—Bonferroni test following the Kruskal-Wallis test.

However, ANUSPLIN outperformed most studies with fewer errors than other meth-
ods because it considers the spatial variability in topography using all data points [34,88].

This study optimized the seasonal and annual AET interpolation by employing some
diagnostic statistics (Table 2) proposed by Hutchinson and Xu [69] to evaluate interpolation
performance, such as p, signal ratio, RTGCV, and RTMSE. The smoothing parameter (p)
had a specific range (0.01-0.02), slightly adjusting to p = 0.05 for autumn. This approach
balanced model flexibility, allowing it to adapt to seasonal variations while minimizing
the overfitting issue. The model’s degrees of freedom, represented by the signal ratio,
ranged from 0.45 to 0.68 throughout the year. These values, around half the number of
weather stations, suggest an appropriate balance between model complexity and data
accuracy, the proof of capturing spatial variations without overfitting or losing sight
of the actual data. Robust performance metrics like RTGCV (2.77-11.87 mm annually)
and RTMSE (1.38-5.90 mm annually) further confirmed the model’s effectiveness and
accuracy in capturing spatial AET variations throughout the year. This study successfully
characterized nationwide seasonal and annual AET variations by prioritizing model fit and
data accuracy. This study employed a high-resolution spatial grid of 0.005° (~600 m) to
generate seasonal and annual AET surfaces. The selection of spatial resolution is significant
for capturing climatic characteristics, particularly in regions with complex terrain like
Turkey [89]. The resolution suggests fine detail compared to other studies using the
ANUSPLIN model. For instance, Zhao, Li, Yang, Tang, Yin, Luan, and Sun [34] and Wang,
Wang, Ding, and Li [43] employed a 5 km resolution for their AET maps in China. Even
AET maps with coarser resolutions were developed in studies such as Tait and Woods [31],
using a ~6 km resolution for New Zealand. The resolution in interpolation studies utilizing
other methods ranged from coarser, e.g., 9.3 km for Columbia [39], moderate, e.g., ~1 km
for the Tibetan Plateau with an area of 2.5 million km? [90], to finer, e.g., 30 m for the
Colorado River Basin with an area of 630,000 km? [91].
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3.2. Validation and Comparison

Model validation was tested with error metrics such as R? adjs RMSE, MAE, and ME
(detailed in Table 4), computed using differences between fitted surfaces and withholding
data, which was 20% of all weather stations. These metrics were also used to compare
ANUSPLIN-fitted surfaces with others, such as IDW and KRG.

Table 4. Comparison of interpolation techniques with error metrics between observed and predicted
AET (mm) for the test dataset.

Method ANUSPLIN IDW KRG
Season Mean RMSE MAE ME R? adj RMSE MAE ME R? adj RMSE MAE ME R? adj
Spring 150.7 5.56 4.12 0.90 0.93 10.29 7.81 1.37 0.77 10.90 8.23 1.38 0.75
Summer 127.1 33.14 22.94 —-2.14 0.73 36.25 23.87 —1.80 0.69 34.32 2277 =327 072
Autumn 93.9 10.50 8.06 0.33 0.91 17.77 12.12 0.19 0.75 26.04 1796  1.98 0.46
Winter 20.1 4.33 2.90 0.19 0.94 8.02 5.35 —0.61 0.81 9.60 6.42 -0.39 0.72
Annual 391.7 39.35 26.77 —-2.72 0.83 52.20 30.88 —0.86 0.71 68.91 4234  3.01 0.49

RMSE: Root mean squared error, MAE: Mean absolute error, ME: Mean error or bias, Rzadj: Adjusted coefficient of
determination. The bold values indicate that the performance criteria are superior to other methods.

The models’ fit was adequate according to model metrics. The ANUSPLIN-fitted
surfaces accounted for the variation in AET by annually 83% with an RMSE of 39.35 mm
and seasonally ranged from 73% in summer with an RMSE of 33.14 mm to 94% in winter
with an RMSE of 4.33 mm. The seasonal bias (ME), which was relatively small and ranged
between —2.14 mm (underestimation) and 0.90 mm (overestimation), also supported the
models” adequacy, compared to IDW (annual: —0.86 mm, seasonal: —1.80-1.37 mm) and
KRG (annual: 3.01 mm, seasonal: —3.27-1.38 mm).

These performance metrics are consistent with the previous studies using the ANUS-
PLIN model [28,31,32,34,43,92,93] at various scales and capturing the variation in evapo-
transpiration (AET, PET) at variable rates. For instance, Tait and Woods [31] interpolated
the PET over New Zealand using ANUSPLIN with a resolution of 0.05°, which resulted
in lower errors and more accuracy in complex terrain, minimizing the GCV [34], with
RMSE ranging from 0.4 mm in winter to 1 mm in summer. Similarly, Wang, Sun, Li, and
Luo [32] and Wang, Luo, Shafeeque, Zhou, and Li [28] interpolated the monthly PET over
the Yellow River Basin, China, having an area of 774,700 km?, with an RMSE of 6.5-7.9 mm.
The PET decreased from SE to NW in the region because the SE was dominated by dense
vegetation like forests, which consume more water than other land-use types. On the other
hand, Rigden and Salvucci [93] interpolated the ET with the RMSE, ranging from 87 to
125 mm/year, over America, using four different methods and 305 weather station data.
Another study [91] interpolating the AET in the Colorado River Basin, USA, determined
the bias and Rzadj to be between —16 and 22 mm and 0.52 and 0.88 in the study where
they interpolated the AET in the Colorado River basin using MODIS and Landsat-based
image combinations.

In this study, IDW and KRG techniques exhibited lower performance than ANUSPLIN.
R? adj was 0.71 and 0.49 annually; seasonally, it ranged from 0.69 to 0.81 and 0.46 to 0.75
for IDW and KRG, respectively. Their annual RMSE was 52.20 mm and 68.91 mm and
seasonally ranged from 8.02 to 36.25 mm and 9.6 to 34.32 mm for IDW and KRG, respectively,
which suggests that although both interpolation techniques captured general trends, the
models’ precision in estimating particular data points was less consistent than that of
ANUSPLIN. Several climate-related studies, including those by Basconcillo et al. [94] in the
Philippines and Zhao, Huang, Xie, Wu, Xie, Feng, and Chen [89] in the Tibetan Plateau,
reported better interpolation performance with ANUSPLIN than with others such as IDW
and KRG, since ANUSPLIN, using the longitude and latitude as independent and elevation
as a covariate, captured the variation in AET.
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Various studies have also been implemented to interpolate/predict and map evapo-
transpiration over the world [19,22,40,95,96] using different methods except ANUSPLIN
and comparing them with others.

Several studies performed in Turkey employed topographic (LAT, LONG, ELEV) and
climatic (temperature, solar radiation, relative humidity, and wind speed) data as predictors
to estimate and map the ET using various techniques except ANUSPLIN, such as MLR,
RE, support vector regression (SVR), extreme machine learning (EML), ANN, adaptive
network-based fuzzy inference system (ANFIS), and the METRIC method, satellite-based
mapping evapotranspiration at high resolution and with internalized calibration. Among
these, the ANFIS model achieved the highest accuracy (Rzadj =0.98, RMSE = 0.2 mm) [48],
followed by ANN (R2adj =0.94-0.97, RMSE = 0.4-15.6 mm) [49,97,98], EML (R?,4j = 0.95,
RMSE = 1.15 mm) [46], and METRIC (Rzadj = 0.63-0.98, RMSE = 0.6-1.2 mm) [99]. The
achievements of methods with the best accuracies could be attributed to considering the
nonlinear relations [46]. Another example [15] of interpolating ET in the central Black Sea,
Turkey, used 72 weather stations’ data employing several methods such as MLR, Kriging
(simple, ordinary, universal), spline, and IDW, and the MLR outperformed.

The studies performed abroad using other methods (random forest, nearest neigh-
bor, local average) besides IDW and KRG yielded different results. For example, the
survey conducted in northeast Brazil by da Silva Junior, Medeiros, Garrozi, Montene-
gro, and Gongalves [37] found the RF with 0.93 to 0.96 R? adj and 1.64% RMSE to be the
best-performing method to interpolate ET; the nearest neighbor method was found to
be superior in Oklahoma with a coefficient of determination of 0.98 in Walsh, Solie, and
Raun’s [38] study. Mardikis, Kalivas, and Kollias [30] used MLR, gradient-plus, GIDS,
and RK, besides the abovementioned techniques, to interpolate ET and GIDS, and RK
outperformed with an MAE of 0.124 to 0.160 mm/day.

3.3. Spatiotemporal Variation in NDVI and Its Relationship with AET
3.3.1. Spatiotemporal Variation in NDVI

Figures 6 and 7 demonstrate the spatial and temporal variability of NDVI throughout
Turkey. The annual average NDVI with standard deviation is 0.33 £ 0.16, ranging from
—0.20 to 0.88, indicating significant spatial heterogeneity, and considering the temporal vari-
ability, summer and spring exhibit the highest average NDVI (0.38 & 0.19 and 0.38 & 0.16),
followed by autumn (0.33 =+ 0.17) and winter (0.23 £ 0.18), which aligns with the AET
(Figure 3, Table 3). Figure 7 shows the regional variations of NDVI. MAR had the highest
annual average NDVI with 0.51, followed by BS (0.46), AEG (0.42), MED (0.36), SA (0.27),
CA (0.24), and EA (0.22), whose NDVI was the lowest. The average NDVI reaches peak
values mostly in summer and spring, ranging between 0.24-0.59 and 0.24-0.48, respectively,
and the lowest value mostly in winter, ranging from 0.15 to 0.40. Notably, the spatial
variations by season align with the AET trends (Figures 3 and 5) with minor discrepancies.
Some studies also found similar seasonal trends to those in the present study, indicating
the most NDVI in the growing season, followed by autumn and winter.

Vegetation has numerous vital roles in terrestrial ecosystems’ biogeochemical cycles,
energy exchange, and water balance, and therefore, global climate change and NDVI repre-
sent the trend of vegetation growth. The main driver of NDVI fluctuations is climate (e.g.,
rainfall and temperature), followed by land cover and others (e.g., population) [100-103].
For example, the study performed by Yang, Wang, Bai, Tan, Li, Wu, Tian, Hu, Li, and
Deng [100] over the world implied a negative correlation between NDVI and temperature
in relatively arid regions and positive correlations in mostly subhumid or humid areas
worldwide. The decreasing trend in NDVI with elevated temperature is attributed to
increased soil evaporation, causing disruptions in photosynthesis. Unlike these relations,
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NDVI increased with abundant rainfall in dry areas, improving plant growth, and de-
creased in relatively moist regions, in which abundant rainfall causes increased cloud
cover, reduced incident radiation, and increased soil moisture, negatively affecting plant
growth [104].

Because the biome types are closely related to climate, the spatiotemporal variation
in NDVI values was also evaluated in light of biomes in the study area. Accordingly,
four distinct biomes were identified in the country according to Dinerstein, Olson, Joshi,
Vynne, Burgess, Wikramanayake, Hahn, Palminteri, Hedao, Noss, Hansen, Locke, Ellis,
Jones, Barber, Hayes, Kormos, Martin, Crist, Sechrest, Price, Baillie, Weeden, Suckling,
Davis, Sizer, Moore, Thau, Birch, Potapov, Turubanova, Tyukavina, de Souza, Pintea, Brito,
Llewellyn, Miller, Patzelt, Ghazanfar, Timberlake, Kloser, Shennan-Farpon, Kindt, Lillesg,
van Breugel, Graudal, Voge, Al-Shammari, and Saleem [68], with the following percentage
areas: Temperate Broadleaf and Mixed Forests (BROADMIXED, 39.1%), Mediterranean
Forests, Woodlands, and Scrub (MEDFOR, 34.4%), Temperate Grasslands, Savannas, and
Shrublands (TEMPGRASS, 13.5%), and Temperate Conifer Forests (TEMPCONFOR, 13.0%).

Figure 8a highlighted that the MEDFOR biome predominates in four regions (SE,
MED, MAR, AEG). The regions CA and EA were dominated by the BROADMIXED biome
and TEMPGRASS biome, respectively. However, the region BS was dominated nearly
equally by BROADMIXED and TEMPCONFOR biomes. Except for the winter season, there
is an order for the regions MAR/BS > AEG > MED > SE > EA/CA regarding NDVI. MAR
exhibits higher NDVI values than BS in the spring and for the whole year. In contrast, the
BS surpasses the MAR during summer and autumn. In the winter, the order changed most
entirely as follows: MAR > AEG > MED > BS > SE > EA > CA because of the decreased
temperature and its growth-reducing effect. The higher NDVI in the MAR than that of
the BS region in the spring, winter, and annually could be attributed to relatively higher
temperature-promoting physiological processes in plants and, thus, higher growth and
longer growing seasons [105]. This spatiotemporal NDVI variation could be linked to the
dominant biome types in the regions (Figure 8a,b). Namely, while the MEDFOR biome
dominates the MAR region, the BS is dominated by the TEMPCONFOR biome.

AEG I ————
BS |
CA I |
EA .

MAR [ —— I

MED
SE

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
B Mediterranean Forests, Woodlands & Scrub Temperate Broadleaf & Mixed Forests
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Figure 8. Cont.
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Figure 8. Areal distribution of biome types (a) and average seasonal NDVI values by biome
(b) across regions.

Ergiiner et al. [106] and Akttirk [107] attributed the highest NDVI value in the regions
dominated by the MEDFOR biome to optimal rainfall and temperature conditions and
available soil water capacity (AWC), especially in growing seasons, supporting plant
growth. The regions CA and EA experienced the lowest NDVI values in almost all seasons,
which are dominated by or include TEMPGRASS and BROADMIXED biomes characterized
by relatively low rainfall and high temperatures and thus low AWC in the growing season
(Table 1) [106].

Considering the weights of biomes in each region and looking at the seasonal NDVI
values distribution by region (Figure 8a), it is noticed that it fits Figure 8b, showing seasonal
NDVI values of each biome.

3.3.2. NDVI—AET Relations

Figures 9 and 10 summarized the correlations between NDVI and AET, validat-
ing them with test data and performance metrics (r, ME, and MAE for point- and
polygon-based data).

The correlation coefficient between seasonal NDVI and AET showed variations, rang-
ing from 0.49 in summer to 0.71 in winter for point-based data and 0.62 in spring to 0.83 in
autumn and winter for polygon-based test data. Similarly, the MAE trended seasonally,
changing from 14.0% in spring to 68.2% in winter for point-based and 9.6% in spring to
33.7% in winter for polygon-based test data. Unlike the seasonal relations, the annual
relations between AET and NDVI data were more accurate, as evidenced by higher r (0.67
to 0.86) and lower MAE (8.5 to 11.4%). The outperforming of the polygon-based (Figure 10)
to the point-based (Figure 9) method in determining spatial relations was evidenced and
discussed by Zhan et al. [108] and Visztra et al. [109].

The relationship between AET and NDVI is reciprocal, complex, and essential for
understanding water cycles and plant dynamics [110], which means rising AET through
enhanced temperature, especially in semiarid and arid areas, reduces plant growth and
increases mortality, evidenced by Vatandaslar et al. [111], reporting Taurus fir mortality
in the Central Mediterranean region of Turkey because of increases in AET together with
reductions in precipitation; conversely, denser vegetation causes rising AET through en-
hanced transpiration [112]. The effect of changing AET on NDVI is also manifested in
other ways. AET plays a role in supporting plant growth by impacting soil moisture levels.
Limited soil moisture may, therefore, harm vegetation [83]. Thus, AET plays a pivotal role
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an increase in AET corresponds to greater biomass captured by elevated NDV], a reduction,
on the contrary, may result in a decline in plant health reflected by lower NDVI values [114].
Therefore, it has been the subject of numerous studies [20,28,95,96,115-120]
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Figure 9. Correlation between NDVI-based predicted and observed AET using point data ((a): spring,
(b): summer, (c): autumn, (d): winter, (e): annual).

These studies across diverse regions have consistently shown that NDVI, as a proxy
for vegetation health and density, is closely related to AET, especially in drier seasons and
climates [20]. This relationship is often modulated by precipitation, temperature, soil mois-
ture, land cover, and topography [99]. The magnitude of the relationship between these two
components is related to the presence or absence of moisture alongside others (statistical
and analyzing methods used and the previously mentioned modulators), meaning strong
relations in subhumid and humid and weak ties in semiarid and arid regions.
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Figure 10. Correlation between NDVI-based predicted and observed AET using polygon data
((@): summer, (b): spring, (c): autumn, (d): winter, (e): annual).

For example, NDVI explained 50-52% of the variation in AET in semiarid grass-
lands [110] and 81% in subhumid and humid areas of Colombia [39]. Ling, Yang, Xu, Yu,
Xia, and Guo [22] noted similar positive correlations (r = 0.74) between NDVI and AET,
also having solid correlations with temperature (r = 0.87) and precipitation (r = 0.63) in the
Yiluo River Basin of China, which suggests higher AET because of higher NDVI due to
dense upstream vegetation, abundant rainfall, and sufficient energy for evaporation [85].
The close NDVI-AET relations (r = 0.38 to 0.59) in forested lands of Brazil were attributed to
the effect of temperature and soil water besides rainfall and the difference between rainfall
falling on the ground and used by vegetation [120,121]. Jaramillo et al. [122] attributed the
increasing AET to enhanced transpiration (surface water evaporation) depending on the
forest enhancement. The water evaporated through transpiration also changes by forest
stand types (e.g., species traits) besides LULC. For example, while spruce stands intercepted
and evaporated 20.6% of open area precipitation in Czechia, beech stands intercepted and
evaporated 7.8%, attributing higher stem flow of beech (18.8%) than spruce (1.4%) [123].
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4. Conclusions

Turkey’s diverse and complex physiography leads to significant climate variability,
which requires sufficient observation networks. However, many regions, especially those
far from industrialized areas, lack adequate meteorological stations, which makes it chal-
lenging to collect reliable weather data, stressing the necessity for robust spatiotemporal
climate models to predict variables such as precipitation, temperature, and evapotranspira-
tion. This study aimed to spatiotemporally interpolate and evaluate seasonal and annual
variations in AET across Turkey, focusing on geographical regions using the ANUSPLIN
model. ANUSPLIN is particularly effective in areas with sparse weather stations, intricate
terrain, and sharp elevation changes. Additionally, this study analyzed the spatiotemporal
patterns of regional NDVI and its relationship with AET, considering topography, climate,
and biome types.

To achieve this, data from 274 weather stations, with 20% withheld for model testing,
were used to generate seasonal and annual AET surfaces through ANUSPLIN. This method
produced more accurate estimates than other interpolation techniques, such as IDW and
Kriging, as evidenced by performance metrics, including signal ratio, RTGCV, RTMSE,
and RTVAR. Five high-resolution AET surfaces (0.005°, equivalent to about 0.6 km) were
created: one for each season and one for the entire year.

The analysis of AET’s spatiotemporal behavior showed that average seasonal AET
decreased in the order of spring > summer > autumn > winter, corresponding to variations
in precipitation and temperature, which also affected vegetation conditions. Regional AET
variability was similarly influenced, with coastal areas—characterized by higher rainfall
and temperatures and, therefore, more vegetation—exhibiting higher AET values. In
contrast, the interior regions, which are more arid and semiarid with lower precipitation
and temperature, showed lower AET values. Model performance was closely tied to
rainfall, temperature, and vegetation cover, with higher accuracy in areas with ample
rainfall and vegetation, which support the necessary heat flux for AET processes. Model
performance was lower in mountainous regions such as the BS and EA, where lower
temperatures and NDVI were observed. Similarly, the country’s inner parts, such as EA, SE,
and CA, exhibited reduced AET due to colder temperatures and sparse vegetation. Overall,
the model performed best in spring, summer, and autumn, with the poorest performance
in winter. It achieved its highest accuracy in regions with abundant precipitation and
vegetation, such as BS and MAR. It performed worst in SE and EA, with minimal rainfall
and vegetation.

This study also highlighted the significant influence of vegetation cover on AET,
reflected in both direct correlations and regional variations. In contrast, higher maximum
temperatures during summer, particularly in regions like SE, MED, and AEG, led to
drought conditions due to insufficient soil moisture, reducing both AET values and model
performance. NDVI patterns corresponded with biome types shaped by climate variation,
revealing that the TEMPCONFOR and BROADMIXED biomes dominate the humid and
subhumid regions, such as BS. In contrast, MEDFOR biomes are more prevalent in arid
and semiarid areas, such as the Mediterranean MED and MAR regions. Abundant rainfall
generally results in higher NDVI values, except in winter when temperature becomes a
more dominant factor than rainfall (as seen in BS vs. MAR).

Despite the strong performance of the models, this study is limited by the geographical
scope and the lack of predictive accuracy in certain areas, particularly mountainous regions
in the BS, EA, and MED. The scarcity of weather stations in these areas also impacts the
accuracy of the results. Future studies would pool data from additional weather stations
and satellite imagery and employ additional vegetation indices like NDVI, EVI, and SAVI
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as independent variables for modeling and mapping AET. Incorporating mobile weather
stations could further improve accuracy.
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