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ARTICLE INFO ABSTRACT

Although evapotranspiration might not be a limiting factor for water consumption in humid regions, it is a very
important parameter in irrigation scheduling and agricultural water management in those regions, and should be
estimated with high accuracy. The reference evapotranspiration (ET,) concept is a way for retrieving the actual
crop water requirements using a crop coefficient. The standard procedure for determining ET, values in lit-
erature is the Penman-FAO-Monteith (PFM) equation, which needs considerable meteorological inputs. In
practice, when all necessary data of PFM are not available, the consideration of estimated meteorological inputs
for this equation might be a suitable approach for deriving accurate ET, values. Further, the empirical ET,
equations and machine learning techniques relying on fewer meteorological variables are usually employed as
alternatives to the PFM equation. The present paper aimed at assessing the effect of considering calculated
missing meteorological variables on the performance accuracy of the standard PFM and some commonly used
empirical equations using daily data from six humid coastal locations in Iran covering a period of 10 years.
Moreover, the machine learning bootstrap aggregating-based random forest (RF) technique was applied under
the same conditions. Based on the obtained results, when replacing missing inputs by calculated ones, the
combination-based models (relying on estimated wind speed values) provided the most accurate results, while
using estimated solar radiation values reduced the model’s performance accuracy.
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1. Introduction accurately determined for a through water loss analysis. Humid regions,
on the other hand, receive considerable amounts of precipitation during

Most of the precipitation amount received by the ground surface is a year that can compensate the water losses due to ET process, although

returned to the atmosphere by the evapotranspiration process (com-
bined water loss due to the evaporation from the soil surface and crop
transpiration). Precise estimation of evapotranspiration (ET) is very
important at any region, as it affects the hydrologic cycle that roles all
hydrologic and near ground terrestrial phenomena. ET is an important
indicator in water resources planning and management, irrigation
scheduling, land drainage implementation, groundwater studies,
drought analysis, environmental analysis and agricultural water man-
agement. Despite water availability and crop type, meteorological fac-
tors (e.g. air temperature, humidity, solar radiation and wind speed)
have considerable effects on ET values under different climatologic
conditions. Regions with arid climates and limited water resources
show higher magnitudes of ET records especially during the warm
seasons, thus usually exhibit negative water budget during specific time
periods. Hence, ET is a crucial factor in such regions, and should be

water balance in the summer, when evapotranspiration amount exceeds
rainfall amount, can be negative. Although ET might not be a limiting
factor for water using in such regions, agricultural activities (especially
in irrigated cultivations) need an accurate ET value for any water-re-
lated activity in the farm and hydrologic basin scales. Moreover, this
parameter would be a crucial input for establishing any hydrologic
model in humid/arid regions. Therefore, it is necessary to have accurate
in-situ estimations of ET in different locations under any climatic con-
text. The main approaches of ET measurement are e.g. water balance
method (Guitjens, 1982), water vapor mass flux transfer method
(Harbeck, 1962) or lysimeter installation that imply all influential
parameters on ET (crop type and age, soil moisture, meteorological
conditions, etc). However, these approaches are time consuming and
expensive, limiting their applicability. Another possibility for de-
termining actual ET values is to apply the concept of reference ET.
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Reference evapotranspiration (ET,) represents the ET amount of a green
well-watered hypothetical canopy (grass) with a height of 12 cm,
aerodynamic resistance of 70 s/m and an albedo coefficient of 0.23
(Allen et al., 1998). Using this definition, ET, can be calculated from
meteorological variables through physics-based or empirical equations.

According to the FAO recommendation (Allen et al., 1998), the
physically-based Penman-FAO-Monteith equation (PFM) can be applied
for calculating the ET, values when measurements of this parameter are
not available. Among the major advantages of this equation are its
physical basis, its worldwide validation, as well as not requiring local
preliminary calibration. On the other hand, the high input requirement
is a major downside of PFM equation. Furthermore, other physically-
based equations, e.g. Kimberly-Penman (KP) (Wright and Jensen,
1972), can be used for computing alfalfa-reference ET (ET,). However,
the values obtained by this equation should be adjusted to provide the
reference grass ET values (ET,) in order to assess its performance ac-
curacy against the standard PFM equation. Therefore, adopting the
original PFM equation using estimated meteorological variables (in case
of data scarcity) or applying the empirical equations relying on fewer
input variables are common and valid practices worldwide. However,
as the basis of such kinds of studies is empirical, a priori (before con-
ducting the study) it is difficult to decide if a simpler equation is pre-
ferable to more complex models relying on calculated inputs. Stockle
et al. (2004) utilized the weather generator ClimGen for estimating
solar radiation and humidity data using 2-5 years daily data and con-
cluded that applying PFM with estimated meteorological variables
provided poor to acceptable results for daily values, while their per-
formances using weekly values were suitable. Gong et al. (2006) ana-
lyzed the sensitivity of PFM equation to meteorological variables in
China and stated that the relative humidity was the most influential
variable, followed by the solar radiation, air temperature and wind
speed. Popova et al. (2006) calculated the PFM ET, values with esti-
mated meteorological variables using 15 year observations of four
weather stations in Bulgaria. Jabloun and Sahli (2008) applied PFM
equation under full and limited data conditions in Tunisia and con-
cluded that it provided promising outcomes in both states. Landeras
et al. (2008) evaluated various scenarios of PFM equation applications
with estimated solar radiation and relative humidity parameters in
Spain and found that the error magnitudes when using estimated solar
radiation values were higher than those of the relative humidity.
Sentelhas et al. (2010) examined the PFM performance accuracy with
full and limited input variables using five years data from Canada. Their
results showed that wind speed and relative humidity had little effect
on the PFM performance, while when solar radiation data were missing,
PFM accuracy decreased considerably. Cordova et al. (2015) evaluated
PFM equation with limited data using meteorological variables of two
high-elevation weather stations in Ecuador and found that using esti-
mated wind speed values had lower impact than the estimated solar
radiation values on final PFM performance accuracy. These studies used
a method relying on temperature range (as will be explained later) for
solar radiation estimation and regional averaging (average of corre-
sponding events of nearby stations) for wind speed estimation. Djaman
et al. (2016) assessed the PFM capability under limited data conditions
using 14 years data from eight Sahelian sites. Based on their results,
estimating solar radiation using temperature range produced reliable
ET, outcomes for the studied regions. They also reported that esti-
mating missing wind speed values by utilizing local long term values of
this parameter provided promising results than using the recommended
default value suggested by the FAO (wind speed = 2 m/s). Similar
statements have been already presented by Rojas and Sheffield (2013).
Shiri (2017) applied PFM equation for arid regions with limited ob-
served meteorological parameters and stated that the PFM equation
that used the estimated solar radiation values (using temperature range
method) provided the most accurate results. The reviewed literature
showed that estimation of one or more meteorological variables affects
the performance accuracy of PFM model when compared to the
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situations where all data are available. The effect is more marked de-
pending on the missing parameter and its significance on the ET process
in the studied climatic context.

As an alternative to the PFM model, either empirical equations or
heuristic data driven approaches, relying on limited meteorological
parameters, might be used. Among the different existing equation al-
ternatives in the literature, some equations have been applied and as-
sessed widely under different climatic contexts, viz., temperature-based
Hargreaves-Samani equation (HR) (Hargreaves and Samani, 1982) and
radiation-based Priestley-Taylor (PT) (Priestley and Taylor, 1972),
Makkink (MK) (Makkink, 1957) and Turc (TU) (Turc, 1961) equations.
These equations differ in the way they select the input variables (me-
teorological factors). Trajkovic and Kolakovic (2009) compared dif-
ferent temperature-based and radiation-based equations against the
standard PFM model (monthly time step) in some humid stations and
introduced the Turc model as the most accurate approach of ET, esti-
mating in humid climates. Tabari (2010) evaluated HR, TU, MK and PT
equations under four climatic conditions of Iran and found that the TU
equation provided the most accurate results in cold humid and arid
climates, whereas the HR produced the best results in warm humid and
semi-arid climates. Tabari et al. (2013) applied some empirical ET,
equations under humid conditions of Iran and stated that the radiation-
based models provided the most accurate estimates of the target PFM-
ET, values. Gao et al. (2017) assessed the performance of some em-
pirical equations in different regions and concluded that the MK
equation outperformed the other radiation-based as well as tempera-
ture-based equations in humid locations of U.S.A. Bourletsikas et al.
(2018) evaluated 24 ET, estimation equations for a grass-covered
ground in a Mediterranean evergreen forest in Greece and stated that
the temperature-based HR equation outperformed the other applied
equations. Farzanpour et al. (2019) compared 20 empirical ET, equa-
tions in a semi-arid region of Iran and found that the temperature-based
and radiation-based equations have a similar performance in those lo-
cations.

Regarding machine learning approaches, a wide range of studies
have been performed adopting different modeling scenarios under dif-
ferent climatic conditions. A complete review of machine learning ap-
plications for ET estimation is beyond the scope of this paper, thus some
most relevant studies will be reviewed here. Torres et al. (2011) applied
multivariate relevance vector machine technique for forecasting ET,
values by limited input variables in Utah State and found that this
technique can be used in ET, forecasting issues with limited data.
Tabari et al. (2012) introduced data driven support vector machine and
neuro-fuzzy techniques as suitable candidates for ET, estimating with
limited input variables. Abdullah et al. (2015) made a sensitivity ana-
lysis through extreme learning machine for identifying the most influ-
ential parameters on ET, in Iraq stations. Based on their report, the
most effective parameter differs among the stations and during the
years. Feng et al. (2016) compared different neural-networks meth-
odologies for estimating ET, values of humid regions and reported that
the models constructed with temperature and radiation data provided
the most accurate results in those regions. Feng et al. (2017) employed
neural network and random forest (RF) in simulating daily ET, values
utilizing the 6-years meteorological records of two weather sites in
China and stated that the RF model slightly outperformed the neural
network. Karimi et al. (2017) evaluated gene expression programming
and support vector machine techniques in estimating daily ET, values of
humid regions using local and exogenous data supply strategies and
found that both the techniques gave promising outcomes when the
available data are limited and should be obtained from other (similar)
locations. Shiri (2018) introduced a coupled wavelet-random forest
methodology for improving the performance of mass-transfer based ET,
equations in arid and hyper arid regions. Huang et al. (2019) compared
CatBoost, RF and support vector machine techniques in estimating daily
ET, values using data from five humid locations in South China under
full and limited data availability conditions. Their results showed that
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when all necessary data are available, the CatBoost techniques sur-
passed the RF and support vector machine models, while with data
scarcity, support vector machine and RF provided promising results.
Wang et al. (2019) applied RF and genetic programming to estimate ET,
in China and confirmed the capabilities of both the techniques in si-
mulating ET, values under full and limited data conditions.

As a first step of the present study, Shiri (2017) evaluated several
equations and genetic programming based alternatives in inland arid
and hyper-arid regions of Iran under scenarios of full and limited data
availability. Nevertheless, this analysis has not been carried out in
coastal humid regions so far. In the present research, the performance
of the commonly used empirical ET, equations has been evaluated in a
humid coastal region of Iran, using a similar framework. As mentioned,
air humidity and evapotranspiration are the most important meteor-
ological factors in coastal locations. A comparison was also made be-
tween those models and a machine learning bootstrap aggregating-
based random forest (RF) technique based on the same input combi-
nations.

2. Materials and methods
2.1. Used data

Daily meteorological records of six automated weather stations lo-
cated in the Northern coastal region of Iran covering a period of
10 years (2008-2017) were used in the present study to assess the
presented methodology. The dataset consisted of maximum (T;,q,) and
minimum (T,,;,) air temperature, relative humidity (Ry), global in-
coming solar radiation (Rs), wind speed (Sw) and rainfall amount (P).
Table 1 summarizes the general information of the studied locations.
Among the studied sites, Lahijan has the highest elevation
(34.2 m.a.s.l), while Astara is located at the lowest elevation
(—21.1 m.a.s.]). The values of the aridity index (I,) (UNEP, 1997) have
been given in Table 1. This index denotes the ratios between the annual
precipitation and annual ET, values at any specified location. The re-
gions with I, > 0.65 are classified as humid locations. Based on the I,
values presented in Table 1, the studied stations in the present research
are classified as humid sites. All available data were thoroughly
screened and checked for fixing any possible inconsistency.

Table 1

Summary of the studied weather stations.
Station Latitude (°N) Longitude (°E) Elevation (m) IR
Amol 36.47 52.38 23.70 0.97
Astara 38.37 48.85 —-21.10 1.68
Lahijan 37.19 50.02 34.20 2.18
Ramsar 36.90 50.68 —20.00 1.86
Rasht 37.32 49.62 —8.60 1.62
Sari 36.54 52.99 23.00 0.71

Mean and coefficient of variation (in brackets)values of used data

TA(°C) Ry (%) Rs (MJ/m2day) Sw (m/s) ET, (mm/day)
Amol 17.29 81.58 15.94 1.36 2.88
(0.44) (0.08) 0.37) (0.58) (0.51)
Astara 15.85 80.17 16.14 1.09 2.79
(0.49) 0.13) (0.43) (0.59) (0.59)
Lahijan 17.22 79.29 15.56 1.20 2.81
(0.45) (0.15) (0.40) (0.63) (0.56)
Ramsar 17.14 80.66 15.16 1.30 2.72
(0.43) (0.10) 0.41) (0.59) (0.55)
Rasht 16.56 82.75 15.53 1.14 2.78
(0.46) 0.12) (0.43) (0.60) (0.58)
Sari 17.91 78.51 15.60 0.95 2.89
(0.44) 0.12) (0.43) (0.63) (0.56)
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2.2. Formulation of ET,

Table 2 summarizes the applied ET, equations. As mentioned, the
standard PFM equation was used as the benchmark model for cali-
brating and evaluating other applied equations and the machine
learning models. In the present paper, three kinds of equations were
assessed against the standard PFM model, e.g. temperature-based
Hargreaves-Samani (HR), radiation-based Priestley-Taylor (PT), Mak-
kink (MK) and Turc (TU) equations and the physically-based Kimberly-
Penman (KP) equation of reference alfalfa ET (ET,). Temperature-based
HR equation is accepted to provide suitable estimations of ET, under
different climatologic contexts for daily or monthly periods (Shiri,
2017). This equation needs only air temperature records for estimating
ET,. The radiation-based PT, MK and TU equations consider air tem-
perature and solar radiation records (except TU which requires ad-
ditionally relative humidity data). Based on climatic regimes of dif-
ferent regions, these models have been proven as acceptable
approaches for ET, estimations. Finally, the physically-based KP equa-
tion that calculates the alfalfa reference crop ET might be considered as
a suitable tool for partitioning the effects of energy balance and aero-
dynamic components in evapotranspiration formation. KP considers a
wind function defined as Wy = a,, + b, W; that depends on both wind
speed and the day of year (day numbers of calendar).

Following the Allen et al. (1998) recommendation, the applied
empirical equations were calibrated against the standard PFM model
using a regression equation (at 95% confidence level) as:

ETOPFM —a % ETOmod el +b (1)

where, ET'™ and ET™% represent the ET, values obtained by the
benchmark PFM and other applied equations, respectively. With this
calibration the comparison of empirical equations with random forest
models will be fairer, because the latter ones require local patterns for
their development. Shiri et al. (2014) argued that different calibration
procedures, e.g. linear, nonlinear (power, etc) can be used to calibrate
the empirical equations against the standard PFM model under various
climatic contexts; from which the linear equation provide most accurate
results among others.

2.3. Random forest (RF)

As a tree-based group approach, random forest (RF) handles high-
dimension regression issues, where the forest's growth is based on nu-
merous connected trees (Breiman, 2001; Chen et al., 2007; Karimi et al.,
2018). The ultimate solution is the consequence of bagging procedure,
e.g. averaging the output after fitting the single trees in ensemble (Shiri,
2018). The bias of the bagged and single trees is similar, but the var-
iance is dependent on the correlation values among the trees (Hastie
et al., 2009). The regression-based RFs formation is started by growing
trees on the basis of random vector, © so that tree estimator h (X,0)
may get numerical values. The mean-squared generalization error of
any specified numerical predictor h(X) can be written as (Breiman,
2001):

Exy = (Y — h(X))? (2

The formation of RF predictor is conducted by taking an average
over j of the single trees. Here, the following theorems stand in this
regrad:

Theorem 1.. By increasing the forest's tree number, the error will be:
Exy(Yavh(X, ©)))* - Exy (Y — Egh(X, ©))? 3
Also, the average generalization error of a tree is (Breiman, 2001):

PE, (tree) = EgEx y(Y — h(X, ©))? (&)

Theorem 2.. Let's suppose that EY = Ex h(X,0) for all ©, then:
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Table 2
Mathematical formulations of the employed equations.

NAME ABBREVIATION Meteorological inputs missing input parameter expression

ET, equations applied with full data (first scenario)

Penman-FAO-Monteith PFM Tnean, Rs, Sw, Ru - 0408ARn — G) + y——2_Syy(e5 — eq)
ET, = Timean + 273
o A+y(1+0.34Sy)
Kimberly-Penman KP Timean, Rs, Sw, Ru - AET, = —Aiy(Rn -G)+ —A176‘43Wf(es —eq)
Hargreaves-Samani HR Tneans Tmax> Tmin - ETy = 0.0023R; (Tnean + 17.8) Tmax — Tmin
Priestly-Taylor PT Tax> Tmins> Treans Rs - _a_A _
'max> {min, Imean. Eh = AD+y (Bn = G)
Makkink MK Tmax> Tmin, Tmean, Rs - ETy = 0'61Aiy% — 012
Turc TU Timean> Tmax> Tmin, Rs, Ry - ETy = aT0_013Mw
Tinean + 15 2
Ry>50—ar=1
Ry<50 — ap = 1+ 2=R4

70
ET, equations applied with limited data (second scenario)
Penman-FAO-Monteith PMFR; est Tnean> Sw» Ry Rs Rg = 0.19. Ry+/Tmax — Tmin
Penman-FAO-Monteith PMFSy, est Tinean> Rs, Ra Sw Using exogenous SW values
Penman-FAO-Monteith PMFRs and Sy, est Tineans Ru Rs, Sw As for the previous cases
Kimberly-Penman KP Rgs est Tnean, Sw, Ru Rs As for the previous cases
Kimberly-Penman KPSy est Trnean» Rs, Ry Sw As for the previous cases
Kimberly-Penman KPRg, Sy est Tnean> Rs, Ry R, Sw As for the previous cases
Priestly-Taylor PT Rg est Tinaxs Tmins Tnean Rg As for the previous cases
Makkink MK Rg est Tmax> Tmins Tnean Rs As for the previous cases
Turc TU Rg est Tnean> Tmax> Tmin» RH Rg As for the previous cases
Turc TU Ry est Tneans Tmaxs Tmin, Rs Ry Ry = eq/es
Turc TU Rs and Ry est Tmean> Tmax> Tmin Rs, Ry As for the previous cases

ET, = reference [grass] evapotranspiration (mm day '), A = slope of the saturation vapor pressure function (kPa °C™'), y = psychometric constant (kPa °C™1),

R, = net radiation (MJ m™~2 day 1),

G = Soil heat flux density (MJ m™2 day’l), Tmean = Mean air temperature (°C), Sy = average 24 h wind speed at 2 m height (m s™1), es = saturation vapor pressure

(kPa), ea = actual vapor pressure,

a = 1.26, A = latent heat of the evaporation (MJ kg_l), Ra = extraterrestrial radiation (mm day_l), Rs = daily solar radiation (MJ m? day_l), Ry = relative

humidity (%), Timex = maximum air temperature (°C) and

Tmin = minimum air temperature ("C). Wy is wind function that depends on wind speed and day number. “est” suffix represents the models fed with estimated

variables.
Astara 1.00
Lahijan
Rasht
0.50
(o]
=
£ 0:00
& -1.00 -0.50 0.00 0.50 1.00
Amol
Ramsar
Sari -0.50
-1.00
Factor 1

Fig. 1. Factors 1 and 2 of the PCA diagram of wind speed variable at the studied
stations (explaining 87% of variance).

PE, (forest) < p. PE,(tree) (5)

Here, . denotes the weighted correlation between the Y-h(X,0) and
Y-h(X,0”) (Breiman, 2001).

Several numbers of trees were assessed in order to select the optimal
random forest method at each case. Accordingly, the best cycle number
was set as 15, on the basis of a trial and error process. Further, the
percentage decrease of training error was 5%, minimum child node size
was 5, and the maximum number of levels was 10 as advised by lit-
erature and assessed iteratively (Shiri, 2018).

2.4. Study flowchart

2.4.1. Scenarios adopted

In the present paper, the applied equations were implemented and
assessed under full and limited data availability scenarios. In the first
scenario, the models were applied using measured meteorological data
as inputs (recorded time series of the meteorological variables). On the
other hand, in the second scenario, the models were applied using es-
timated meteorological parameters as inputs. So, solar radiation, re-
lative humidity and wind speed were assumed as missing variables and
their values were estimated utilizing the approaches presented in
Table 2. So, the lower side of Table 2 presents different alternatives
adopted for estimating the missing variables. The estimation proce-
dures of the variables were conducted according to FAO guidelines
(Allen et al., 1998) for solar radiation and relative humidity. For the
wind speed, average values of the other similar stations were used. In
order to select the most similar stations to feed the wind speed values, a
multiple sites over time (s-mode) principal component analysis (PCA)
was applied. Among other alternatives (covariance; correlation), a
correlation matrix was considered in this technique, since it can elim-
inate the differences in measurement units between the meteorological
variables (Xystrakis and Matzarakis, 2011). Further, by this method, the
locations with the same seasonal patterns of meteorological variables
can be correlated together (Comrie and Glenn, 1998). Fig. 1 displays
the projection of the stations on the factor plane. Accordingly, “Amol,
Ramsar, Sari”; and “Astara, Lahijan, Rash” formed two separate clusters
based on wind speed clustering procedure. Therefore the wind speed
values of individual stations per each cluster were estimated by as-
suming the remaining two stations as ancillary sites. The estimation
procedure was conducted using the average wind speed values of two
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Table3
Adopted input configurations in concordance to the applied equations.

Model Tonin Tinax Tinean Rq Rs Ry Sw

Temperature/humidity-based models
RF1 [

RF2

HR

PT Rg est

TU Rg est

TU Rs and Ry est
MK Rg est

Radiation-based models
RF 3

RF 4

PT

MK

TU

TURyest

Combination-based models
RF 5

RF 6

RF 7

RF 8

PFM Rg est

KP Rg est

PFM

PFM Rg and Sy est
PFM Sy est

KP Sy est

KP

KP Rg, Sy est

Note: the suffix “est” refers to the second scenario, where the models were es-
tablished with one or more estimated meteorological variable(s).

ancillary stations per cluster.

2.4.2. Model implementation

All the applied equations were calibrated (using Eq. (1)) by con-
sidering the patterns of the first 5 years (50% of total patterns) as ca-
libration patterns. The remaining patterns were then divided into two
blocks (25%-25%) and used for testing and validating the revised
equations, ensuring an independent test of the calibrated models. At-
tending to the RF models, several input configurations were built re-
lying in the inputs of the applied equations. Table 3 summarized the
applied input configurations by the RF models. Similarly to the em-
pirical equations, the available data were divided into three blocks
(50%-25%-25%) and the RF models were trained, tested and validated
accordingly. An important shortcoming by the adopted scenarios would
be the limitation of local assessment, but as mentioned, the goal was to
assess the effect of using calculated input variables on ET, equations
performance. Further, due to the high number of approaches con-
sidered, a hold-out validation was used because k-fold validation would
have involved unaffordable computational costs. It must be noted that
the RF models were calibrated/trained using measured inputs.

2.5. Performance evaluation criteria

The assessment of the models was carried out using the scatter index
(SD), the Nash-Sutcliffe coefficient (NS), the mean bias error (MBE) and
the mean absolute error (MAE), expressions for which are as follows:

RMSE \/% Yo, (ETo — PFMET,)
" PFEMET, PFMET, (6)

S IPEMET;, — ETiy|
N @

MAE =
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S (PFMET,, — ETyy)

NS=1- —=% _
>N (PFMET,, — PFMET,)* ®)

Y, ETi — PFMET,
N 9

In these equations, ET;, and PFMET;, stand for the simulated and
reference values at the ith time step, respectively. ETy and
PFMET, show the corresponding mean ET values, respectively. N is the
number of available patterns for any specified (testing or validation)
period.

An additional dimensionless indicator, namely, the relative MAE
index was adopted for assessing the degree of the effectiveness of the
calibration process in improving the equations’ performances

MBE =

MAE qiibrated model
MAEnoncalibrated model (10)

r—MAE=1-

3. Results and discussions
3.1. Alfalfa and grass ET ratio

The ratio of ET, (calculated by KP equation variants) to ET, (cal-
culated by PFM) is usually applied to correct the ET, values. Fig. 2
displays the K, values for different KP versions (fed with original and
estimated meteorological parameters) in the studied locations. Ana-
lyzing the values presented in this figure showed that K, varied between
1.020 in Ramsar (for KP with Rg and KP with Rg and Sy, estimated
values) and 1.172 in Sari (for KP with Rg and Sy as estimated vari-
ables). Based on the average daily ET, values presented in Table 1,
differences between ET, and ET, in these stations are, respectively,
0.05 mm/day and 0.49 mm/day that are relatively small magnitudes.
The mean K, among all stations for all KP versions was 1.076. This
value cannot correspond to the previous researches on KP applications
under other climatic contexts. Analyzing KP for hyper-arid conditions,
Shiri (2017) found an average K, of 1.158 that was close to the sug-
gested K, value (=1.15) by e.g. Doorenbos and Pruitt (1977) and
Jensen et al. (1990). Allen et al. (1994), on the other hand, reported
mean K, values between 1.12 and 1.39 for humid locations. While
Irmak et al. (2003) adopted K, = 1.18 for humid region of Florida, a
minimum value of 1.03 for calm humid regions has been suggested in
literature (e.g. Jensen et al., 1990) that is comparable value to those
obtained in the present study. This partial review shows that differences
between alfalfa and grass ET values in the studied sites have small
magnitudes that might be linked to the lower wind speed and vapor
pressure deficit values in these regions. Daily K, values calculated with
the original KP equation (KP using original meteorological variables)
averaged over the months during the studied years have been shown in
Fig. 1. According to this figure, the K, values were lower than unity for
cold season in all the studied stations, while it takes larger values
during the warm period (maximum K, was 1.179 in Sari for June).When
the estimated R values were applied by KP equation, K, variations and
magnitudes were different (not presented here), so that it showed va-
lues over 1 during the year. In case of using estimated wind speed va-
lues, however, K, variations and magnitudes were similar to the KP
equation with original variables. Similar seasonal variations of K, have
been reported by Irmak et al (2003), too. This considerable seasonal
variation of ET,/ET, relations during a year might be linked to the re-
sponse of the target surfaces (grass and alfalfa) against the evaporative
consumption, as discussed by Wright (1996).

3.2. Application of empirical equations
Table 4 sums up the local and global statistical indicators of the

applied equations during the calibration procedure (2008-2012). At-
tending to the mean performance of the studied locations (global
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Fig. 2. a) Kr values of different Kimberly-Penman equation variants; b) Monthly Kr values of original KP equation.

indicators), the radiation-based PT equation outperformed the rest of
the equations with the lowest SI (0.219) and MAE (0.449 mm/day)
values, while the radiation-based TU equation provided the less accu-
rate ET, estimates with the highest SI (0.655) and MAE (1.598 mm/
day). This confirms the results reported by Gunston and Batchelor
(1983) for the regions with low wind speed values and Xiaoying and
Erda (2005) for rainy locations/seasons. Analysis of the correlation
values between the utilized meteorological variables and the equations’
errors (Table 5) shows that the correlation between ET, (calculated by
PFM) and wind speed is very low (—0.051) when compared to the other
parameters. This can explain the higher performance of the PT equa-
tion, in which the effect of wind speed (aerodynamic component) has
been omitted and replaced by a constant value. The correlation between
the models’ error and wind speed is negligible, which could justify the
more accurate performance of the radiation-based equations.
Regarding the equations applied with estimated (calculated) me-
teorological parameters, the PFM equation with estimated wind speed
values (PFM Sy est; Table 4) provided the lowest SI values followed by
the PT equation with estimated Rg values (PT Rg est; Table 4). This
shows that the errors corresponding to Sy, estimation were relatively
smaller than those of Rg estimation. This might also might show a more
relevant effect of solar radiation on ET, than of wind speed, confirming
the results obtained by Landeras et al. (2008) and Kwon and Choi
(2011). On the other hand, Shiri (2017) confirmed a higher influence of
wind speed on ET, values in hyper-arid regions. A possible reason of
this different behavior might be the wind speed characteristics in the
studied locations as well as the stations' elevation. From Table 1, wind
speed records showed similar average and standard deviation values
between stations, so using wind speed values from ancillary stations (as
estimated Sy values) would not involve large errors in ET, computing
procedure by the combination-based equations. Further, the

temperature ranges are severely affected by air movement in the coast-
sea interfaces at coastal regions which might be translated into less
accurate Rg estimations from temperature range (Allen et al., 1998;
Hargreaves and Allen, 2003). On the other hand, the studied regions
have higher degrees of cloudiness during the year that can affect the
performance of Rg estimation methods.

Overall, a preliminary ranking among the applied equations of both
groups would lead to the following methods as the most accurate ones:
combination-based PFM (with Sy, est), PT, PT (with Rg est), MK, KP
(with Sy est), HR and PFM (with Rg est). The Turc (TU) model and its
variants couldn’t outperform the other equations although it has been
developed for humid locations. This might be due to the wind speed
effect in the studied region. Trajkovic and Stojnic (2007) argued that
the wind speed values lower than 1.5 m/s adversely affect the TU
equation performance in humid location. Based on the wind speed
values presented in Table 1, all stations have annual average wind
speed values lower than this threshold that can explain the weak per-
formance of this equation.

The analysis per station of the equations performance showed that
the PFM equation with estimated wind speed values provided the
lowest errors in comparison to other equations in all the locations,
except at Amol and Sari, which present the lowest aridity index values.
In these sites, the PT equation with estimated Rg values provided the
most accurate estimates. Similar to the global assessment of the equa-
tions, the TU equation (and its variants) provided the worst ET, esti-
mates in all the locations.

A summary of the calibration constants of these equations has been
listed in Table 4. Analyzing the calibration summary and MBE values,
some remarks can be made. First, the temperature-based HR model
overestimated ET, values in all locations (with positive MBE values),
which is in agreement with previously published literature (e.g.
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Table 4
Summary of the models performance during the calibration period (2008-2012).
Amol Astara Lahijan Ramsar Rasht Sari Global
SI MBE SI MBE SI MBE SI MBE SI MBE SI MBE SI MBE
HR 0.220 0.345 0.214 0.085 0.298 0.452 0.211 0.017 0.277 0.385 0.250 0.519 0.245 0.333
PT 0.193 0.307 0.214 0.319 0.262 0.313 0.214 0.347 0.263 0.360 0.168 0.291 0.219 0.341
TU 0.642 —-1.636 0.671 -1.619 0.689 —1.596 0.640 —1.533 0.670 —1.556 0.676 —1.648 0.665 -1.141
MK 0.194 —0.357 0.221 —0.331 0.265 —0.334 0.197 —0.332 0.240 —0.327 0.228 —0.372 0.224 —0.232
Kp 0.143 0.104 0.169 0.164 0.203 0.111 0.146 0.119 0.209 0.167 0.176 0.172 0.437 0.214
PT Rs est 0.427 0.584 0.351 0.352 0.518 0.640 0.344 0.289 0.512 0.645 0.470 0.698 0.174 0.500
MK Rs est 0.285 —0.059 0.357 —0.270 0.350 —0.025 0.412 —0.369 0.346 —0.002 0.298 —-0.073 0.341 —0.116
PFMRs est 0.237 0.193 0.218 0.025 0.267 0.233 0.248 —0.042 0.263 0.204 0.257 0.287 0.248 0.178
PFMSw est 0.158 0.155 0.113 0.012 0.150 —0.025 0.117 —0.025 0.128 0.039 0.252 0.339 0.153 0.096
PFMRs and Sw est 0.312 0.338 0.255 0.034 0.301 0.207 0.279 —0.068 0.297 0.239 0.400 0.600 0.307 0.256
KP Rs est 0.335 0.324 0.306 0.191 0.411 0.370 0.288 0.073 0.399 0.393 0.390 0.495 0.355 0.334
KP Sw est 0.205 0.106 0.228 0.164 0.274 0.110 0.200 0.119 0.278 0.167 0.234 0.176 0.237 0.162
KP Rs and Sw est 0.336 0.326 0.306 0.191 0.411 0.370 0.288 0.073 0.399 0.394 0.391 0.499 0.355 0.335
TU Rs est 0.877 —1.513 0.971 —1.595 0.893 —1.446 0.975 —1.550 0.908 —1.424 0.878 —1.467 0.917 -1.071
TU Ry est 0.920 —1.634 0.954 —1.614 0.951 —1.591 0.931 —1.532 0.946 —1.552 0.933 —1.640 0.939 —1.138
TU Rs and Ry est 0.876 -1.511 0.967 —1.589 0.888 —1.439 0.974 —1.548 0.904 —-1.417 0.937 —1.648 0.924 —1.089
Calibration summary (a and b are regression coefficients of calibration equation; See equation1)
a b a b A b A b a b a b
HR 0.898 —0.022 0.997 —-0.076 0.855 0.019 1.091 —0.226 0.921 —0.142 0.951 —0.352
PT 0.833 0.216 0.878 0.060 0.870 0.091 0.850 0.106 0.835 0.145 0.862 0.145
TU 2.336 0.042 2.280 0.123 2.347 —0.017 2.360 —0.027 2.293 0.066 2.356 0.000
MK 1.130 0.036 1.116 0.047 1.135 0.002 1.114 0.064 1.099 0.092 1.110 0.097
KP 0.847 0.346 0.854 0.268 0.877 0.246 0.870 0.245 0.839 0.296 0.835 0.329
PT Rs est 0.782 0.162 0.909 —0.064 0.787 0.092 0.939 —0.108 0.808 —0.001 0.829 —0.089
MK Rs est 1.095 —0.204 1.198 —0.223 1.034 —0.121 1.320 —0.369 1.107 —0.290 1.172 —0.579
PFMRs est 0.924 0.038 1.006 —0.038 0.908 0.045 1.053 —0.097 0.957 —-0.077 0.967 —0.184
PFMSw est 0.928 0.059 0.990 0.016 1.019 -0.027 1.009 0.001 0.963 0.063 0.874 0.063
PFMRs and Sw est 0.858 0.111 0.988 0.003 0.917 0.044 1.064 —0.098 0.923 —0.015 0.855 —0.097
KP Rs est 0.796 0.319 0.862 0.225 0.802 0.258 0.924 0.137 0.818 0.174 0.813 0.133
KP Sw est 0.846 0.347 0.854 0.268 0.877 0.247 0.870 0.245 0.839 0.298 0.834 0.328
KP Rs and Sw est 0.796 0.320 0.862 0.225 0.802 0.259 0.924 0.137 0.817 0.175 0.812 0.133
TU Rs est 2.205 —0.071 2.359 —0.016 2.106 —0.042 2.661 —0.323 2.229 —0.151 2.362 —0.433
TU Ry est 2.335 0.038 2.267 0.128 2.342 —-0.023 2.362 —0.032 2.291 0.058 2.337 0.006
TU Rs and Ry est 2.196 —0.064 2.333 0.001 2.073 —0.012 2.643 —0.308 2.195 —-0.121 2.356 0.000
Table 5
Correlation matrix of the used meteorological variables and models’ errors.
Tinin Tnax Tinean Ry Sw Rs ETo-PFM
Trmin 1.000 0.867 0.952 —0.022 —0.059 0.492 0.741
Trnax 0.867 1.000 0.963 —0.020 —0.149 0.703 0.879
Tiean 0.952 0.963 1.000 —0.045 —0.090 0.645 0.855
Ry —0.022 —0.020 —0.045 1.000 —0.955 —0.175 —-0.136
Sw —0.059 —0.149 —0.090 —0.955 1.000 0.006 —0.051
Rs 0.492 0.703 0.645 -0.175 0.006 1.000 0.901
ET, -PFM 0.741 0.879 0.855 —0.136 —0.051 0.901 1.000
ET,-HR 0.224 0.250 0.230 —0.004 —0.046 0.075 0.197
ET,-PT 0.163 0.220 0.202 —0.108 0.024 0.188 0.329
ET,-TU 0.650 0.776 0.752 —0.128 —0.058 0.776 0.939
ET,-MK 0.211 0.267 0.240 —0.050 —0.054 0.073 0.319
ET,-KP 0.125 0.202 0.171 —0.106 —0.001 0.128 0.294
RF1 0.268 0.242 0.249 —0.028 —0.018 0.082 0.209
RF2 0.271 0.262 0.267 —0.051 —0.001 0.154 0.254
RF3 0.032 0.060 0.045 —0.035 —0.021 —0.010 0.111
RF4 0.042 0.069 0.053 —0.038 —0.016 0.002 0.119
RF5 0.270 0.268 0.264 —0.039 —0.018 0.088 0.243
RF6 0.242 0.220 0.232 —0.028 —0.008 0.092 0.194
RF7 0.031 0.034 0.026 —0.027 —0.011 —0.009 0.071
RF8 0.046 0.074 0.060 —0.037 —0.018 0.002 0.126

Droogers and Allen, 2002; Xu and Singh, 2002). The overestimation of
HR equation in these locations might be due to either higher tem-
perature ranges (Gavilan et al., 2006) or lower wind speed values (Allen
et al., 1998) as can be seen in Table 1. Next, the radiation-based PT
equation overestimated ET, records in all the locations, confirming the
results of e.g. Benli et al. (2010), Berengena and Gavilan (2005), and

Yoder et al. (2005). Similar trend can be seen for PT equation fed with
estimated Rg values. Using the calibration procedure, the original ad-
vectivity constant of PT equation (o = 1.26) was revised in all the
stations as follows: 1.05, 1.10, 1.09, 1.07, 1.05, and 1.086 for Amol,
Astara, Lahijan, Ramsar, Rasht and Sari, respectively. These values are
not in agreement neither with the suggested bound of advectivity
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constant range by Viswanadham et al. (1991) [1.2 < a < 1.3] nor
with Pereira (2004) who proposed a = 1.27 for grass cover in humid
tropical regions. However, Eaton et al. (2001) found a values between
1.07 and 1.10 for wetlands that are comparable regions to the studied
costal sites. Sentelhas et al. (2010) also reported a < 1.26 values
(overestimation trend) for the cold climates of Canada. Suleiman and
Hoogenboom (2007), on the other hand, argued that PT equation has
seasonal variations and shows overestimation trend for the warm
season in coastal and mountain regions, while it underestimated the ET,
values for the cold season. Overall, the values of a depend on the
specified climatic conditions, under which the study has been con-
ducted, and the revised coefficients in the present study (after adjust-
ment/calibration) are in agreement with literature for coastal humid
regions.

The MK and TU equations variants, however, underestimated ET,
values in all sites (see Table 4). Shiri et al. (2014) argued that MK
usually gives underestimated simulations of ET, for different climatic
contexts. They also found that in the regions with lower wind speed
values, TU equations tend to underestimate ET,. This is in agreement
with the statements presented in this research. This shows that the
original constant values of MK and TU equations (0.61 and 0.13 ar,
respectively) are low and they should take higher values for improving
the ET, simulations in the studied humid locations. The original con-
stant value of the MK equation can provide reasonable ET, estimates in
humid locations (Xu and Chen, 2005; Cristea et al., 2013), which does
not fit with the findings of the present paper. Finally, among the
combination-based equations, KP variants overestimated ET, values in
all locations. However, PFM variants provided both over/under-
estimated ET, values in the stations and no general conclusions could be
obtained for their trends. The overestimation trend of the PFM equation
relying on estimated Rs values has been observed for humid locations in
the literature (e.g. Fisher and Pringle, 2013; Todorovic et al., 2013).
Nonetheless, overestimation of ET, using the PFM equation with esti-
mated solar radiation and wind speed has been also previously en-
countered (Gelcer et al., 2010).

3.3. Calibration of ET, equations

Fig. 3 displays the r-MAE values of the calibrated equations during
the validation period for the studied stations. In all locations, the lowest
r-MAE values correspond to the TU equation, which shows the lower
impact of the calibration process for increasing the performance accu-
racy of this equation. The highest ~-MAE values (the highest impact of
calibration on improving the equations’ performances) are observed for
combination-based models, except in Sari and Amol, where PT and MK
equations gave the maximum values for this indicator. The higher va-
lues of this indicator in the mentioned cases show the significant impact
of the calibration process on the performance accuracy of these equa-
tions. However, this indicator just shows the degree of the effectiveness
of the calibration procedure, so it can’t be applied for assessing the
performance accuracy of the calibrated equations. In Fig. 4, the global
SI values of the equations during the testing and validation periods have
been presented. The figure clearly shows that the performance ac-
curacies of the calibrated PFM variants are higher than the rest of the
applied equations in both the testing and validation periods, confirming
the conclusions reported by Shiri (2017) for hyper-arid regions.
Meanwhile, calibrated PFM equation that used estimated wind speed
values (CPFM Sy, est) surpassed the other variants with the lowest
global SI values: 0.085 and 0.081 for testing and validation periods,
respectively.

3.4. Random forest (RF) models
Figs. 5 and 6 show the global and local SI values of the applied RF

models during the testing and validation periods (see Table 3 for input
configurations). The global values correspond to the mean performance
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of the models in all stations. In both the periods, the global SI values are
low, indicating the promising performance of all the applied RF models.
As could be anticipated, combination-based RF8 model comprising all
the available meteorological variables outperformed the other models
in the testing and validation periods, followed by the radiation-based
RF4 model that included the air temperature, solar radiation and hu-
midity variables. Comparing the radiation- and combination-based
models, it might be stated that the inclusion of solar radiation is more
important than of relative humidity and wind speed variables. This
might show again a higher significance of Rs on ET,. Correlation ana-
lysis presented in Table 5 confirms this statement, too. Nevertheless, the
temperature-based RF1 model was less accurate than the rest of the
models, although its SI values were quite low (0.056 for both the per-
iods). The assessment per station of the models showed that the RF
models provided the highest SI values in Rasht and Ramsar, which can
be due to the slightly higher values of skewness coefficient for ET, re-
cords (values not shown) in these locations. However, the magnitudes
of relative errors (SI) are lower than 0.1 in all the locations. Hence, it
might be stated that all the applied RF models could be successfully
applied in simulating ET, values in the studied coastal humid regions.

3.5. RF vs. Classical methods

The global ranking of the applied RF models and calibrated equa-
tions based on the validation period’s (2016-2017) indicators has been
summarized in Table 6. The reported values are the mean of the in-
dividual stations’ indicators. The most and less accurate results in term
of the presented indicators belonged to, respectively, RF8 and cali-
brated PT (CPT) equation. More specifically, among the temperature-
based models, RF2 (comprising temperature, extraterrestrial radiation
and relative humidity inputs) surpassed the other models, followed by
RF1 (comprising temperature, extraterrestrial radiation inputs), cali-
brated HR (CHR), CTU Rg and Ry est, CTU Rg est, CPT Ry est, and CMK
R est (see Table 2 for abbreviations). Attending to the radiation-based
models, RF4 and RF3 provided similar results and outperformed the
calibrated empirical equations. Here, as can be seen in Table 6, the
calibrated Turc model (CTU Ry est) surpassed CTU (using measured
meteorological data), CMK and CPT equations, which is not in agree-
ment with the outcomes of Landeras et al. (2008) and Shiri (2017) for
the humid and hyper-arid regions, respectively. Regarding the combi-
nation-based models, RF8 provided the most accurate results followed
by the CPFM Sy, est and RF7 models. This is an interesting outcome,
because the calibrated PFM model with estimated wind speed values
showed higher accuracy than the RF7 model (that comprises all ne-
cessary variables except Ry). Again, the obtained results might question
the suitability of the combination-based machine learning models
under different climatic conditions (e.g. Shiri et al., 2012). This might
show the significant effect of relative humidity, which is a very im-
portant factor in coastal regions, although it presented minor negative
correlation (mean value of —0.136 for the studied region) with ET,.
Moreover, the wind speed estimation technique adopted in the present
study produced reliable wind speed data and, subsequently, ET, esti-
mations. An overall analysis of the correlation matrix (Table 5) revealed
that air temperature showed considerable positive correlations with
models’ errors (both equations and RF models), while wind speed and
relative humidity always presented negative small correlation values.
Solar radiation shows positive correlations, except with RF3 and RF7
models. However, its correlation magnitudes with models’ errors are
lower than those of air temperature. In spite of that, considering the
correlations between ET, and meteorological variables, solar radiation
presented the highest correlation values that may reflect the higher
importance of Rs on ET,. This can be evaluated simply by taking into
consideration the combination-based KP equation, in which the energy
and aerodynamic components can be quantified separately. The ratio
between the aerodynamic and energy components in this equation for
Amol, Astara, Lahijan, Ramsar, Rasht and Sari, were respectively,
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Fig. 3. r-MAE (relative mean squared error) values of the calibrated equations during the validation period for each station.

0.164, 0.104, 0.091, 0.091, 0.094, and 0.124. These values clearly show 4. Conclusions
the negligible impact of wind speed in the final ET, magnitudes in the

studied regions and confirms the statements extracted from the corre- This study assessed the effect of supplanting missing measured

lation analysis. meteorological variables with calculated values for estimating reference
Summarizing, the present paper aimed at assessing the missing va- evapotranspiration with classical and random forest approaches at

lues supplanting on various empirical equations and comparing the coastal humid regions. Based on the obtained results, some concluding

results with random forest (RF) models in humid regions. Extending the remarks were highlighted as follows:

boundaries of this study might be carried out through evaluation of the

calibrated empirical equations on monthly basis to check the season- 1. Analyzing the global indicators, it is clear that the radiation-based

ality effect, accurately. Further, the impact of relative humidity was PT equation outperformed the rest of the equations, while the ra-

monotonously fluctuating among the stations and adopted scenarios, diation-based TU equation provided the less accurate ET, estima-

which might be subject for future studies. Further detailed studies tions.

should be also performed for more detailed assessment of the classical 2. Temperature-based Hargreaves-Samani, radiation-based Priestley-

TURC model that has been developed for humid regions, while pro- Taylor and combination-based Kimberly-Penman variants over-

vided the less accurate results among others. Finally, considering a estimated the ET, values in all locations.

larger number of stations for the most promising approaches, as well as 3. MK and TU equations underestimated ET, in all locations.

verifying the results with experimental ET values along with repeating 4. PFM variants showed both over/underestimated patterns in the

the procedures after a preliminary clustering analysis might be ap- stations

proaches for future studies to strengthen the statements of the present 5. The effect of using estimated solar radiation values is more relevant

study. than of using estimated wind speed and relative humidity values.
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Fig. 4. Global (mean) SI values of the applied equations during the testing and validation periods.

6. Estimating solar radiation from temperature range involves higher CRediT authorship contribution statement
errors in cloudy regions.

7. The ET,/ET, values were lower than unity for cold season in all the Sepideh Karimi: Conceptualization, Software,
studied stations, while it takes larger values during the warm period.

8. When the estimated wind speed values were used by KP, K, varia-
tions and magnitudes were similar to the KP equation with original
variables.
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Fig. 5. Global SI values of the random forest models during the testing and validation periods.
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Table 6
Mean (global) rank of the applied models based on validation statistics.
Rank Model SI MAE (mm day~) NS
Max Mean Min MAX Mean Min Max Mean Min

1 RF 8 0.039 0.033 0.027 0.199 0.186 0.166 0.985 0.966 0.967
2 C PFM S,, est 0.056 0.033 0.068 0.202 0.127 0.096 0.975 0.979 0.958
3 RF 7 0.041 0.033 0.028 0.214 0.191 0.174 0.972 0.964 0.952
4 RF 4 0.039 0.033 0.027 0.202 0.189 0.167 0.975 0.966 0.956
5 RF 3 0.044 0.035 0.031 0.221 0.199 0.18 0.969 0.962 0.944
6 CKpP 0.074 0.060 0.044 0.245 0.216 0.193 0.965 0.948 0.913
7 CKP S, est 0.074 0.065 0.045 0.246 0.217 0.193 0.965 0.948 0.913
8 RF 2 0.062 0.053 0.042 0.402 0.347 0.278 0.939 0.910 0.877
9 RF 6 0.063 0.053 0.043 0.409 0.350 0.285 0.938 0.910 0.874
10 RF 5 0.065 0.057 0.044 0.416 0.378 0.293 0.934 0.895 0.865
11 RF 1 0.067 0.057 0.042 0.430 0.376 0.276 0.938 0.895 0.866
12 C Turc Ry est 0.161 0.132 0.107 0.280 0.255 0.215 0.961 0.944 0.925
13 C Turc 0.167 0.136 0.111 0.280 0.259 0.222 0.957 0.941 0.920
14 C MK 0.190 0.154 0.115 0.342 0.300 0.232 0.955 0.924 0.896
15 C PFM R est 0.195 0.155 0.033 0.371 0.306 0.068 0.996 0.915 0.880
16 C PFM R and S,, est 0.213 0.174 0.072 0.411 0.343 0.128 0.982 0.898 0.857
17 CHR 0.241 0.193 0.097 0.468 0.396 0.182 0.968 0.877 0.833
18 C KP Rg est 0.250 0.198 0.121 0.438 0.384 0.222 0.950 0.873 0.821
19 C KP Rg and §,, est 0.250 0.198 0.121 0.437 0.384 0.221 0.950 0.872 0.820
20 C Turc Rg and Ry est 0.265 0.198 0.109 0.515 0.411 0.219 0.959 0.868 0.799
21 C Turc Rg est 0.264 0.211 0.114 0.513 0.444 0.226 0.956 0.854 0.800
22 C PT R est 0.274 0.213 0.143 0.480 0.415 0.275 0.930 0.854 0.785
23 C MK Rg est 0.284 0.220 0.118 0.557 0.461 0.238 0.952 0.841 0.768
24 CPT 0.929 0.275 0.122 2.318 0.587 0.222 0.952 0.504 —-1.638
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