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Accurate estimation of evapotranspiration is essential for irrigation scheduling 
and water-balance assessment, yet physically based methods often require 
complete meteorological inputs that are not consistently available in data-
scarce regions. This study developed locally adapted, closed-form 
evapotranspiration equations using Gene Expression Programming (GEP) and 
evaluated their performance against lysimeter measurements in the central 
region of Syria. The dataset comprised 421 records from Al-Mukhtariyah 
(1996–2005) and Tizin (2004–2005) research stations, including daily 
maximum and minimum air temperature, relative humidity, wind speed, and 
sunshine duration, together with decadal (10-day) actual evapotranspiration 
measured by non-weighing drainage lysimeters. Three conventional equations 
(Blaney–Criddle, Ivanov, and Penman equations) were used as benchmarks, 
and three GEP models were generated in GeneXproTools V5 using 
combinations of the available climatic predictors. Results showed that all GEP 
models outperformed the conventional equations in both training and testing, 
with Model I providing the highest accuracy and the most stable statistics 
relative to lysimeter observations, including improved reproduction of peak 
and low evapotranspiration values. Sensitivity analysis for Model I indicated 
dominant contributions from mean temperature (45.5%) and sunshine 
duration (29.2%), followed by wind speed (13.0%) and relative humidity 
(12.3%). Overall, the proposed GEP equations offer accurate and interpretable 
alternatives for evapotranspiration estimation under limited or variable data 
availability, supporting practical irrigation management in arid and semi-arid 
settings.  
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1. Introduction 

Evapotranspiration (ET) is a coupled land–atmosphere process that integrates evaporation from soil and open-water 
surfaces and transpiration from vegetation, and it constitutes a major pathway of water and energy exchange within 
the hydrological cycle [1]. Accurate ET estimation is therefore central to irrigation scheduling, agricultural water 
productivity, watershed water-balance assessment, and long-term water resource planning [2]. However, ET is 
inherently controlled by interacting atmospheric drivers (air temperature, humidity deficit, wind regime, and 
radiative forcing) together with vegetation characteristics and the phenological stage of growing plants, rendering its 
robust quantification a persistent challenge across climates and scales [1][3]. Reference evapotranspiration is a 
standardized climatic index of evaporative demand from a defined, well-watered reference surface. A clear 
specification of the reference (grass or alfalfa) is essential for comparability and crop coefficient transfer. 

Evapotranspiration can be quantified using direct and indirect approaches. Direct measurement methods (such as 
weighing lysimeters and micrometeorological techniques) are widely used for benchmarking ET models, since these 
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methods provide near-observational estimates of water loss from soil–plant systems [1][4]. Lysimeters are often 
regarded as the most reliable instruments for field-scale ET measurement, particularly for establishing reference 
datasets for model development and validation. Nevertheless, their broader deployment is frequently constrained by 
installation complexity, high capital and maintenance costs, the need for continuous monitoring, and the required 
nontrivial corrections (Edge effects and representativeness issues), which collectively limit spatial coverage and 
operational feasibility [5][6]. These constraints are especially pronounced in data-scarce regions where water 
management decisions are most sensitive to ET uncertainty. 

Evapotranspiration is strongly spatially heterogeneous due to land cover and soil moisture variability. Regional 
assessments, therefore often integrate station-based estimation with land surface modeling and satellite energy 
balance approaches such as SEBAL and METRIC [7]. Consequently, indirect (model-based) estimation remains the 
dominant practice in hydrology and irrigation engineering. The FAO-56 Penman–Monteith (FAO-56 PM) equation is 
widely recognized as the standard method for reference evapotranspiration (ETo) estimation, as it combines energy 
balance and aerodynamic terms and performs robustly across diverse climatic settings [8]. Despite its accuracy, FAO-
56 PM typically requires a relatively complete suite of meteorological inputs (including radiation, humidity, wind 
speed, and temperature), which are not consistently available in many developing regions or in networks dominated 
by conventional stations with missing or low-quality observations [9][10]. Evidence from operational studies also 
shows that limited-data implementations can introduce systematic bias, motivating the search for parsimonious but 
reliable alternatives. Weather data integrity and the handling of missing variables are primary sources of bias in 
reference ET. Standard procedures formalize quality control and gap filling; however, evaluations show that limited 
data implementations can diverge systematically [11].  

Alongside FAO-56 PM, a range of empirical and semi-empirical ET equations are commonly used when observations 
are incomplete, including the Hargreaves–Samani, Blaney–Criddle, Priestley–Taylor, Jensen–Haise, Irmak, and Turc 
formulations [1]. While these approaches reduce data requirements, they often embed assumptions (or climate-
specific parameterizations) that may not transfer well under highly variable, extreme, or arid conditions. This issue is 
particularly observed when ET estimation is most consequential for irrigation and drought management. Therefore, a 
key methodological gap remains: achieving high accuracy comparable to FAO-56 PM while maintaining low input 
requirements and ensuring regional adaptability. 

Observed wind speed trends and seasonal shifts in aerodynamic versus radiative control can materially alter 
evaporative demand. This helps explain systematic errors of temperature or radiation only methods under windy or 
advective conditions [12]. To address these limitations, artificial intelligence (AI) and machine learning methods have 
increasingly been adopted for ET modeling, as they can find nonlinear relationships between available predictors and 
ET targets without requiring a complete physical description of the process [13]. Artificial Neural Networks (ANN), for 
example, have demonstrated strong predictive capability across a range of climates [14] [15]. However, many AI 
models are criticized for functioning as “black boxes,” which can impede operational uptake and scientific 
interpretability, especially when users require transparent equations for integration into water-management 
workflows. 

Within this context, Gene Expression Programming (GEP) provides an attractive compromise between physical–
empirical equations and black-box predictors. GEP is an evolutionary symbolic regression technique that evolves 
explicit mathematical expressions (closed-form equations) linking inputs to ET, thereby enabling both predictive 
modeling and interpretability [16]. Studies have shown that GEP can reach accuracy levels competitive with advanced 
data-driven models while retaining equation-based transparency [17]. For instance, research demonstrated the 
effectiveness of GEP for daily ETo estimation in the Basque Country, highlighting its suitability for reference ET 
modeling under station-based meteorological inputs [18]. Subsequent work emphasized the issue of model 
transferability, showing that GEP performance may degrade when applied outside the calibration domain, thus 
requiring careful regionalization or recalibration strategies [19]. In arid environments, ANN and GEP models were 
compared, and the results showed that ANN can be marginally more accurate in some cases, but GEP retains a 
practical advantage by yielding explicit, user-ready equations [20]. Similarly, GEP performance was improved 
markedly when humidity or wind information is added to temperature-based inputs, reinforcing the importance of 
input selection under data limitation [21]. In the Sahel, researchers reported that GEP can generate regional-specific 
models that substitute empirical equations to a meaningful extent and that wind speed often provides major 
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performance gains [22]. More recently, comparative studies and modern assessments continue to confirm the 
operational value of GEP in ETo estimation under limited or variable data availability across climate regimes [23][24]. 

Operational suitability cannot be assessed on the basis of correlation alone. A more robust evaluation demands 
complementary metrics. Bias, absolute and relative errors, and efficiency indices offer a fuller, more honest picture of 
performance. In this regard, GEP is attractive as it yields auditable explicit equations with interpretable structure [25]. 
Despite this progress, two issues remain central for operational ET modeling: (i) data availability scenarios (which 
combinations of climatic inputs produce acceptable accuracy?), and (ii) ground-truth validation against direct 
measurements rather than only against FAO-56 PM as a surrogate target. Addressing these issues is particularly 
important for arid and semi-arid regions, where ET dominates the water balance, and small estimation errors can 
translate into substantial irrigation misallocation. 

Accordingly, the present study aims to estimate reference evapotranspiration in the central region of Syria using 
innovative empirical equations generated by GEP, alongside conventional equations (Turc, Epanov/Ivanov, Penman, 
and Blaney–Criddle). The models are evaluated against field measurements obtained by lysimeters to assess their 
applicability under the study-area conditions, using available climatic Datasets (air temperature, relative humidity, 
solar radiation, and wind speed) for model development and evaluation. 

2. Materials and Methods 

2.1. Study area and data 

The study area is located in central Syria and includes 
two irrigation research stations affiliated with the 
Agricultural Research Center, namely Al-Mukhtariyah 
Station and Tizin Station. Al-Mukhtariyah Station lies 
approximately 2 km north of Homs City at an elevation 
of 487 m above mean sea level. On the other hand, 
Tizin Station is located roughly 15 km west of Hama 
City at an elevation of 474 m above mean sea level 
(Fig. 1). Soils at both sites are classified as heavy clay 
with moderate permeability, and the effective soil 
depth ranges from 0.75 to 2.0 m.  

Daily meteorological observations were obtained from 
the stations, including maximum and minimum air 
temperature, wind speed, relative humidity, and daily 
sunshine duration. Additionally, actual 
evapotranspiration (ETo) was measured at a decadal (10-day) interval using non-weighing drainage lysimeters. The 
available records cover 1996–2005 for Al-Mukhtariyah Station and 2004–2005 for Tizin Station. Table 1 provides the 
statistical description of the meteorological data used in the study. 

Table 1. Statistical description of the data used in the study 
Parameter Symbol Minimum Maximum Standard Deviation Average 

Temperatures Tmean (oC) 2.4 33.3 7.9 18.0 
Relative Humidity RH (%) 17.1 91.2 17.9 48.8 

Wind Speed W (m/sec) 0.0 16.0 3.5 9.0 
Sunshine S (hours) 0.0 4.7 0.9 2.5 

Evapotranspiration Eto (mm/day) 0.3 9.4 2.5 3.9 
 

The analysis of correlation between the four climatic variables and evapotranspiration (Fig. 2) showed temperature 
showing the strongest positive association (R = 0.9), followed by sunshine hours and wind speed, whereas relative 
humidity exhibits an inverse relationship with evapotranspiration. 

Figure 1. Location map of the study area 
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The central region in Syria is characterized by 
a Mediterranean climate, with cold, rainy 
winters and hot, dry summers. Rainfall is 
primarily concentrated between November 
and April. Mean annual precipitation differs 
between the stations, averaging 
approximately 475 mm at Al-Mukhtariyah and 
338 mm at Tizin. Air temperature reaches its 
maximum during July and August, with mean 
summer values of 29.02 °C at Al-Mukhtariyah 
and 28.1 °C at Tizin, and declines markedly in 
January to 5.16 °C and 6.8 °C, respectively. 
Wind speed is generally higher in summer 
than in winter, ranging from 4.18–4.5 m/s 
during summer and 0.88–1.7 m/s during 
winter, and this seasonal variability directly 
influences the measured evapotranspiration. 

2.2. Evapotranspiration measurement 

Lysimetry is generally regarded as the most 
accurate and dependable option to determine 
reference evapotranspiration (ETo) since it 
provides measurements closely tied to the physical water balance of a defined soil–plant system [1]. However, 
lysimeter-based monitoring is capital-intensive and requires substantial operational effort over time, including 
instrumentation, maintenance, and continuous quality control, which limits its routine use to research settings 
[26][27]. For this reason, ETo is more frequently estimated indirectly using meteorological observations and 
empirical or physically based formulations [1]. 

Indirect methods differ substantially in both structure and data demand. Some approaches rely primarily on air 
temperature and daylength information, while others incorporate additional atmospheric controls such as wind 
speed, humidity, and solar radiation in order to represent both the energy available for vaporization and the 
aerodynamic transport of water vapor away from the evaporating surface [1][28]. In general, models driven by 
multiple climatic variables tend to provide more consistent performance as they capture a larger portion of the 
physical drivers governing evaporative demand. Nonetheless, the practical choice of method is often constrained by 
data availability. In many regions, long and continuous temperature series are available, whereas reliable records of 
wind speed, relative humidity, and radiation (or sunshine duration) are often incomplete, discontinuous, or absent, 
particularly for earlier decades and for stations with limited instrumentation [26][29]. 

Accordingly, selecting an ETo estimation method requires balancing two considerations: the availability and quality of 
meteorological inputs, and the method’s ability to reproduce both the magnitude and temporal variability of 
evapotranspiration under the prevailing climatic conditions. Table 2 summarizes six indirect approaches spanning 
different input requirements. Three conventional formulations were used, namely Blaney–Criddle, Penman (FAO-24 
framework), and Ivanov, which are widely applied in literature [28-32]. In addition, three GEP-based equations (GEP I, 
GEP II, and GEP III) were developed using the meteorological records from Al-Mukhtariyah and Tizin stations to 
provide locally adapted alternatives under different data-availability scenarios [1]. 

 

 

 

 

 

Figure 2. The relationships between the climatic variables and 
evapotranspiration 
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Table 2. Data requirements of different evaporation estimation methods 

Parameter Temperatures 
Tmean (OC) 

Relative Humidity 
RH (%) 

Wind Speed 
W (m/sec) 

Sunshine 
S (hours) 

The Blaney-Criddle (1950) X    
Penman (1948 & FAO-24) X  X X 

Ivanov (1954) X X   
Model I X X X X 
Model II X X  X 
Model III X X   

 

2.2.1. Direct evaporation estimation (Lysimetry) 

In lysimetry, small-scale physical systems that closely reproduce field conditions are often used to obtain high-quality 
ET observations. Lysimeter-derived measurements provide dependable information for developing crop coefficients 
and improving irrigation management under different climatic conditions [33]. Compared with indirect estimation 
approaches, lysimetry offers a more direct representation of the ET process, although installation, operation, and 
maintenance can be costly [26]. In principle, the lysimeter quantifies actual evapotranspiration by isolating a defined 
soil monolith and resolving the associated water-balance components. In the present study, non-weighing drainage 
lysimeters were employed [33], which have been reported as effective for estimating water requirements in arid and 
semi-arid environments [34]. This approach is particularly suitable for settings with deep groundwater where the soil 
profile remains unsaturated during the measurement period, thereby producing estimates that closely reflect natural 
field behavior. Consequently, lysimeters are commonly used for irrigation planning and management over extended 
periods, for example weekly or monthly, consistent with internationally recognized procedures [35]. 

The lysimeter system installed at the 
Agricultural Research Center stations 
(Tizin and Al-Mukhtariyah) consists of a 
robust steel tank with dimensions of 1 m × 
1 m and a total depth of 1.25 m, with an 
effective soil depth of 1 m. The base of the 
lysimeter was engineered with successive 
filtration layers of coarse sand, gravel, and 
aggregate, terminating in a drainage 
chamber to facilitate the collection of 
percolating water and prevent its 
accumulation within the root zone (Fig. 3). 
To enhance durability and avoid anaerobic 
conditions, a steel outlet pipe was 
installed to connect the lysimeter base to 
an underground collection chamber 
equipped with a control valve. The pipe 
was protected with fine sand and gravel 
layers to reduce clogging by fine particles. 
The soil profile was then reconstructed in 
the tank following the natural stratigraphic sequence to preserve the hydraulic characteristics of each horizon. 

Actual evapotranspiration in this system was determined using the water-balance principle [37], while maintaining 
soil moisture close to field capacity to prevent crop water stress. Measurements were conducted at ten-day intervals 
to account for the slow water movement typical of heavy clay soils, which are characterized by high water retention 
and limited drainage. Variations in soil water content were monitored at multiple depths down to 1 m using a neutron 
moisture meter [38], through vertically installed access tubes. Soil moisture in the surface layer (0–15 cm), which is 
strongly influenced by physical evaporation, was determined by auger sampling followed by oven-drying. At the end 
of each measurement cycle, drainage water was collected in graduated cylinders through the gravity-driven free-

Figure 3. Sketch of a non-weighing lysimeter (adapted from [36]) 
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drainage system, enabling a complete accounting of the water-balance components and a rigorous estimation of actual 
water consumption consistent with hydrological modeling practice. 

2.2.2. Indirect evaporation estimation methods  

The Blaney–Criddle method is a simple empirical approach widely used to estimate reference evapotranspiration 
(ETo) from mean daily air temperature and the monthly percentage of annual daytime hours [30]. The method is 
expressed as follows: 

EToB−C = P (0.46 Tmean + 8.13) 

Where EToB-C  is the estimated reference evapotranspiration using the Blaney–Criddle equation (mm/day), P is the 
average daily percentage of annual daytime hours [39], and  Tmean is the mean daily air temperature (°C), computed as: 

Tmean =
Tmax + Tmin

2
 

This method is characterized by operational simplicity and modest meteorological data requirements, which supports 
its use in data-limited regions. However, its performance is strongly climate-dependent since it excludes key drivers 
such as relative humidity, wind speed, and solar radiation. As a result, local calibration is commonly required to 
improve accuracy [40]. Recent studies have also shown that Blaney–Criddle estimates can be substantially improved 
when calibrated against the Penman–Monteith reference method, particularly under continental climatic conditions 
[41]. 

Based on the aerodynamic and energy balance framework [28][31] a modified formulation was developed to improve 
the estimation of potential evapotranspiration (ETp) across diverse climatic conditions, especially in arid 
environments where the original Penman equation may underestimate evaporative losses. Although many recent 
studies have adopted more advanced formulations such as the FAO-56 Penman–Monteith method [1], the FAO-24 
approach remains valuable for historical analyses and certain regional applications [42]. The method is 
mathematically expressed as follows: 

ETP = c {w.  Rn + (1 − w). f(u). (ea − ed)} 

where ETp is potential evapotranspiration (mm/day), (c) is an adjustment factor (dimensionless) that compensates 
for day and night weather conditions not fully represented by the standard formulation and is commonly close to 1.0 
under moderate conditions, but may increase to approximately 1.15–1.20 under windy and arid conditions. w is a 
temperature-related weighting factor representing the relative contribution of radiation, Rn is net radiation at the 
surface expressed as equivalent evaporation (mm/day), f(u) is a wind function describing the effect of wind on vapor 
transport, and (ea-ed) is the vapor pressure deficit (mbar), defined as the difference between saturation vapor 
pressure (ea) and actual vapor pressure (ed). In the FAO-24 procedure, the wind function is commonly computed as: 

f(u) = 0.27 �1 −
U2

100
� 

where (U2) is the total wind run (Km/day) measured at 2 m height. 

The Ivanov method estimates potential evapotranspiration based on atmospheric evaporative demand using only two 
meteorological variables, air temperature and relative humidity. Originally developed as a monthly formulation, the 
method has been widely applied and evaluated across diverse climatic regions [32]. The equation is expressed as: 

ETP = 0.00006 (25 + T) 2. (100 − RH) 

where ETp is daily potential evapotranspiration (mm/day), (T) is mean daily air temperature (°C), and (RH) is mean 
daily relative humidity (%). The structure of the equation provides a simplified representation of atmospheric 
moisture demand, where the term (100-RH) serves as a proxy for the vapor pressure deficit component. Accordingly, 
decreasing relative humidity increases (100-RH), reflecting a greater capacity of the air to absorb water vapor and, 
consequently, higher evaporation and evapotranspiration rates. 
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2.3. Gene Expression Programming (GEP) 

This study applied Gene Expression Programming (GEP) as a symbolic regression framework to generate explicit, 
closed-form equations for estimating evaporation and reference evapotranspiration from the available climatic 
variables. In GEP, candidate solutions are encoded as fixed-length linear chromosomes (genotype) that are 
subsequently expressed as nonlinear expression trees (phenotype), allowing the final model to be written directly as 
an analytical equation suitable for operational use [16][24][43]. This method was preferred over purely black-box 
approaches because it preserves predictive flexibility while producing interpretable expressions that can be 
implemented in routine hydrological and irrigation calculations [44]. 

Model construction followed the standard multi-genic GEP structure, where each gene represents a sub-expression 
and the sub-trees are combined through a linking function (e.g; addition or multiplication) to form the final equation. 
Each gene is organized into a head and tail, with tail length computed as t=h (n−1)+1t, where h is head length and n is 
the maximum function arity, ensuring that chromosomes always decode into syntactically valid expression trees. The 
separation between genotype and phenotype is a defining feature of GEP and contributes to its efficiency and stability 
relative to other evolutionary schemes [16][24]. 

Training was performed by defining an appropriate fitness function, generating an initial random population, and 
iteratively evolving it using genetic operators until convergence or a stopping criterion was reached. Following 
Ferreira’s formulation, variation is introduced through operators such as mutation, transposition (including root and 
gene transposition), and recombination/crossover (one-point, two-point, and gene recombination), which act on the 
linear genotype while selection is based on the expressed phenotype [16]. In line with recent hydrometeorological 
applications, model selection and tuning were guided by performance indices, and alternative chromosome 
architectures and parameter settings were tested to identify a configuration suited to the climatic context [24]. 
Hyperparameter choices can be initialized from published configurations (e.g; population size, head length, number of 
generations, linking function, and operator rates) and then refined locally, with the linking function selected on the 
basis of predictive performance. 

To support transparency and reproducibility, the workflow included statistical characterization of the dataset, 
independent testing, and explicit reporting of the final expression tree and derived equation [44]. After training, the 
optimal GEP model was exported as an analytical expression and, where appropriate, simplified without degrading 
accuracy; a basic physical plausibility check and optional contribution analysis of genes/sub-expressions were also 
considered to strengthen interpretability and ensure stable behavior under extreme input conditions. 

2.4. Performance criteria 

Reference and model-estimated evapotranspiration values were evaluated using four statistical performance 
measures: the Pearson correlation coefficient (R), Nash–Sutcliffe efficiency (NSE), root mean square error (RMSE), 
and mean absolute error (MAE) [45]. 

R =
∑ (Ei − E�). (Ci − C�)n
i=1

�∑ (Ei − E�)2.∑ (Ci − C�)2n
i=1

n
i=1

 

NSE = 1 −
∑ (Ei − Cı� )2n
i=1

∑ (Ei − E�)2n
i=1

 

RMSE = �∑ (Ei − Ci)2n
i=1

n
 

MAE =
∑ |Ei − Ci|n
i=1

n
 

Where Ei is value of ETo measured by the Lysimeter, Ci is corresponding ETo value estimated by the models, n is 
number of observations, E�  is average of the measured values, C�  is average of the estimated values. 
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The Pearson correlation coefficient (R) quantifies the strength of the linear relationship between the estimated and 
calculated values, with values approaching 1.0 indicating a strong correlation. The root mean square error (RMSE) 
measures the magnitude of the error in the same units as the variable, where lower values indicate better agreement. 
The mean absolute error (MAE) represents the average of the absolute differences between estimated and calculated 
values, with smaller values reflecting improved model performance. In addition, the Nash–Sutcliffe efficiency (NSE) is 
used to evaluate the predictive power of the model by comparing the residual variance to the variance of the observed 
data, where values close to 1 indicate high model efficiency, while values below zero suggest that the observed mean 
provides a better estimate than the model. 

3. Results and Discussion 
The dataset consisted of 421 observations collected from the Agricultural Research Centers at Al-Mukhtariyah and 
Tizin. The complete record was randomly divided into two independent subsets, with 70% of the observations 
(n=323) used for model training and the remaining 30% (n=98) reserved for testing. Each subset included data from 
both stations so that both sites contributed to model calibration and to out-of-sample performance assessment. 

Reference evapotranspiration (ETo) was additionally computed using three conventional formulations, namely the 
Blaney–Criddle, Penman, and Ivanov equations [28][30-32]. to provide benchmark comparisons against the proposed 
data-driven models. In parallel, three GEP-based models were developed in GeneXproTools V5, consistent with the 
genotype–phenotype paradigm of Gene Expression Programming, in which fixed-length chromosomes are evolved 
and subsequently expressed as executable expression trees [16]. 

Model development was carried out in two main stages. In the first stage, the input (predictor) set was selected to 
reflect the climatic variables most closely linked to ET at the study sites, namely mean air temperature (Tmean), 
sunshine duration (S), relative humidity (RH), and wind speed (W). The function set provided to the GEP algorithm 
included basic arithmetic operators and selected nonlinear transformations  (+, −, ×, ÷, x², ex) enabling the 
evolutionary search to construct candidate expressions that combine linear and nonlinear terms. In the second stage, 
RMSE was utilized as the fitness function, and the key structural and evolutionary settings were specified, including 
chromosome architecture, the suite of genetic operators, and the linking function used to integrate genes within each 
chromosome into the final expression (Table 3). Table 4 presents the GEP equations for the three proposed models, 
based on the parameters available at both stations that have a direct or inverse effect on evapotranspiration (ET) 
values. 

Table 3. Parameters of GEP model construction 
Parameter Value Parameter Value 
Number of chromosomes 50 Mutation rate 0.00138 
Head length 7 One-point recombination rate 0.00277 
Number of genes 5 Inversion rate 0.00546 
Linking function addition Gene recombination rate 0.00277 

 

Table 4. The equations for the developed GEP models 
Equation Formula Parameters Model 

ET =
W (2.37 Tmean − 30.573 )

RH
+ ASW 

ASW = 0.252 (S + W) + eS×(0.15−W)−0.5 − 0.121 
T; RH; S; W I 

ET = S −
5.4 S (RH + 0.8)

6.7 Tmean + 8.5 RH
−

RH + 18.2
Tmean + RH

+ e(1.96−S) T; RH; S II 

ET = 0.25 T + �
0.06 RH

Tmean − 0.017
+

Tmean + 7.4
RH − 5.2

� − 0.017 (Tmean + RH) − 0.4 T; RH III 
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Model performance in estimating evapotranspiration (ET) was assessed using a set of standard statistical indicators, 
including the correlation coefficient (R), Nash–Sutcliffe efficiency (NSE), root mean square error (RMSE), and mean 
absolute error (MAE) (Table 5). The results show that the three proposed models (Model I, Model II, and Model III) 
consistently outperform the conventional equations (Blaney–Criddle, Ivanov, and Penman) during both the training 
and testing phases, although the magnitude of improvement varies among the three models. 

Table 5. Statistical indicators of conventional and GEP models for estimating evapotranspiration 
Conventional Equations GEP Models Dataset Metric Penman Ivanov Blaney-Criddle Model III Model II Model I 

0.96 0.87 0.93 0.93 0.95 0.98 Training Set R 0.96 0.83 0.93 0.92 0.95 0.99 Test Set 
0.92 0.64 0.74 0.86 0.90 0.97 Training Set NSE 0.70 0.51 0.91 0.84 0.90 0.98 Test Set 
0.71 1.48 1.26 0.93 0.77 0.45 Training Set RMSE 0.71 1.70 1.33 0.98 0.78 0.37 Test Set 
0.55 1.02 0.97 0.70 0.58 0.34 Training Set MAE 0.56 1.19 1.00 0.74 0.60 0.28 Test Set 

 

Model I exhibited the highest performance, with R values of 0.98 during training and 0.99 in testing, NSE of 0.97 and 
0.98, the lowest RMSE of 0.45 mm/day in training and 0.37 mm/day in testing, and the lowest MAE of 0.34 and 0.28 
mm/day, respectively. Model II ranked second, showing good performance with R of 0.95 in both training and testing, 
NSE of 0.90, and RMSE and MAE of approximately 0.77 and 0.58 mm/day, respectively. Model III delivered acceptable 
results with R values of 0.93 and 0.92, NSE of 0.86 and 0.84, and RMSE and MAE ranging from 0.93–0.98 and 0.70–
0.74 mm/day in training and testing datasets, respectively. 

Among the conventional equations, Penman method performed best, with R of 0.96 in both training and testing, NSE 
of 0.92 during training but dropping to 0.70 in testing, and RMSE of 0.71 mm/day. Blaney‑Criddle method ranked mid-
level with R of 0.93, NSE of 0.74 and 0.91, and RMSE of 1.26 and 1.33 mm/day. Ivanov method showed the lowest 
performance, particularly in the testing phase (NSE 0.51, RMSE 1.70 mm/day, MAE 1.19 mm/day). These findings 
indicate that the proposed GEP models (particularly Model I) provide superior performance relative to the 
conventional equations in both accuracy and overall capability to estimate evapotranspiration. This improvement is 
likely related to their ability to capture complex nonlinear relationships among the climatic drivers while maintaining 
consistent performance across the training and testing datasets, which suggests good generalization.  

The regression analysis of evapotranspiration (ETo) estimates for the test set clearly highlighting the superior 
performance of Model I (Fig. 4). The model shows minimal errors in all statistical metrics, reflecting its high accuracy 
in estimation. In contrast, the Ivanov equation, among the conventional models, exhibits the highest levels of errors, 
making it the least accurate in estimating evapotranspiration compared to other models. The scatter plot of 
differences between the estimated and lysimeter-measured values for both the traditional methods and the proposed 
GEP models estimates for the test set also shows Model I superiority (Fig. 5), with residuals showing minimal 
deviation around zero, not exceeding ±0.25 mm/day, indicating high accuracy and stability in estimation. Among the 
traditional models, the Penman method shows relatively close performance, but with a wider residual distribution 
reaching ±1 mm/day. Models II and III exhibit larger errors and greater dispersion, while the Ivanov and Blaney-
Criddle equations show the highest scatter and a noticeable deviation from the zero line. 
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Figure 4. Regression analysis for the ETo estimates for the test set 

 

Figure 5. Scatter plot of ETo values measured by lysimeter with residuals of traditional models and 
proposed GEP models for test set 
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Lysimeter-derived (actual) evapotranspiration (ETo) was compared with estimates from the best-performing GEP 
model (Model I) and the best conventional formulation (the Penman equation) (Fig. 6). Model I reproduce the higher 
evapotranspiration peaks with good fidelity, which is particularly important for irrigation planning during periods of 
maximum atmospheric demand and for maintaining consistency in water-balance assessments (Fig. 6 A). The figure 
also indicates that Model I captures low evapotranspiration values, supporting more efficient irrigation decisions by 
reducing the risk of unnecessary water application under dry climatic conditions. 

 

Figure 6. Comparison between Lysimeter-Measured Evapotranspiration (ETo) and Predicted 
Evapotranspiration from Model I (A and B) and Penman Equation (C and D) 

The sensitivity analysis of Model I showed that temperature (T) represents the most influential factor at 45.5%, 
followed by sunshine hours (S) at 29.2%, then wind speed (W) at 13.0%, and finally relative humidity (RH) at 12.3%. 
This order aligns with the physical basis of the reference evaporation and transpiration process, as temperature is 
strongly related to evaporative demand through its effect on saturated vapor pressure and the slope of the vapor 
pressure curve, while sunshine hours reflect the availability of radiative energy necessary for evaporation. In contrast, 
wind and relative humidity contribute to the air component by controlling the transport of water vapor and the 
moisture gradient in the air, although their effect may appear relatively less when their fluctuations are weaker or 
when their relationship with the other variables is more interconnected within the site data. Practically, these results 
indicate that the variables T and S explain the majority of the model's response (a total of 74.7%), with W and RH 
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remaining important supporting factors for improving the representation of daily variations and maximum limits, 
especially during periods of increased air control or when moisture deficits widen. 

The results here indicate that the proposed GEP-based models, particularly Model I, outperform conventional 
empirical equations for evapotranspiration estimation, which is consistent with previous studies reporting the 
superiority of GEP in data-scarce hydrological applications. Similar findings demonstrated that GEP can better capture 
nonlinear climatic interactions compared to classical equations such as Blaney–Criddle and Ivanov [18][22] . 

The superior performance of Model I is physically justified by its inclusion of the main climatic drivers controlling 
evapotranspiration, namely temperature, sunshine duration, humidity, and wind speed, consistent with the structure 
of the Penman–Monteith equation. In contrast, models excluding aerodynamic or radiative variables showed reduced 
performance, particularly under high evaporative demand conditions. The sensitivity analysis further confirms the 
dominant role of temperature and radiation-related variables, which aligns with established evapotranspiration 
theory [12], highlighting the primary control of energy availability on atmospheric water loss . 

Despite these advantages, model transferability remains a limitation [19], since GEP models may lose accuracy when 
applied outside their calibration domain. These discrepancies are attributed to site specific factors such as topography 
[46] and soil properties [47], which limits the applicability of developed models in other areas unless fine-tuned for 
the targeted environments. Nevertheless, the main strength of the proposed approach lies in generating accurate and 
interpretable equations suitable for operational use in data-limited environments. 

4. Conclusion 

This study developed and evaluated three gene expression programming (GEP)–derived equations to estimate 
evapotranspiration (Ep/ETo) in the central region of Syria. Meteorological inputs from Al-Mukhtariyah and Tizin 
research stations were used and the models were validated against lysimeter measurements at the stations. Across 
both training and independent testing datasets, the proposed GEP models consistently outperformed the conventional 
formulations (Blaney–Criddle, Ivanov, and Penman equations), with Model I providing the most accurate and stable 
estimates. The improved performance reflects the ability of GEP to capture nonlinear interactions among climatic 
drivers while retaining an explicit closed-form structure suitable for operational use. 

The sensitivity analysis for the best equation suggests that air temperature and sunshine duration are the dominant 
controls on model output, while wind speed and relative humidity have secondary but still meaningful contributions. 
This pattern is physically consistent with evapotranspiration theory, where radiative forcing and temperature govern 
the available energy and saturation vapor pressure behavior, while wind and humidity mainly influence aerodynamic 
transport and atmospheric demand. From an applied perspective, the derived equations provide a practical option for 
data-limited settings, since they deliver locally calibrated and transparent formulas that can support irrigation 
scheduling and water-balance studies, particularly during periods of high evaporative demand. 

Despite the strong agreement with lysimeter observations, the proposed equations were derived from only two 
stations and a finite climatic record. Therefore, their transferability to other locations should be tested before broader 
adoption. Future work should evaluate spatial robustness using additional stations, extend validation across longer 
periods and extreme events, and compare performance under different input-availability scenarios (for example, 
temperature-only versus full meteorological forcing). Incorporating time-based validation and uncertainty analysis 
would further strengthen the confidence in operational use. 
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