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Abstract: Potential evapotranspiration (PET) is a crucial parameter for forest development, having an
important role in ecological, biometeorological, and hydrological assessments. Accurate estimations
of PET using the FAO–56 Penman–Monteith (FAO–56 PM) benchmark method require a wide
range of data parameters, which are not typically available at meteorological stations installed
in forest environments. The aim of this study is to investigate the accuracy of various methods
with low data requirements for assessing PET in a Mediterranean forest environment and propose
appropriate alternatives for accurate PET estimation. Specifically, 50 temperature-based methods
were evaluated against the FAO–56 PM method in a sub-humid forest in northern Greece, using
high-quality daily meteorological data. The outcomes indicate that temperature-based methods
offer a viable alternative for PET estimation when data availability is limited, with a considerable
number of methods (22) presenting low deviations (up to 10%) compared to the benchmark method.
Temperature-based models outperformed those incorporating water-related parameters (as relative
humidity or precipitation) in Mediterranean forest environments. The top performing methods in the
study site, based on several statistical indices, were the equations of Ravazzani et al., proposed in
2012, followed by Hargreaves–Samani in 1985 and Heydari and Heydari in 2014.

Keywords: forest micrometeorology; evapotranspiration; Mediterranean conditions; mountainous
sites; vegetation water requirements; water cycle

1. Introduction

Evapotranspiration (ET) is an essential part of the water cycle and plays a key role in
several disciplines of geosciences, including climate classification and drought assessment,
hydrological modeling, irrigation planning, water resources management, ecosystems’
adaptation to climate change, and accounting for ecosystem services [1–9]. Thus, accurate
estimates of ET are necessary for implementing water management strategies and promot-
ing efficient use of water resources, especially in regions facing water shortage, like the
Mediterranean basin. Unfortunately, direct measurements of ET through techniques like
lysimeters [10,11], eddy covariance [12,13], and the Bowen ratio energy balance (BREB)
system are difficult due to the expensive equipment required and the practical difficul-
ties involved. Therefore, several empirical mathematical models have been developed
worldwide under various environments to estimate ET using meteorological data. Various
models possess specific strengths and limitations, which are dependent on the methods’
applications and underlying assumptions [14]. In all these models, it is of paramount
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importance to note that the magnitude of ET is significantly influenced by the surface
characteristics of the site [15].

The empirical ET models aim to provide reliable estimations of water demand solely
driven by atmospheric conditions, regardless of crop or vegetation characteristics and
soil factors. As a result, the output of these models is referred to as potential (PET) or
reference evapotranspiration, which are different terms with different conceptual and
physical bases for expressing water demand [16,17]. PET models can be classified into
four major groups: mass-transfer, temperature-based, radiation-based, and combination
methods. It is noteworthy that selection of the appropriate PET method for each specific site
is of the utmost importance due to its impact on the computation of hydro-meteorological
and climatic indices that are widely used for environmental monitoring [8,18–20].

The Food and Agriculture Organization of the United Nations (FAO) and the World
Meteorological Organization (WMO) recommend the standardized FAO56 Penman–Monteith
(FAO56–PM) equation for PET estimation [21]. The FAO56–PM equation is known for its
accuracy across various climates and time periods [22] and serves as a standard for com-
paring other empirical or soft computing methods in most studies [23,24]. The advantage
of this method lies in its ability to bypass the need for local calibration, as it encompasses
both physiological and aerodynamic parameters. Moreover, the equation has undergone
rigorous testing, making use of lysimeter data to validate its accuracy and reliability [25].
On the other hand, its application is not always feasible due to high data requirements,
such as air temperature, relative humidity, wind speed, and solar radiation data, which
are available in limited meteorological stations worldwide. Additionally, obtaining quality
data from these parameters can also be challenging [26].

Thus, it is crucial to develop models that strike a balance between accuracy and sim-
plicity, utilizing fewer meteorological parameters to allow more straightforward estimates
of PET compared to the FAO56–PM method. Moreover, the adjustment or calibration of
simpler original methods with reduced data requirements becomes essential to accurately
estimate PET, particularly in regions where meteorological data are scarce [27].

In this context, several studies have evaluated the performance of PET methods against
the FAO56–PM, considering a limited number of methods at a time [28–35], and conducted
in low-humidity conditions at low altitudes, exclusively for urban and agricultural areas.
In contrast, a recent thorough evaluation of 127 PET models was performed in two Mediter-
ranean urban green sites [23]. Overall, previous studies conclude that combination-based
methods (which are equally demanding with FAO56–PM) performed best for PET estima-
tion, followed by radiation-based and temperature-based ones, whilst less accurate results
are given by the mass-transfer-based method.

The temporal variability of PET is important especially for rainfed forest environ-
ments [36–38]. Exploring the performance of PET methods in forest ecosystems is partic-
ularly important for understanding water interactions and balance in forest ecosystems,
as well as for assessing the water requirements and growth of forest vegetation [39,40].
Moreover, it becomes essential to assess model performance at high altitudes, where PET
values exhibit distinctively higher levels, and models might display varying uncertain-
ties. However, there is limited comparative evaluation of empirical PET models in forest
ecosystems. This is due to the challenges associated with installing and maintaining meteo-
rological stations at high elevations in mountainous regions. The most notable studies are
analyzed below. Federer et al. [41] compared five reference surface PET methods to four
surface-dependent PET methods in different forest types at seven locations. Another study,
conducted at a coniferous forest site in northern California [42] compared five models and
proposed a modified Priestley–Taylor model. Rao et al. [43] compared the estimates of three
PET models with measured actual ET in two forested watersheds (Appalachian Mountains,
North America), with one dominated by a conifer plantation and one dominated by native
naturally regenerated deciduous hardwoods. Ha et al. [44] compared five PET models
with ET measurements with the eddy covariance method in three ponderosa pine forests
in Arizona. In Greece, Gebhart et al. [45] evaluated the performance of 13 PET methods



Atmosphere 2024, 15, 662 3 of 20

against FAO56–PM in forest sites of northern Greece. Bourletsikas et al. [46] published a
comparative evaluation of 24 PET equations applied on an evergreen-broadleaved forest in
central Greece. More recently, Markos and Radoglou (2021) conducted a study comparing
FAO56–PM PET values with eddy covariance measurements from a Robinia pseudoacacia
site in northern Greece.

Understanding the behavior of PET models in such environments is crucial for en-
suring accurate estimations and reliable predictions in specific climatic conditions. Hence,
conducting evaluations in high-altitude regions can lead to valuable insights and improve
the overall reliability of PET models in challenging terrains. Therefore, thorough evaluation
of a wide range of PET methods in forest environments is of high importance.

This study follows the work by Proutsos et al. [23] who evaluated the performance
of empirical PET methods in urban green spaces in Greece. The present study aims at
investigating the performance of 50 temperature-based PET methods against the bench-
mark FAO56–PM method, in a mountainous forest site in northern Greece, to evaluate
the applicability of methods with limited data requirements in the Mediterranean forest
environment. Daily data from an automatic forest meteorological station were employed to
produce the PET estimates for 5389 days over the period from 2008 to 2023. The findings
of this work can contribute to improving our understanding of water dynamics in forest
ecosystems and provide valuable tools for assessing forest vegetation water requirements
and growth under specific climatic and geographical conditions.

Based on the previous work by Proutsos et al. [23] in urban green spaces in Greece, the
present study aims at investigating the performance of 50 temperature-based PET methods
against the benchmark FAO56–PM method, in a mountainous forest site in northern Greece.
Daily data from an automatic forest meteorological station were employed to produce the
PET estimates for 5389 days over the period from 2008 to 2023. The results can contribute to
improving our understanding of water dynamics in forest ecosystems and provide valuable
tools for assessing forest vegetation water requirements and growth under specific climatic
and geographical conditions. In addition, the evaluation of low-demand temperature-based
PET methods can support the applicability of the appropriate methods in mountainous
Mediterranean forest environments with limited data availability.

2. Materials and Methods
2.1. Study Site

The study site is located in the area of Chrysopigi village (Figure 1), about 13 km
northeast from the Serres Municipality. The forest meteorological station was installed at
605m a.s.l., at the Research Center of the Forest Research Institute (41◦10′ N, 23◦34′ E) in
1978. In 2008, the station was upgraded to automatic and monitoring of radiation fluxes
was added.

Based on the long-term meteorological data of the 45-year period from 1978 to 2023
from the same station, the climate of the region is characterized by an average annual
air temperature of 13.3 ◦C (with a standard deviation SD = 0.7) ranging seasonally from
4.4 ◦C (SD = 1.2) in winter to 22.8 ◦C (SD = 1.0) in summer, with intermediate values at
the transitional seasons of spring (12.0 ◦C, SD = 1.2) and autumn (14.2 ◦C, SD = 1.1). The
warmest month of the year is August (23.6 ◦C, SD = 1.5) and the coolest is January (3.6 ◦C,
SD = 1.7). The annual precipitation in Chrysopigi is 623 mm, almost uniformly distributed
between seasons (27% in winter, 27% in spring, 22% in summer, and 24% in autumn), which
is not typical of the Mediterranean climate of Greece which is characterized by wet winters
and dry summers.

The above patterns result in the classification of the area in the sub-humid climatic
type with very cold winters, according to Emberger’s [47] bioclimatic classification, with
a Q2 index of 77.0. The dry summer conditions last about 2 months (from the beginning
of July to the end of August) as depicted in the Bagnouls and Gaussen [48] pluviometric
diagram of the area (Figure 2).
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presence of Quercus pubescens, Q. coccifera, Caprinus orientalis, Fraxinus ornus, Cistus in-
canus, and Colutea arborescens. Its larger part is occupied by a 60-year-old planted Pinus 
brutia forest. Kermes oak (Q. coccifera) dominates especially in the forest openings [49]. 
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Figure 2. Pluviometric diagram of Chrysopigi, produced by long-term data (period 1978–2023).

The broader area belongs to the Quercetalia pubescentis vegetation zone with the
presence of Quercus pubescens, Q. coccifera, Caprinus orientalis, Fraxinus ornus, Cistus incanus,
and Colutea arborescens. Its larger part is occupied by a 60-year-old planted Pinus brutia
forest. Kermes oak (Q. coccifera) dominates especially in the forest openings [49]. The soil is,
generally, sandy loam, with shallow depth and pH of about 6 and organic matter content
of 1.47% [49].

In a forest opening, a fully equipped meteorological station recorded data on a 60 min
timestep. Air temperature and relative humidity (E+E sensor, model EE08; E+E Elektronik
Ges.m.b.H., Engerwitzdorf, Austria, with accuracy less than ±3% for relative humidity
and less than 0.2 ◦C at 23 ◦C), windspeed (Thies Clima Small Wind transmitter, Adolf Thies
GmbH & Co. KG, Göttingen, Germany, with accuracy ±0.5 m s−1) and wind direction



Atmosphere 2024, 15, 662 5 of 20

(NRG 200P; Kintech Engineering, Zaragoza, Spain), precipitation PR (Pronamic ApS rain
gauge; Skjern, Denmark, with accuracy ±2%), and global solar radiation (SP110 Apogee
Pyranometer; Apogee Instruments Inc., Logan, UT, USA, with typical absolute calibration
error of less than 3% ± 5% cosine error) were measured with a Symmetron Stylitis–10
datalogger (Symmetron Electronic Applications, Gerakas, Athens, Greece).

Meteorological data of the period from January 2008 to May 2023 were employed
to produce estimates of potential daily evapotranspiration (PET) by different empirical
models. Specifically, air temperature T and relative humidity RH (average, minimum, and
maximum), precipitation, wind speed, and global solar radiation daily values were used to
produce the daily PET values. The analysis was performed on the PET estimates. A total
number of 5389 daily values were assessed based on the PET estimates with the FAO56
Penman Monteith (FAO56–PM). The values are almost evenly distributed among seasons:
26% in winter, 26% in spring, 24% in summer, and 24% in autumn.

2.2. Potential Evapotranspiration Empirical Models Temperature-Based Potential
Evapotranspiration (PET) Methods

In this study several temperature-based empirical models were applied to estimate
PET. In general, the models can be grouped into three main categories based on the data
input requirements. The two groups of equations, along with the mathematical expression
for each equation, are presented below.

• PET = f (T), 36 methods presented in Equations (1)–(36) in Table 1.
• PET = f (T, RH), 13 methods presented in Equations (37)–(49) in Table 2.
• PET = f (T, PR), 1 method presented in Equation (50) in Table 2.

Table 1. Temperature-based methods. General form PET = f (T).

Method Equation PET = f(T) * Equation No References

Thornthwaite 1948 PET = 16
(

10 T
I

)a
N

360
(1) [50,51]

Blaney & Criddle 1950 PET =

{
0.85 p (0.46 t + 8.13), from April to September
0.45 p (0.46 t + 8.13), from October to March

(2) [52]

McCloud 1955 PET = 0.254·1.071.8 T (3) [53]
Hamon 1963 PET = 29.8 N

( es
T+273.2

)
for T > 0 (4) [54,55]

Baier & Robertson 1965 PET = 0.157 Tmax + 0.158 (Tmax − Tmin) + 0.109 Ra − 5.39 (5) [56]
Malmstrom 1969 PET = 40.9 es

N
360 (6) [54]

Siegert & Schrödter 1975 PET = 0.533
(

10T
33.617

)1.033
N
12

(7) [57]

Blaney & Criddle (Mid. Eur. Ver.) PET = −1.55 + 0.96 p (0.457 T + 8.128) (8) [16]
Smith & Stopp 1978 PET = 0.16 T (9) [58]
Hargreaves & Samani 1985 PET = 0.0023 (Tmax − Tmin)

0.5 (T + 17.8) Ra (10) [59]
Kharrufa 1985 PET = 0.34 p T1.3 (11) [60]
Mintz & Walker 1993 PET = 0.17 N

12 T (12) [61]
Camargo et al., 1999 PET = 16

(
10 Tef

I

)a
N

360 , Tef = 0.36(3Tmax − Tmin) (13) [62]

Samani 2000 PET = 0.0135 KT Ra (Tmax − Tmin)
0.5 (T + 17.8)

KT = 0.00185 (Tmax − Tmin)
2 − 0.0433 (Tmax − Tmin) + 0.4023

(14) [59,63,64]

Xu & Singh 2001 (1) PET = 20
(

10 T
I

)a
N

360
(15) [65]

Xu & Singh 2001 (2) PET = 20.5
(

10 T
I

)a
N

360
(16) [65]

Xu & Singh 2001 (3) PET = 0.37 p T1.3 (17) [65]
Xu & Singh 2001 (4) PET = 0.0028 (Tmax − Tmin)

0.5 (T + 17.8) Ra (18) [65]
Droogers & Allen 2002 (1) PET = 0.0030 (Tmax − Tmin)

0.4 (T + 20) Ra (19) [26]
Droogers & Allen 2002 (2) PET = 0.0025 (Tmax − Tmin)

0.5 (T + 16.8) Ra (20) [26]

Pereira & Pruitt 2004 PET = 16
(

10 T∗
ef

I

)a
N

360 (21) [50]
T∗

ef = 0.345(3Tmax − Tmin)
N

24−N , for T ≤ T∗
ef ≤ Tmax

Trajcovic 2005 (1) PET = 0.88
[
16

(
10 T

I

)a
N

360

]
+ 0.565 (22) [66]

Trajcovic 2005 (2) PET = 0.817
[
0.0023 (Tmax − Tmin)

0.5 (T + 17.8) Ra

]
+ 0.320 (23) [66]

Oudin 2005 PET = Ra
T+5
100 , for T + 5 > 0 (24) [67]

Castañeda & Rao 2005 (1) PET =

{
0.9 p (0.46 T + 8.13), from April to September
0.6 p (0.46 T + 8.13), from October to March

(25) [68]

Trajkovic 2007 PET = 0.0023 (Tmax − Tmin)
0.424 (T + 17.8) Ra (26) [69]
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Table 1. Cont.

Method Equation PET = f(T) * Equation No References

Tabari & Talaee 2011 (1) PET = 0.0031 (Tmax − Tmin)
0.5 (T + 17.8) Ra (27) [27]

Tabari & Talaee 2011 (2) PET = 0.0028 (Tmax − Tmin)
0.5 (T + 17.8) Ra (28) [27]

Ravazzani et al., 2012 PET = (0.817 + 0.00022z) 0.0023Ra (T + 17.8)(Tmax − Tmin)
0.5 (29) [70]

Berti et al., 2014 PET = 0.00193 Ra (T + 17.8)(Tmax − Tmin)
0.517 (30) [71]

Heydari & Heydari 2014 PET = 0.0023 (Tmax − Tmin)
0.611 (T + 9.519) Ra (31) [72]

Dorji et al., 2016 PET = 0.002 (Tmax − Tmin)
0.296 (T + 33.9) Ra (32) [73]

Lobit et al., 2018 PET = 0.1555 Ra(0.00428 T + 0.09967) (Tmax − Tmin)
0.5 (33) [74]

Althoff et al., 2019 PET = 0.0135·0.166 Ra (Tmax − Tmin)
0.5 (T + 15.3) (34) [75]

Proutsos et al., 2023 Model 3 PET = 0.026 T1.621 (35) [23]
Proutsos et al., 2023 Model 4 PET = 0.01357 (T + 3.167) (Tmax − Tmin)

−0.07 Ra (36) [23]

* where a = 6.75 × 10−7 I3 − 7.71 × 10−5 I2 + 1.7912 × 10−2 I + 0.49239 and I = ∑12
1 (0.2 T)1.514 in Equations (1),

(13), (15), (16), (21), and (22); p is the daily percentage (%) of annual daytime hours for each day of the year;
N are the maximum sunshine daily hours; T, Tmax, and Tmin are the daily mean, maximum, and minimum air
temperatures in ◦C; z is the altitude in m; Ra is the extraterrestrial radiation in mm day−1 in all equations, except
from Baier & Robertson 1965 (Equation (5)) and Lobit et al. 2018 (Equation (33)), where Ra is in MJ m−2 d−1; and
es is the saturation vapor pressure in kPa.

Table 2. Temperature-based methods. General forms PET = f (T, RH) and PET = f (T, PR).

Method Equation PET = f (T, RH) * Equation No. References

Romanenko 1961 PET = 0.0018 (25 + T)2 (100 − RH) N/360 (37) [76]
Schendel 1967 PET = 16 T/RH (38) [77]
Antal 1968 PET = 0.736 (es − ea)

0.7
(

1 + T
273

)4.8 (39) [78,79]

Linacre 1977 PET =
[

500(T+0.006z)
100−φ + 15(T − Td)

]
/(80 + T) (40) [80]

Xu & Singh 2001 (5) PET = 0.0020 (25 + T)2 (100 − RH) N
360 (41) [65]

Xu & Singh 2001 (6) PET =
[

488(T+0.006z)
100−φ + 15(T − Td)

]
/(80 + T) (42) [65]

Xu & Singh 2001 (7) PET =
[

615(T+0.006z)
100−φ + 15(T − Td)

]
/(80 + T) (43) [65]

Ahooghalaandari et al., 2016 (1) PET = 0.252 Ra + 0.221 T
(

1 − RH
100

)
(44) [81]

Ahooghalaandari et al., 2016 (2) PET = 0.29 Ra + 0.15 Tmax

(
1 − RH

100

)
(45) [81]

Ahooghalaandari et al., 2016 (3) PET = 0.369 Ra + 0.139 Tmax

(
1 − RH

100

)
− 1.95 (46) [81]

Ahooghalaandari et al., 2016 (4) PET = 0.34 Ra + 0.182 T
(

1 − RH
100

)
− 1.55 (47) [81]

Proutsos et al., 2023 Model 6 PET = 0.135 Ra + 0.235 T
(

1 − RH
100

)
(48) [23]

Proutsos et al., 2023 Model 15 PET = 1.378 (es − ea)
0.379

(
1 − T

273

)11.539 (49) [23]

Equation PET = f (T, PR) *

Droogers & Allen 2002 (3) PET = 0.0013 (Tmax − Tmin − 0.0123PR)0.76 (T + 17) Ra (50) [26]

* where T and Tmax are the daily mean and maximum air temperatures in ◦C; Td is the dewpoint in ◦C; RH is the
relative humidity in %; φ is the latitude in degrees; z is the altitude in m; PR is the monthly precipitation in mm;
Ra is the extraterrestrial radiation in mm day−1; and es, ea are the saturation and actual vapor pressures in kPa in
all equations, except from Antal 1968 (Equation (39)), where they are in hPa.

The above-presented empirical models were then compared with the benchmark
method FAO56–PM [21]:

PET =
0.408 ∆ (Rn − G) + γ 900

T+273 u (es − ea)

∆ + γ(1 + 0.34 u)
(51)

2.3. Statistical Indices and Ranking

To compare the estimations of PET by the different models against the estimates by
FAO56–PM, the commonly used coefficients of the linear regression y = ax + b were em-
ployed as follows: slope a, intercept b, and coefficient of determination R2. Four additional
statistical measures, recommended by Fox [82], were applied: the mean bias error (MBE) to
assess the bias, the variance of the differences distribution s2

d to evaluate the variability of
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the differences between the PET values around the MBE, the mean absolute error (MAE),
and the root mean square error (RMSE) to express the average difference. The index of
agreement (d) was also used to make the cross-comparison between the models [83–85].
The analytic equations for the estimation of the indices are:

MBE = ∑N
i=1

Pi − Oi

N
(52)

MAE = ∑N
i=1

|Pi − Oi|
N

(53)

s2
d = ∑N

i=1
(Pi − Oi − MBE)2

N − 1
(54)

RMSE =

√
∑N

i=1
(Pi − Oi)

2

N
(55)

d = 1 − ∑N
i=1

(Pi−Oi)
2

N

∑N
i=1

(|Ṕi|+|Ói|)2

N

(56)

where Oi is the estimated PET by FAO56–PM, Pi is the PET by the compared methods,
Ṕi = Pi − O, and Ói = Oi − O.

To rank the methods, the above indices were used and through a standardization pro-
cedure proposed by Aschonitis et al. [86] and also described in Rahimikhoob et al. [87]. The
standardized ranking performance index (sRPI) was estimated by the following equations:

Xi =


Vi, Type I indices

(
R2, d

)
1 − |Vi |+1∣∣∣Vi (max)

∣∣∣+1
, Type II indices

(
|1 − slope a|, |offcet b|, MBE, MAE, s2

d, RMSE
) (57)

Yi =
Xi − Xmin

Xmax − Xmin
(58)

RPI = ∑k
i =1

Yi

k
(59)

sRPI =
RPI − RPImin

RPImax − RPImin
(60)

where Vi is each statistical index and k is the number of the statistical indices used for the
RPI and sRPI estimations.

3. Results
3.1. Meteorological Conditions

For the recording period (1 January 2008 to 16 May 2023), the monthly average
patterns of the main meteorological attributes in Chrysopigi are depicted in Figure 3. The
average air temperature presented a mean annual value of 13.9 ◦C, ranging seasonally
from 5.2 ◦C in winter to 23.3 ◦C in summer. However, there were temperature extremes
on the hourly values. The absolute minimum was −11.7 ◦C, recorded on 8 January 2017,
whereas an absolute maximum of 46.8 ◦C was recorded on 10 June 2015. The annual relative
humidity is relatively high (60.6%) with a seasonal variation from 50.7% in summer to
68.8% in winter. The solar radiation pattern, which is the most determinant factor for the
formation of PET, follows the distribution of air temperature and presents an annual value
of 157 W m−2, being lower in winter (76 W m−2) and maximum in summer (243 W m−2).
The sky conditions at the site assessed by the values of atmospheric clearness (Kt, which is
defined as the ratio of global solar to extraterrestrial radiation), suggest that at Chysopigi,
intermediate skies generally prevail, with Kt values ranging seasonally from 0.40 in winter
to 0.51 in summer.
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Figure 3. Monthly averages of (a) the mean, Tmean, maximum, Tmax, minimum, Tmin temperatures,
and absolute values of Tmin and Tmax; (b) the mean, RHmean, maximum, RHmax, and minimum,
RHmin relative humidity; (c) the global solar Rs and the extraterrestrial Ra radiation flux densities;
and (d) the wind speed, WS, for the site of Chrysopigi in the period 2008–2023.

Under such atmospheric conditions, PET rates by the FAO56–PM model were high in
summer (4.43 mm d−1), maximized in July (4.72 mm d−1), and low in winter (0.81 mm d−1),
becoming minimum in December (0.63 mm d−1). Moderate rates were estimated for the
transitional seasons of spring (2.65 mm d−1) and autumn (1.86 mm d−1), as depicted in
Figure 4. The annual average daily PET was 2.44 mm d−1.
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Figure 4. Average monthly values of potential evapotranspiration (PET) estimated by the FAO56–PM
benchmark method for the study site of Chrysopigi, for the period 2008–2023.

It is notable that most of the daily data (55.5%) are associated with relatively clear sky
conditions (Kt greater than 0.5), whereas about 56.8% of the estimated PET values refer to
average daily temperatures less than 15 ◦C (Figure 5). Such a distribution indicates that
the PET estimates might be influenced by the local atmospheric clearness conditions and
global solar radiation to a high degree. Specifically, the Pearson correlation assessment
between the PET estimates by the FAO56–PM and the input parameters produced high and
positive r values for Rs (0.928) and for the temperature attributes (0.855 for Tmean, 0.806
for Tmin, 0.878 for Tmax), and lower and negative r values for the relative humidity (−0.549
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for RHmean, −0.578 for RHmin and −0.468 for RHmax), whereas the effect of wind speed
appears to be weaker (r = +0.226).
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Figure 5. Frequency distributions (bars) and average potential evapotranspiration PET values (lines)
for different (a) daily mean air temperatures and (b) atmospheric clearness conditions in Chrysopigi,
for the period 2008–2023.

The above patterns suggest that solar radiation is the main attribute determining
PET; however, in regions with low meteorological data availability, the estimations of
PET by using temperature data might be a meaningful alternative. In conjunction with
the estimates of the daily extraterrestrial radiation Ra (which is estimated by only the
geographical latitude of each site), PET can be estimated with accuracy, also considering
the strong correlation between Ra and PET (r = +0.863).

3.2. PET Estimates and Comparisons

The estimation of daily PET by models incorporating only temperature attributes
(Equations (1)–(36)) is presented comparatively with the estimates of the FAO56–PM
benchmark method in Figure 6. Most PET = f(T) equations presented high R2 values (higher
than 0.85), and two of them, Equation (19), Droogers & Allen 2002 (1), and Equation (26),
Trajkovic 2007, presented the best R2 (0.902).

The inclusion of water-related attributes as relative humidity or precipitation does
not affect the accuracy of PET in Chrysopigi (Figure 7). The dispersion of values against
the benchmark method indicates the good performance of the tested models. However,
the R2 values are, in general, lower, ranging from 0.682 (Equation (38), Schendel 1967) to
0.885 (Equation (47), Ahooghalaandari et al. 2016 (4)), while none of the models showed R2

higher than 0.9. It should be stated, however, that six out of the 14 tested PET = f(T, RH or
PR) models presented R2 higher than 0.85.

More statistical indices to perform an accurate evaluation of the performance of the
50 tested models, along with their overall ranking, are presented in Tables 3 and 4. For the
group of the PET = f(T) estimates, the average values range from 1.988 mm d−1 (Equation (3),
McCloud 1955) to 3.676 mm d−1 (Equation (17), Xu & Singh 2001 (3)), which correspond to
−18.1% and +51.4% deviations from the FAO56–PM average value (2.428 mm d−1), respec-
tively. It is worth noting that most methods (20 out of the 36) of the general form PET = f(T)
produced accurate averages with less than 10% difference from the benchmark method,
and two of them, i.e., Equation (4), Hamon 1963, and Equation (31), Heydari & Heydari
2014, had averages with differences less than 1%. In addition, Equation (36), Proutsos et al.
2023, Model 4, had the best slope value (1.000), whereas Equation (35), Proutsos et al. 2023,
Model 3, showed the best offset (−0.009). Similarly, Equation (31), Heydari & Heydari 2014,
presented the best MBE (−0.004) and Equation (29), Ravazzani et al. 2012, had the best
RMSE (0.519), MAE (0.346), and d (0.979).
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Figure 6. Correlation between daily PET values estimated by different temperature (T)-based methods
(x–axis) of the general form PET = f (T) against the benchmark FAO56–PM method (y–axis) for the
forest site of Chrysopigi, Greece, along with the linear regression statistics. The blue line indicates the
1:1 regression.

Table 3. Statistical indices (mean, slope a, intercept b, coefficient of determination R2, of the linear
regression y = ax + b; mean bias error MBE; root mean square error RMSE; mean absolute error MAE;
standard deviation square sd2; and index of agreement d) for the 36 models of the PET = f(T) group
compared to the FAO56–PM benchmark method, at the forest site of Chrysopigi. The ranking (sRPI
score and Rank) is based on the optimum values of the indices for all tested 50 PET models.

PET = f(T) Method N Mean a b MBE RMSE MAE sd2 d R2 sRPI Rank

FAO56–PM 5389 2.428
1. Thornthwaite 1948 4394 2.273 0.973 −0.155 −0.222 0.794 0.604 0.580 0.961 0.811 0.881 19
2. Blaney & Criddle 1950 5615 2.858 1.011 0.462 0.527 0.906 0.691 0.542 0.938 0.840 0.844 26
3. McCloud 1955 5602 1.988 0.977 −0.305 −0.335 1.107 0.785 1.113 0.907 0.685 0.735 37
4. Hamon 1963 5389 2.444 0.829 0.431 0.016 0.672 0.516 0.452 0.960 0.828 0.877 21
5. Baier & Robertson 1965 3529 3.242 1.170 −0.604 −0.044 0.817 0.627 0.665 0.942 0.802 0.823 32
6. Malmstrom 1969 5389 2.761 0.977 0.389 0.333 0.808 0.623 0.542 0.955 0.823 0.863 25
7. Siegert & Schrodter 1975 5218 2.603 0.930 0.293 0.120 0.708 0.556 0.487 0.957 0.826 0.887 18
8. Blaney & Criddle (MEV) 5539 2.320 0.843 0.327 −0.034 0.615 0.484 0.377 0.963 0.857 0.909 15
9. Smith & Stopp 1978 5218 2.284 0.637 0.703 −0.199 0.871 0.713 0.719 0.890 0.739 0.718 38
10. Hargreaves-Samani 1985 5389 2.514 0.961 0.180 0.086 0.535 0.352 0.279 0.964 0.898 0.969 2
11. Kharrufa 1985 5218 3.382 1.382 −0.051 0.898 1.516 1.167 1.493 0.870 0.818 0.691 39
12. Mintz & Walker 1993 5218 2.644 0.927 0.342 0.160 0.713 0.562 0.483 0.972 0.827 0.887 17
13. Camargo et al. 1999 5375 2.374 0.997 −0.053 −0.059 0.661 0.494 0.433 0.962 0.858 0.943 8
14. Samani 2000 5385 2.618 0.823 0.621 0.192 0.710 0.515 0.466 0.950 0.822 0.844 27
15. Xu & Singh 2001 (1) 4394 2.776 1.150 −0.092 0.281 0.964 0.765 0.850 0.925 0.814 0.831 30
16. Xu & Singh 2001 (2) 4394 2.839 1.172 −0.085 0.344 1.012 0.802 0.906 0.943 0.812 0.827 31
17. Xu & Singh 2001 (3) 5216 3.676 1.501 −0.049 1.193 1.840 1.416 1.960 0.867 0.818 0.621 41
18. Xu & Singh 2001 (4) 5389 3.061 1.170 0.219 0.633 0.940 0.703 0.484 0.964 0.898 0.880 20
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Table 3. Cont.

PET = f(T) Method N Mean a b MBE RMSE MAE sd2 d R2 sRPI Rank

19. Droog. & Allen 2002 (1) 5389 2.824 1.025 0.336 0.396 0.676 0.496 0.300 0.970 0.902 0.934 11
20. Droog. & Allen 2002 (2) 5389 2.654 1.023 0.169 0.226 0.603 0.402 0.313 0.971 0.898 0.961 4
21. Pereira and Pruit 2004 5375 2.277 0.931 0.011 −0.156 0.644 0.478 0.390 0.963 0.858 0.936 10
22. Trajkovic 2005 (1) 4592 2.479 0.867 0.385 0.064 0.701 0.547 0.488 0.952 0.817 0.869 23
23. Trajcovic 2005 (2) 5615 2.292 0.785 0.467 −0.039 0.547 0.410 0.298 0.968 0.898 0.926 14
24. Oudin 2005 5606 2.319 0.916 0.165 −0.015 0.588 0.436 0.345 0.961 0.871 0.942 9
25. Castañeda & Rao 2005 5615 3.195 0.993 0.850 0.865 1.103 0.919 0.469 0.895 0.852 0.769 36
26. Trajkovic 2007 5389 2.141 0.798 0.204 −0.287 0.610 0.437 0.290 0.963 0.902 0.930 13
27. Tabari & Talaee 2011 (1) 5389 3.389 1.296 0.242 0.960 1.285 1.000 0.730 0.876 0.898 0.772 34
28. Tabari & Talaee 2011 (2) 5389 3.061 1.170 0.219 0.633 0.940 0.703 0.484 0.957 0.898 0.877 22
29. Ravazzani et al. 2012 5389 2.394 0.915 0.171 −0.034 0.519 0.346 0.268 0.979 0.898 0.974 1
30. Berti et al. 2014 5389 2.187 0.841 0.145 −0.241 0.581 0.406 0.279 0.963 0.897 0.943 7
31. Heydari & Heydari 2014 5389 2.424 1.041 −0.104 −0.004 0.607 0.387 0.369 0.965 0.887 0.964 3
32. Dorji et al. 2016 5389 2.091 0.668 0.468 −0.337 0.732 0.536 0.422 0.938 0.898 0.866 24
33. Lobit et al. 2018 5389 2.066 0.759 0.223 −0.363 0.675 0.482 0.325 0.929 0.898 0.898 16
34. Althoff et al. 2019 5389 2.273 0.888 0.116 −0.156 0.541 0.370 0.268 0.964 0.898 0.960 5
35. Proutsos et al. 2023 M3 5218 2.208 0.893 −0.009 −0.276 0.893 0.691 0.721 0.932 0.751 0.820 33
36. Proutsos et al. 2023 M4 5353 2.573 1.000 0.134 0.133 0.674 0.489 0.436 0.961 0.857 0.932 12
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Figure 7. Correlation between daily PET values estimated by different temperature-based methods
(x–axis) corrected with relative humidity (RH) or precipitation (PR) attributes, following the general
forms PET = f (T, RH) (Equations (37)–(49)) and PET = f (T, PR) (Equation (50)) against the benchmark
FAO56–PM method (y–axis) for the forest sites of Chrysopigi, Greece, along with the linear regression
statistics. The blue line indicates the 1:1 regression.
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Table 4. Statistical indices (mean, slope a, intercept b, and coefficient of determination R2, of the linear
regression y = ax + b; mean bias error MBE; root mean square error RMSE; mean absolute error MAE;
standard deviation square sd2; and index of agreement d) for the 36 models of the PET = f (RH or PR)
groups compared to the FAO56–PM benchmark method, at the forest site of Chrysopigi. The ranking
(sRPI score and Rank) is based on the optimum values of the indices for all tested 50 PET models.

PET = f (RH or PR) Method N Mean a b MBE RMSE MAE sd2 d R2 sRPI Rank

37. Romanenko 1961 5578 4.239 1.865 −0.233 1.925 2.879 2.047 4.580 0.676 0.771 0.275 49
38. Schendel 1967 5083 4.240 1.575 0.425 1.817 2.656 1.895 3.753 0.799 0.682 0.342 47
39. Antal 1968 5376 4.303 1.604 0.416 1.880 2.540 1.906 2.918 0.861 0.774 0.438 44
40. Linacre 1977 5383 4.442 1.339 1.194 2.017 2.453 2.021 1.951 0.865 0.740 0.412 46
41. Xu & Singh 2001 (5) 5516 4.586 2.008 −0.172 2.302 3.278 2.397 5.446 0.738 0.778 0.214 50
42. Xu & Singh 2001 (6) 5385 4.389 1.325 1.174 1.962 2.402 1.967 1.922 0.890 0.737 0.432 45
43. Xu & Singh 2001 (7) 5374 4.975 1.492 1.362 2.553 2.993 2.554 2.438 0.811 0.764 0.279 48
44. Ahooghal. et al., 2016 (1) 5615 4.141 1.156 1.390 1.810 1.967 1.812 0.591 0.901 0.880 0.591 42
45. Ahooghal. et al., 2016 (2) 5615 4.423 1.125 1.741 2.093 2.220 2.094 0.550 0.830 0.885 0.503 43
46. Ahooghal. et al., 2016 (3) 5581 3.312 1.263 0.277 0.969 1.347 1.062 0.873 0.928 0.875 0.771 35
47. Ahooghal. et al., 2016 (4) 5612 3.683 1.339 0.493 1.352 1.671 1.376 0.963 0.886 0.885 0.681 40
48. Proutsos et al., 2023 M. 6 5614 2.887 0.933 0.680 0.557 0.865 0.683 0.438 0.948 0.852 0.836 29
49. Proutsos et al., 2023 M. 15 5387 2.446 0.832 0.426 0.017 0.736 0.576 0.542 0.938 0.795 0.841 28
50. Droog. & Allen 2002 (3) 5357 2.264 0.974 −0.109 −0.174 0.643 0.421 0.383 0.976 0.867 0.947 6

The statistics for the PET = f (RH or PR) group are overall worse than the PET = f(T)
group, as shown in Tables 3 and 4. However, Equation (49), Proutsos et al. 2023, Model
15, and Equation (50), Droogers & Allen 2002 (3), produced PET averages that were less
than 10% different from the benchmark method (+0.7 and +6.8%, respectively). In this
category, Equation (47), Ahooghalaandari et al. 2016 (4), presented the best R2 (0.885),
and Equation (49), Proutsos et al. 2023, Model 15, the best MBE (0.017), but Equation (50),
Droogers & Allen 2002 (3), showed the best statistics in the slope (0.974) and the offset
(−0.109) of the linear regression, the RMSE (0.643), MAE (0.421), sd2 (0.383), and d (0.976).

3.3. PET Methods Ranking

The overall assessment of all indices and the ranking of all the tested models for the
forest site of Chrysopigi is presented in Table 3 and in Figure 8. Twelve out of the 50 tested
methods showed sRPI scores higher than 0.90 and four of them reached scores higher than
0.95 as follows: Equation (29), Ravazzani et al. 2012; Equation (10), Hargreaves & Samani
1985; Equation (31) Heydari & Heydari 2014; Equation (20) Droogers & Allen 2002 (2); and
Equation (34) Althoff et al., 2019. On the contrary, Equation (39), Antal 1968; Equation (42),
Xu & Singh 2001 (6); Equation (40), Linacre 1977; Equation (38), Schendel 1967; Equation (43),
Xu & Singh 2001 (7); Equation (37), Romanenko 1961; and Equation (41), Xu & Singh 2001
(5) performed worse at the studied forest site and presented very low sRPI scores (less
than 0.500).

The best performing method (Equation (29), Ravazzani et al. 2012) showed an average
PET of 2.349 mm d−1 and was only by −1.4% different compared to the benchmark method.
Worth noting is the performance of the widely used Equation (10), Hargreaves and Samani,
method, which is ranked 2nd among all the 50 models, with an average PET (2.514 mm d−1)
that was 3.5% higher than the benchmark.
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Figure 8. Rank scores based on the sRPI index and ranking of the 50 temperature-based PET methods
at the forest site of Chrysopigi, Greece.

4. Discussion

The superior performance of radiation-based methods compared to temperature-based
ones for the estimation of PET is widely acknowledged [88]. However, temperature-based
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models also exhibit adequate behavior and are preferred in many studies due to their lower
data requirements and the greater availability of temperature data compared to radiation.

In our forest site, various temperature-based methods demonstrated differing per-
formance. The calculated PET average values ranged from 1.988 mm/d to 4.975 mm/d,
resulting in differences with the FAO–56 PM benchmark method (2.428 mm–d). These
differences suggest either underestimation or overestimation of PET values by percentages
ranging from −18% to +105%. Specifically, 33 out of the 50 tested methods overestimated
PET, while the remaining 17 underestimated it. However, 22 methods produced average
PET values with less than a 10% difference from the benchmark method’s average. The five
best-performing methods exhibited PET averages that differed from −6% (Equation (34),
Althoff et al. 2019) to +9% (Equation (20), Droogers & Allen 2002 (2)) from the benchmark
method’s mean PET, while Equation (31), Heydari & Heydari 2014, showed the smallest
difference (−0.2%).

The equation proposed by Ravazzani et al. 2012 demonstrates an overall superior
performance compared to all other temperature-based models, followed by the original
Equation (31), Hargreaves–Samani model 1985; Equation (20), Heydari & Heydari 2014;
Equation (20), Droogers & Allen 2002 (2); and Equation (34), Althoff et al. 2019 methods,
all of which exhibited high rank scores (sRPI > 0.95). Ravazzani et al. (2012) along with
all the aforementioned models are actually modifications of the Hargreaves–Samani 1985
model. Notably, Ravazzani et al. 2012 incorporated an altitude-related term into the
original Hargreaves–Samani equation. The commendable performance of the original
Hargreaves–Samani model aligns with the findings of Lang et al. (2017), who investigated
the performance of eight PET methods in southwest China and recommended this specific
method as the best temperature-based method for the area. It should be highlighted that the
aforementioned five best-performing methods are solely temperature-related, classified into
the PET = f(T) group, without incorporating any water-related (RH or precipitation) factors.
This suggests that an increase in the number of input parameters does not necessarily lead to
more accurate PET estimates, at least not in the specific Mediterranean forest environment.

Among the group of models incorporating temperature and relative humidity, or
precipitation (PET = f(T, RH or PR)), Proutsos et al. 2023, Model 15 and Model 6, along with
the equations by Ahooghalaandari et al. 2016 (3), (4), and (1), produced the most accurate
PET estimates, exhibiting relatively higher rank scores compared to other equations in this
category. However, PET estimates from this group of methods differed, on average, by
+60%, ranging from −7% (Droogers and Allen 2002 (3)) to +105% (Xu and Singh 2001 (7)).
Notably, the models by Droogers and Allen 2002 (3) and Proutsos et al. 2023, Model 15,
emerged as the top performers in this category, ranking 6th and 28th among all examined
methods, with average PET differences of −7% and +0.7%, respectively.

The method proposed by Ravazzani et al. 2012 was identified as the overall best-
performing method, with an average PET of 2.394, being only by −1.4% different from the
benchmark method. However, this method exhibited poorer performance when applied
in urban green areas. In the study of Proutsos et al. [23], Ravazzani et al. 2012 ranked
32nd among 52 examined temperature-based methods, indicating that urban environments
or variations in latitude and altitude may affect its accuracy. Similar discrepancies were
observed for other top-performing methods at the forest site of Chrysopigi, such as the
original Hargreaves–Samani 1985 model, which ranked 2nd in this study but 25th among
52 methods in urban sites. Similarly, Heydari & Heydari 2014, Droogers & Allen 2002 (2),
and Althoff et al. 2019, ranked 3rd, 4th, and 5th, respectively, in this study, but were 21st,
31st, and 26th among temperature-based methods in urban sites.

Previous studies suggest that the best-performing temperature-based methods in
urban sites differ from those in forest environments. For example, Ahooghalaandari et al.
2016 (3), Oudin 2005, and Xu & Singh 2001 (2) and (1) were ranked 12th, 35th, 9th, 31st,
and 30th, respectively, when applied to the studied forest site. In the forest site studied
by Bourletsikas et al. [46] in central Greece, almost all temperature-based models showed
good performance with slight underestimation of PET. The original Hargreaves–Samani
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method and its modifications performed well, consistent with the findings of Valipour
and Eslamian [34] and Valipour [89] at various Iranian provinces. Our results are also
in line with the findings of Tabari et al. [27] and Trajkovic and Kolakovic [90], using,
though, monthly data, who also found that the equation of Hargreaves–Samani and its
modifications overestimate PET under humid conditions, but identified poor performance
of the Thornthwaite model. A systematic overestimation of Hargreaves–Samani, was
also addressed by Alexandris et al. [91], who estimated PET by five empirical models,
above rainfed grass in central Serbia and compared the results against the FAO–56 PM
benchmark method.

Gebhart et al. [45] evaluated the performance of 13 PET models in Greek forest sites
and confirmed an overall better performance of the radiation-based methods against the
temperature-based ones, attributing it to the large influence of solar radiation on the deter-
mination of the PET fluxes. Regarding the temperature-based models the authors suggested
Hammon, McGuiness, and Hargreaves as best performing with regard to their latitudinal
distribution. Forest type may also influence evapotranspiration fluxes. Rao et al. [43]
compared the monthly measured actual evapotranspiration in two small forested water-
sheds (conifer plantation and naturally regenerated deciduous hardwoods) in the humid
Appalachians in the southeastern U.S. with the PET estimates from three empirical methods
(FAO–56 PM, Priestley–Taylor, and Hamon) and found that the annual PET of conifers was
higher than of deciduous hardwoods and that Hamon’s and the FAO–56 PM equations
generally underestimate the forest PET.

5. Conclusions

In the present study, 50 temperature-based methods for estimating potential evap-
otranspiration (PET) were compared against the widely used FAO–56 PM benchmark
method, known for producing accurate PET estimates. Daily meteorological data from a
forest sub-humid site in Chrysopigi (northern Greece) spanning 16 years (2008–2023) were
utilized. The resulting PET estimates were evaluated using several statistical indices and
were ranked accordingly.

The findings suggest that temperature-based methods can serve as suitable alternatives
for PET estimation in forest environments. The performance of the original Hargreaves–
Samani model and its modifications was quite efficient for estimating PET in the Mediter-
ranean forest environment. The average daily PET at the studied forest was 2.428 mm, while
the tested models produced averages ranging from 1.988 mm/d to 4.975 mm/d, indicating
potential overestimation of PET by up to +105% or underestimation by −18%. Among
the tested models, 33 overestimated PET and 17 underestimated PET, with 22 showing
deviations of less than 10% from the average PET estimated by the benchmark method.

Temperature-based models relying solely on temperature appear to be more suit-
able for use in Mediterranean forest environments compared to methods incorporating
water-related parameters, such as relative humidity or precipitation. The equations of
Ravazzani et al., proposed in 2012, followed by Hargreaves–Samani in 1985, Heydari &
Heydari in 2014, Droogers & Allen in 2002, model 2, and Althoff et al. in 2019, emerged as
the top five performing methods with rank (sRPI index) scores exceeding 0.95, recommend-
ing their application in Mediterranean forest areas with limited data. However, further
research is necessary at various sites to evaluate the models’ performance. Future work
should include assessing the performance of radiation-based and combination methods
for PET estimation in natural and urban forests and other green areas, as well as testing
temperature and mass-transfer PET methods in different forest areas in Greece.
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