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Abstract


Artificial neural networks (ANNs) offer considerable advantages in predicting evaporation (EVAP), particularly in handling nonlinear relationships and complex interactions among factors like soil surface temperature (SST) and wind speed (WS). In Al Medina, Saudi Arabia, the connections among WS, SST at 5 cm, SST at 10 cm, and EVAP have been modeled using an ANN. This study demonstrates the practical effectiveness and applicability of the approach in simulating complex nonlinear dynamics in real-life systems. The modeling process employs time series data for WS, SST at both 5 cm and 10 cm, and EVAP, gathered from January to December (2002–2010). Four ANNs labeled T1–T4 were developed and trained with the feedforward backpropagation (FFBP) algorithm using MATLAB routines, each featuring a distinct configuration. The networks were further refined through the enumeration technique, ultimately selecting the most efficient network for forecasting EVAP values. The results from the ANN model are compared with the actual measured EVAP values. The mean square error (MSE) values for the optimal network topology are 0.00343, 0.00394, 0.00309, and 0.00306 for T1, T2, T3, and T4, respectively.
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1. Introduction


Evaporation (EVAP), an essential element of the hydrological cycle, refers to the change in water from liquid to gas, largely affected by the air temperature, solar radiation, wind speed (WS), and humidity [1]. In arid locations, where water shortages are prevalent, understanding and accurately measuring EVAP rates is critical for the effective management of water resources, ecological conservation, and sustainable development [2,3]. The importance of EVAP studies is heightened by the complex interaction between hydrological processes and climate change—specifically, the modification of the atmospheric water vapor capacity and EVAP rates—which results in the increased occurrence of extreme weather events and significant alterations in precipitation patterns [4,5,6]. The accurate measurement and calculation of EVAP are essential in the design and management of water storage reservoirs, as well as in assessing natural lakes for various applications, including industrial and municipal water supplies, hydroelectric power generation, and irrigation [7]. Disregarding the effects of EVAP can considerably diminish the reservoir storage efficiency, hinder effective water use, and negatively influence economic stability and community welfare.



The temperature of the soil surface is crucial for EVAP, serving as a key catalyst for moisture transport from the soil to the atmosphere. Evapotranspiration is influenced by energy availability, humidity gradients, WS, water accessibility, vegetation traits, stomatal resistance, and soil features such as heat capacity, chemical composition, and albedo [8]. EVAP, an essential element of the water cycle, is profoundly affected by the temperature condition of the soil surface [1]. As solar radiation intensifies, the temperature of the soil surface often rises [9]. This rise in temperature supplies the energy necessary for the transformation of liquid water into vapor, thus augmenting the EVAP rate [10,11]. The impact of surface conditions and characteristics is closely linked to the temperature environment [12]. Due to the varying formulations employed by different models to address surface processes, soil moisture both regulates and is influenced by land–atmosphere water fluxes [13]. EVAP extracts latent heat from the surrounding environment, leading to localized cooling [14]. The influence of irrigation on the surface climate, especially in dry and semi-arid areas, underscores the importance of evaporative cooling in regulating surface temperatures [15].



EVAP is intrinsically linked to the balance between condensation and EVAP, wherein water molecules shift between liquid and vapor states [16]. EVAP occurs when the rate of water molecules leaving the liquid surface exceeds the rate of condensation, a process significantly influenced by WS [17]. The primary function of wind is to remove water vapor that accumulates near the evaporating surface, thereby lowering the vapor pressure and maintaining a concentration gradient that promotes further EVAP [18]. WS acts as a crucial regulator, affecting the rate of water molecule EVAP from a surface into the atmosphere [8]. The relationship between WS and EVAP rates is based on mass transfer principles, where air currents enhance the movement of water vapor from the evaporating surface. Understanding this connection is vital across various fields, such as meteorology, agriculture, and environmental engineering, enabling more accurate predictions of water loss, irrigation management, and climate modeling.



Conventional techniques for estimating EVAP, including empirical formulas and physically based models, often face challenges due to their reliance on oversimplified assumptions and difficulties in accurately representing the complex interactions among various environmental factors. Empirical formulas, such as the Penman–Monteith equation, require precise measurements of several meteorological variables, which may not always be available or reliable in remote or data-scarce regions [19]. In contrast, physically based models need extensive data on soil parameters, vegetation characteristics, and atmospheric conditions, which can be challenging and resource-intensive to obtain. On the other hand, ANN models can identify complex patterns from historical data without requiring a detailed understanding of the underlying physical processes, making them particularly effective for EVAP prediction in data-rich environments.



The estimation of EVAP values using meteorological factors has been the subject of numerous studies [20,21,22,23,24,25,26,27,28], and many of these approaches require data that are not readily accessible. The primary objective of the core documented techniques is to determine a linear correlation among the variables [21]. Nevertheless, various estimation methods indicate that the EVAP process is fundamentally nonlinear [29,30,31]. Many scientists have emphasized the importance of accurate EVAP estimates in hydrologic modeling studies. This criterion may be satisfied by developing enhanced models that incorporate the process’s inherent nonlinearities. Furthermore, techniques that consider a limited number of parameters are essential, as estimations are often needed when meteorological data are insufficient. In recent years, a heightened focus has been placed on modeling nonlinear relationships, and numerous testing approaches for detecting nonlinearities have been developed. However, if the aim of the study is forecasting, merely finding nonlinearities is inadequate; they must be described using a suitable nonlinear model. Regrettably, this concept fails to offer guidance for the model-building process by defining suitable input variables or functional forms for a variety of applications. This challenge makes it appealing to consider a numerical model category that is both theoretical and adaptable [32].



According to Hornik et al. [33], ANNs are semi-parametric regression estimators that are skilled at this task and can approximate almost any calculable function with arbitrary precision. An explicit technique for algorithmically transforming input into output is not necessary for the ANN methodology for system modeling. For the majority of networks, a collection of typical examples of the suggested mapping is adequate. When given input from a training sample, the ANN adjusts to produce the intended result [34,35,36]. Saudi Arabia’s desert environment, characterized by elevated temperatures, minimal precipitation, and intense solar radiation, results in significant EVAP rates, necessitating precise predictions for sustainable water management [37]. This study aims to forecast the complex relationship between WS, SST at 5 cm, SST at 10 cm, and EVAP using an ANN and the FFBP algorithm in Al Medina in Saudi Arabia. This issue is of considerable importance, as few research studies on EVAP prediction have been conducted in Saudi Arabia.




2. Materials and Methods


2.1. Feedforward Backpropagation Algorithm (FFBP)


The feedforward backpropagation (Figure 1) network is fundamental in ANNs, enabling the modeling of intricate relationships in data through a supervised learning framework. This architecture consists of interconnected layers of nodes, facilitating unidirectional information flow from the input layer, through one or more hidden layers, to the output layer, allowing the network to approximate complex functions [38]. Feedforward networks are characterized by the absence of feedback loops, enabling data to flow through the network in a singular, forward direction [39]. This network’s core functionality lies in its ability to learn from data using the backpropagation algorithm, an iterative method that optimizes the network’s internal parameters to reduce the difference between the expected and actual outputs [40,41]. The iterative modification of the connection weights in the network, facilitated by backpropagation, is essential in minimizing the gap between the network’s actual output and the expected output vector, thereby enhancing the representation of critical task domain features [42].



The backpropagation technique, derived from synaptic plasticity in the brain, modifies the weights among neurons in an ANN to enhance performance [43]. The algorithm computes the gradient of the error function concerning each weight in the network and adjusts the weights in the opposite direction of the gradient [44]. This procedure utilizes the chain rule of calculus to effectively calculate gradients for each layer, starting at the output layer and propagating backward to the input layer [45]. The multilayer perceptron network has received considerable attention for its versatility and effectiveness across diverse scientific and technical fields [46]. Enhancements to backpropagation have been investigated to accelerate training and address data overfitting [46]. The backpropagation technique enables multilayer neural networks to identify complex correlations between inputs and outputs, thereby overcoming the limitation of learning only linearly separable vectors, a constraint faced by neural networks such as the perceptron [47].



A feedforward backpropagation network’s architecture generally consists of an input layer for external data, one or more hidden layers for nonlinear transformations of the input, and an output layer for the final prediction [48]. Each layer comprises interconnected nodes or neurons, with links between nodes in adjacent layers possessing corresponding weights that dictate the strength of the connection. Neurons in each layer directly influence the neurons in the subsequent layer. Suppose that the output layer does not produce the desired result. In this case, backpropagation is triggered, transmitting an error signal along the original connection path, which is minimized by adjusting the weights of each neuron [38]. The hidden layers are crucial for identifying complex patterns and nonlinear relationships in the input, allowing the network to represent intricate functions.



The BP technique for a single neuron is explained using the following notations:



t = target output; net = weighted sum to a neuron; n = number of input units to a neuron; E = squared error; y = actual output; winew = ith updated or new weight of a neuron; xi = ith input example/dataset to a neuron; φ(z) = activation function; wi = ith weight of a neuron; ρ = learning rate; b = x0w0, representing the bias value of a network layer.



The weighted sum on any neuron is determined as


   n e t =   ∑  i = 0  n    w i   x i  ,     



(1)







The activation function is used to calculate the actual output of any neuron as


y = φ (net)



(2)







Any nonlinear, differentiable activation function is typically used; the logistic function is a common option and has also been used in the current problem.


  φ ( z ) =   1  1 +  e  − z       



(3)







The gradient descent technique is used by the BP algorithm to reduce the error; this is calculated as


  E =   1 2     ( t − y )  2   



(4)







To minimize the error, for the derivative      ∂ E   ∂  w i      , which characterizes the rate of change in the error regarding the weights to be computed, the chain rule can be applied as follows:


     ∂ E   ∂  w i     =    d E   d y       d y   d n e t       ∂ n e t   ∂  w i      



(5)




where      d E   d y      denotes the variation in error regarding the output;      d y   d n e t      denotes the variation in the output regarding the weighed sum; and      ∂ n e t   ∂  w i       denotes the variation in the weighted sum values regarding changes in weights. The values of these derivatives can be computed as


     ∂ n e t   ∂  w i     =  x i   



(6)







Since


  y =   1  1 +  e  − n e t       



(7)






  ∴    d y   d n e t    =   d  d n e t        1  1 +  e  − n e t        = y   y − 1    



(8)






     d E   d y    =   d  d y        1 2       t − y    2    = t − y  



(9)







On substituting these values into the equation,


     ∂ E   ∂  w i     =    d E   d y       d y   d n e t       ∂ n e t   ∂  w i     =   t − y   y   y − 1    x i   



(10)







If the logistic function is replaced with another activation function, the phrase “y (y − 1)” will be replaced with the product of the newly chosen activation function. To update the weight wi using the gradient descent approach, a suitable value of parameter ρ, also known as the learning rate or step size, must be chosen. The value of ρ is important since a number that is too small could lead to very sluggish convergence, while a value that is too large could prohibit error convergence. After learning, the weight shift Δwi would be calculated as


  Δ  w i  = − ρ    ∂ E   ∂  w i     = ρ   y − t   φ   ( z )  ′   x i   



(11)






     w i    n e w   =  w i  + Δ  w i   



(12)







Unless the model meets a preset stoppage threshold, these weights are altered during the NN training process. The terminating criteria are based on a predefined number of epochs or a minimum error value.




2.2. Data Collection


An algorithm in MATLAB (version: R2015a), known as FFBP, was developed for simulation purposes. A nonstop time series dataset covering the daily mean WS, SST (5 cm), SST (10 cm), and EVAP was gathered from January to December for the years 2002–2010. The data used were supplied by the Saudi Arabian Ministry of Environment, Water, and Agriculture (MEWA) and were specific to the Al Medina region (24°31′00.0″ N 39°35′00.0″ E). The patterns were examined in order to comprehend the internal organization of the data, as well as their trends (Figure 2). With respect to EVAP, the line graph (Figure 2a–c) illustrates a direct or indirect link between WS, SST (5 cm), and SST (10 cm).



The shape, symmetry, and dispersion of the huge dataset, as shown by the statistical analysis, are summarized in Table 1. The significant similarity between the mean, median, and mode indicates that the data are in line with a normal distribution. All variables with low standard deviations show that the data are tightly packed around the mean.



The data have positive skewness, except for SST (10 cm), suggesting a rightward shift from the mean and an asymmetrical distribution. With the exception of SST (10 cm), all data exhibit positive kurtosis values, implying a more peaked distribution compared to a normal distribution.




2.3. Data Normalization


Data normalization is an essential preprocessing technique employed across multiple domains, including machine learning, statistics, and database management. The main objective is to transform numerical data into a defined range, often between 0 and 1, or to create a standard normal distribution [49,50,51]. The primary objective of normalization is to lessen the contrary effects of varying scales and units of measurement in raw datasets, hence ensuring the equitable contributions of each feature to subsequent analyses and modeling endeavors [52]. Normalization is crucial for algorithms that are sensitive to feature scaling, such as gradient descent optimization methods employed in neural network training and distance-based algorithms like k-nearest neighbors [53]. Normalization standardizes characteristics to a uniform range, preventing those with elevated values from dominating the learning process, hence enhancing model performance and reliability [54]. Moreover, normalization is essential in enhancing data interpretability, facilitating the extraction of meaningful insights into the relationships among variables within a feature set [55]. Following data collection, each variable was normalized—specifically, SST (5 cm and 10 cm), WS, and EVAP—using the following equation:


   X  n o r m   =     X i  −  X  min      X  max   −  X  min       



(13)




where Xmin = minimum value of variable, Xmax = maximum value of variable, and Xnorm = normalized value of observed variable Xi.




2.4. Architecture of Modeled NN


The current network structure involves input, output, and hidden layers. The input layer contains three neurons corresponding to WS, SST (5 cm), and SST (10 cm). Each neuron in the hidden layer is connected to a bias signal with values ranging from 1 to 10. Following model calibration, different combinations of learning rates and hidden-layer neurons were evaluated within the ranges typically employed in artificial neural network research [56,57]. To maintain conciseness, only the results with MSE values nearest to the targeted error threshold are presented, as they most accurately reflect the model’s optimum performance. One neuron in the output layer represents an EVAP value. Four distinct networks (T1–T4) were created based on the existing datasets:



T4: EVAP = f[WS, SST (5 cm), SST (10 cm)];



T3: EVAP = f[WS, SST (10 cm)];



T2: EVAP = f[WS, SST (5 cm)];



T1: EVAP = f[SST (5 cm), SST (10 cm)].



The ANN was trained using normalized time series data. This normalization process adjusts each neuron’s value to fall within a specific range, enhancing network training.



Figure 3 illustrates the neurons presented to the input layer during training and validation across all four networks (T1–T4). Currently, it remains challenging to determine the relationship between the size of the input dataset and the optimal number of neurons in the hidden layers for an effective network topology. In this work, we focused on the mean square error (MSE) and R2, as these metrics are widely recognized and frequently employed in the evaluation of ANN performance. The MSE accurately measures the extent of prediction mistakes, whereas the R2 offers a definitive assessment of the model’s explanatory capacity and goodness of fit. Collectively, they adequately address the aims of this study, which are mostly to illustrate the viability of employing ANNs in the chosen case. Comparable methodologies predominantly utilizing the MSE and R2 have been documented in prior ANN-focused research [58,59,60,61]. The ideal number of layers and related neurons is typically determined in ANN modeling using an enumeration technique focused on lowering the mean square error (MSE), which is also used in this study.



One neuron that reflects the EVAP data makes up the output layer in this investigation. During training and validation, the hidden layer’s neuron count ranges from 1 to 10. The activation function for the output and hidden layers was a sigmoid function.



An enumeration technique was used to optimize the network regarding the number of hidden layers and neurons. Learning rates of 0.01, 0.025, 0.06, 0.08, and 0.1 were tested; based on the mean square error (MSE) criterion, optimal network topologies of 2-6-1 (T1), 2-8-1 (T2), 2-9-1 (T3), and 3-8-1 (T4), with learning rates set at 0.1, 0.1, 0.1, and 0.06, respectively, yielded the best results compared to the other tested configurations. Detailed results and discussions will follow in the next section.




2.5. Datasets


Figure 4 shows the data used for training, validation, and testing in this study. A total of 2774 examples representing the daily WS, SST (5 cm), and SST (10 cm) variables served as the input for training the network. Each of these training examples included the target output in the form of EVAP. From this dataset, 500 examples were allocated for model validation. The network optimization focused on reducing the cumulative mean square error across the entire validation dataset.



After achieving an optimized network, we tested it with 300 examples for EVAP values. These examples were considered solely to test the network’s accuracy and were not used for training or validation.





3. Results


For an optimal network topology, enumeration techniques have been utilized, and the error values for EVAP, in comparison to the observed data, are depicted in Figure 5 for the validation dataset of the four networks (T1–T4). Figure 5 illustrates that T1 demonstrated the smallest error in EVAP with a single-layer network design of six neurons in the hidden layer. The smallest error for T2 and T4 was attained using a single-layer network structure with eight neurons in the hidden layer, but, for T3, this minimum error was achieved with eight neurons in the hidden layer. As of yet, no direct correlation has been identified to forecast the ideal quantity of neurons in the hidden layer; hence, reliance on enumeration techniques is necessary to achieve the optimal network structure.



The optimum topologies identified for predicting EVAP values are 2-6-1 (T1), 2-8-1 (T2), 2-9-1 (T3), and 3-8-1 (T4); these topologies will now be evaluated with varying learning rate values.



Numerous studies indicate that selecting an appropriate learning rate is essential for achieving global minima in errors. The learning rate, a crucial hyperparameter in ANNs, determines the extent of weight changes throughout the training process. Choosing an adequate learning rate is critical, as it significantly impacts the convergence behavior of the training process and the final performance of the trained model [62,63,64]. Hyperparameters, such as the learning rate, greatly affect model selection and neural network architectures, influencing both the efficiency and effectiveness of the learning algorithm [65,66]. An extremely high learning rate can induce instability, leading to divergence in the training process and hindering the network’s convergence to an ideal solution. Conversely, an excessively low learning rate can prolong the training duration, potentially resulting in stagnation within a suboptimal area of the parameter space, thereby hindering the network’s ability to achieve appropriate performance levels [67].



This study evaluated the best network design for T1–T4 using five learning rate values: 0.01, 0.025, 0.06, 0.08, and 0.1. Figure 6 illustrates the fluctuation in the error in the validation dataset corresponding to these learning rate values. Figure 6 clearly demonstrates that the smallest error in EVAP for T1 (six hidden-layer neurons), T2 (eight hidden-layer neurons), and T3 (nine hidden-layer neurons) is achieved with a learning rate of 0.1. The smallest error in EVAP for T4 (with eight hidden-layer neurons) is achieved with a learning rate of 0.06. Consequently, a learning rate of 0.1 is designated for networks T1, T2, and T3 in the test dataset, whereas a learning rate of 0.06 is assigned to T4.



The optimal topology results for networks T1 (six hidden-layer neurons; learning rate 0.1), T2 (eight hidden-layer neurons; learning rate 0.1), T3 (nine hidden-layer neurons; learning rate 0.1), and T4 (eight hidden-layer neurons; learning rate 0.06) from the validation dataset, along with their comparison to experimental values (EVAP), are displayed in Figure 7.



Figure 7 clearly shows that the result patterns obtained using the ANN for the validation dataset closely align with the experimental values. Notably, for T4, which uses three inputs [WS, SST (5 cm), SST (10 cm)], the results are particularly close to the experimental values for EVAP. This indicates that the network has undergone adequate training. As indicated in Table 2, the minimal MSE values were utilized to determine the optimal network configurations. Currently, the ideal network topologies for T1, T2, T3, and T4 are 2-6-1, 2-8-1, 2-9-1, and 3-8-1, with MSE values of 0.00412, 0.00455, 0.00394, and 0.00385, respectively. The R2 values for the four best topologies (T1–T4) were 0.784, 0.766, 0.784, and 0.805, respectively. Therefore, the test dataset is evaluated using the best network topologies for T1 through T4. The targeted MSE was set to 0.0001 for the purposes of this study. However, the average observed MSE across all networks (T1–T4) was approximately 0.003, with an average R2 of 0.750. Although it did not fully reach the specified MSE goal, the performance metrics show that the model remains a reliable approximation of the target function. An R2 score of 0.750 indicates that 75% of the variance in the dependent variable is explained by the model, which is considered an acceptable level of predictive accuracy for complex environmental and geoscientific datasets characterized by inherent noise and heterogeneity. Nevertheless, in the event that raising the number of iterations alone is not sufficient to reach the targeted MSE, it is necessary to take into consideration other techniques, such as making changes to the architecture of the ANN, adjusting the hyperparameters, applying regularization, or incorporating advanced optimization algorithms [57,68].



The test set evaluates the optimal network topologies of 2-6-1 (0.1 learning rate), 2-8-1 (0.1 learning rate), 2-9-1 (0.1 learning rate), and 3-8-1 (0.06 learning rate) for T1, T2, T3, and T4, respectively. Figure 8 displays the neurons in the input and hidden layers during testing for all four networks (T1–T4).



The results for the EVAP values, as predicted by the ANN, alongside the experimental values for the four networks (T1–T4), are illustrated in Figure 9. In Figure 9, the plots effectively demonstrate how the trend in the EVAP values closely aligns with the experimental results, with MSE values of 0.00343, 0.00394, 0.00309, and 0.00306 for T1, T2, T3, and T4, respectively.



The ANN values across all networks closely mirror the experimental EVAP values, with network T4 emerging as the most effective due to its lowest MSE. This suggests a robust correlation between the EVAP rate and the three parameters (WS, SST at 5 cm, SST at 10 cm), facilitating EVAP predictions when any of these parameters are available. For optimal EVAP predictions using ANNs, it is crucial to consider all specified inputs. The ANN model exhibits notable predictive potential; however, it is crucial to acknowledge its limitations, including sensitivity to outliers [69], the unavailability of real-time input data in numerous regions [70], and the inherent risk of excessive dependence on a singular modeling methodology [57]. Subsequent research should focus on these elements by employing rigorous preprocessing methods, integrating real-time data streams, and juxtaposing artificial neural networks with supplementary empirical or hybrid models to improve the reliability and generalization.



All networks (T1–T4) demonstrate their effectiveness in predicting EVAP. This study highlights the advantages of ANN modeling in EVAP prediction, especially in managing nonlinear relationships and the complex interactions among influencing factors like WS and SST.



Such a network model can be utilized to predict EVAP values for ungauged locations. Moreover, if the network is trained on a comprehensive database, it can also forecast values for time series in areas that are challenging to access. The accuracy of this approach can be further enhanced by integrating more experimental data during the network training process. The proposed ANN model, in addition to its methodological demonstration, possesses practical applications in water resource management, such as estimating water losses in reservoirs or distribution systems (e.g., evaporation, seepage, or leakage losses), thereby equipping decision-makers with essential tools for sustainable water allocation and planning [71,72].




4. Conclusions


This study represents the first attempt to predict EVAP using WS and SST data for Al Medina in Saudi Arabia. Four neural network architectures—2-6-1, 2-8-1, 2-9-1, and 3-8-1—with learning rates of 0.1, 0.1, 0.1, and 0.06, respectively, successfully forecasted EVAP values based on time-sensitive data related to WS, SST (at 5 cm), and SST (at 10 cm). While multiple network architectures were created and evaluated, the optimal ANN design was determined through enumeration following the lowest MSE criterion. The proposed topologies delivered satisfactory results for both interpolation and extrapolation data, demonstrating that the network received adequate training. Across all tested topologies, the ANN-predicted values closely followed the trend of the observed values. The results suggest that EVAP prediction can utilize SST at 5 cm and 10 cm depths, either independently or alongside WS. The best prediction of EVAP occurs when three main parameters are used, i.e., SST at both 5 cm and 10 cm together with WS data as inputs, while simulating the network to produce EVAP outputs.



The scope of this study can be broadened to include additional hydrological and meteorological data or their combination. It may also be beneficial to compare other predictive methods, such as fuzzy and neuro-fuzzy techniques, against the ANN approach for these forecasting challenges.
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Figure 1. FFBP neural network architecture. 
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Figure 2. Relations between (a) WS and EVAP, (b) SST (5 cm) and EVAP, and (c) SST (10 cm) and EVAP. 
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Figure 3. Structure of ANN, representing data used for training and validation for the four networks (T1–T4). 
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Figure 4. Flowchart of the whole process and information about data used for training, validation, and testing. 
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Figure 5. Variation in error values in networks T1–T4 with different numbers of neurons in hidden layers for the validation dataset. 
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Figure 6. Variation in error in learning rate values in networks T1 (six hidden-layer neurons), T2 (eight hidden-layer neurons), T3 (nine hidden-layer neurons), and T4 (eight hidden-layer neurons) for the validation dataset. 
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Figure 7. Experimental and ANN values for EVAP for networks T1–T4 for the validation set. 
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Figure 8. Topology of ANN during the testing stage for four networks (T1–T4). 
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Figure 9. Experimental and ANN values for EVAP for networks T1–T4 for the test set. 
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Table 1. Statistical depiction of the data values collected at the gauging site.
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	Parameter
	WS
	SST (5 CM)
	SST (10 CM)
	EVAP





	Mean
	9.036
	33.762
	29.129
	9.861



	SE
	0.069
	0.196
	0.164
	0.057



	Median
	8.4
	35.2
	30.6
	9.6



	Mode
	7
	41
	40
	5



	SD
	3.826
	10.843
	9.091
	4.703



	Kurtosis
	8.892
	19.308
	−1.22
	1.312



	Skewness
	1.513
	1.054
	−0.3
	0.609



	Range
	52
	198
	42.8
	43



	Min
	0
	8
	6.8
	0



	Max
	52
	206
	49.6
	43










 





Table 2. The performance and characteristics of the various networks.
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Network Topology

	
T1

	
T2

	
T3

	
Network Topology

	
T4




	
R2

	
MSE

	
R2

	
MSE

	
R2

	
MSE

	
R2

	
MSE






	
2-1-1

	
0.782

	
0.00421

	
0.739

	
0.00620

	
0.796

	
0.00404

	
3-1-1

	
0.797

	
0.00399




	
2-2-1

	
0.77

	
0.00462

	
0.031

	
0.01187

	
0.698

	
0.00592

	
3-2-1

	
0.797

	
0.00416




	
2-3-1

	
0.765

	
0.00537

	
0.746

	
0.00611

	
0.783

	
0.00422

	
3-3-1

	
0.798

	
0.00398




	
2-4-1

	
0.775

	
0.00435

	
0.749

	
0.00485

	
0.796

	
0.00415

	
3-4-1

	
0.787

	
0.00397




	
2-5-1

	
0.787

	
0.00414

	
0.749

	
0.00505

	
0.789

	
0.00409

	
3-5-1

	
0.808

	
0.00386




	
2-6-1

	
0.784

	
0.00412

	
0.763

	
0.00465

	
0.798

	
0.00401

	
3-6-1

	
0.797

	
0.00398




	
2-7-1

	
0.781

	
0.00443

	
0.734

	
0.00478

	
0.766

	
0.00422

	
3-7-1

	
0.805

	
0.00391




	
2-8-1

	
0.777

	
0.00431

	
0.766

	
0.00455

	
0.791

	
0.00406

	
3-8-1

	
0.805

	
0.00385




	
2-9-1

	
0.788

	
0.00413

	
0.751

	
0.00482

	
0.784

	
0.00394

	
3-9-1

	
0.799

	
0.00404




	
2-10-1

	
0.784

	
0.00435

	
0.747

	
0.00537

	
0.787

	
0.00396

	
3-10-1

	
0.807

	
0.00395
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