Harnessing Neural Networks for Accurate Potential Evapotranspiration Forecasting Using the Thornthwaite Method: A Case Study in Semi-Arid Aurangabad District of Maharashtra, India
Abstract
Potential evapotranspiration (PET) is a crucial parameter for effective water resource management, particularly in semi-arid regions like Aurangabad district. PET was estimated for nine stations in this region using the Thornthwaite method, which is a widely-used approach for determining this important variable. Time series analysis revealed significant autocorrelation and stationarity, confirming the suitability of the data for modeling. A feed-forward neural network with 12 input, 4 hidden, and 1 output neuron was implemented for PET forecasting. The FFNN (Feed Forward Neural Network) demonstrated robust accuracy, with training mean absolute error of 7.86–11.52 and validation MAE of 11.21–16.83. RMSE ranged from 10.32 to 15.12 during training and 14.94 to 23.06 during validation. Percent bias remained below 2.2%, and Nash-Sutcliffe efficiency exceeded 0.97 in training and 0.92 in validation. Vaijapur performed best, achieving a validation RMSE of 14.94, MSE of 223.35, and R² of 0.95. Conversely, Sillod recorded the highest validation errors, highlighting regional variability. The FFNN effectively captured PET dynamics with minimal over-fitting, supporting its application in optimizing water use and agricultural planning. Localized calibration is recommended for stations with higher errors to enhance accuracy
Keywords: PET Forecasting, ANN, Thornthwaite Method, water resource management
Introduction
Potential evapotranspiration (PET) is a critical parameter in the hydrological cycle, representing the maximum amount of water that could be transferred to the atmosphere through evaporation and transpiration under ideal environmental conditions (Laaboudi et al., 2012; Adnan et al., 2017; Mirambell et al., 2017; Chia et al., 2020). Accurate forecasting of PET is essential for effective water resource management, irrigation planning, and agricultural productivity. Among various estimation methods, the Thornthwaite method, which uses temperature as a primary variable, is widely applied due to its simplicity and adaptability, especially in regions with limited climatic data availability (Umar & Yusuf, 2019; Adem et al., 2017; Maeda et al., 2010; Barros et al., 2021). 
However, the Thornthwaite method has been shown to underestimate PET, particularly in arid and semi-arid regions (Nia et al., 2008). In recent years, the use of artificial neural networks has emerged as a promising approach for PET forecasting(Zhao et al., 2021;Tegos et al., 2017;Jang et al., 2021;Majhi & Naidu, 2021). 
Forecasting PET as a time series variable allows for the prediction of future values based on historical trends, enabling informed decision-making for water resource planning and agricultural management (Jain & Ormsbee, 2002;Bata et al., 2020;Alsumaiei, 2020). Traditional stochastic models, such as Autoregressive Integrated Moving Average (ARIMA) (Popale and Gorantiwar, 2014; shrikant et al., 2023; Mallikarjun Reddy et al. 2023; Rahul et al., 2020) have been extensively utilized for hydrological forecasting (Nigam et al., 2014;Essenfelder et al., 2020;Koutsoyiannis, 2000). However, the nonlinear and complex nature of PET processes often requires more advanced approaches. Artificial Neural Networks (ANN), with their ability to model nonlinear relationships and learn from historical data patterns, have emerged as a robust alternative for time series forecasting(Panja et al., 2022;Tealab, 2018;Benidis et al., 2022;Faloutsos et al., 2020;Sezer et al., 2019;Yeo et al., 2018;Gutierrez et al., 2007).
This approach aims to address the limitations of traditional models by incorporating the flexibility and predictive power of ANN, making it particularly suitable for regions with diverse climatic conditions(Jang et al., 2021;Grabar et al., 2023;Zang et al., 2020).
One lead-time prediction of PET is critical for real-time decision-making in irrigation scheduling and water resource management(Zhao et al., 2021;Agyeman et al., 2021;Qiu & Cheng, 2023). By providing a reliable forecast of PET, the study supports efficient water allocation and helps mitigate the adverse impacts of water scarcity on agricultural productivity (Agyeman et al., 2023;Zhao et al., 2021;Yu & Shang, 2020). The integration of the Thornthwaite method for PET estimation with ANN-based forecasting models offers a comprehensive framework for understanding and predicting PET dynamics, contributing to the sustainable management of water resources in the Aurangabad district.
Materials and methods
Study Area
Aurangabad district, located in the Marathwada region of Maharashtra, experiences a semi-arid climate with distinct seasonal variations. Summers are hot, with temperatures often exceeding 40°C, while winters are mild. The average annual rainfall ranges between 600-800 mm, primarily received during the monsoon season (June to September). The district includes talukas such as Aurangabad, Gangapur, Kannad, Khuldabad, Paithan, Phulambri, Sillod, Soegaon, and Vaijapur. Talukas like Kannad and Khuldabad, situated at higher elevations, experience relatively cooler temperatures and slightly higher rainfall. Paithan, influenced by the Godavari River, supports agriculture, while other talukas largely depend on monsoonal rains for water resources. In this study, the PET time series for Aaurangabad district, estimated using the Thornthwaite method, is analyzed and forecasted using an ANN-based model for one lead-time prediction. The ANN model leverages historical PET data to capture intricate temporal patterns and provide accurate forecasts. The estimation of the monthly potential evapotranspiration (PET) was calculated for a period of 1970 – 2023.
Thornthwaite method (Potential evapotranspiration)
The potential evapotranspiration is calculated by:

	Where T is monthly mean temperature (°C); I is heat index calculated as the sum of 12 month index values; m is the coefficient dependent on I.
m=6.75 × 10−7·I3 – 7.71 × 10−7·I2 + 1.79 × 10 −2·I + 0.492
 K is a correction coefficient computed as a function of the latitude and month.


Auto correlation test (Box Ljung test)
The null hypothesis of the Box Ljung Test, H0, is that our model does not show lack of fit (or in simple terms—the model is just fine). The alternate hypothesis, Ha, is just that the model does show a lack of fit. A significant p-value in this test rejects the null hypothesis that the time series isn’t auto correlated.

Stationary test (Dickey fuller test)
A time series is said to be stationary (in the weak sense) if its statistical properties do not vary with time (means and variance). If the compute p values are greater than 0.05 the series is said to be non stationary. The time series need to be in stationary form in order to fit to stochastic models.
Artificial Neural Network (ANN)
An Artificial Neural Network (ANN) is an advanced information processing system inspired by the structure and functioning of the human brain (Kumar et al., 2002). ANN modeling has evolved significantly with improvements in calibration and computational methodologies. ANNs are highly versatile and capable of modeling complex relationships between independent and dependent variables. Unlike traditional models, ANNs do not require explicit definitions of intermediate relationships between inputs and outputs, making them well-suited for complex processes such as time series forecasting (Ghiassi & Nangoy, 2009)(Lai et al., 2017).
In this study, ANNs are applied to forecast potential evapotranspiration (PET) time series data using a direct one-time-step-ahead forecasting approach. While many neural network architectures exist, the feed-forward network remains the most widely used for time series forecasting. This model uses input nodes representing lagged observations and processes them through hidden layers with nonlinear transfer functions, generating forecasts as output (Fig. 1). In this context, 80% of the available PET data was used for training the ANN model, while the remaining 20% was reserved for validation. This approach ensures that the model effectively learns patterns in the data while maintaining robustness during testing. By focusing on one-step-ahead forecasting, the study aims to deliver precise predictions, enabling improved water resource management and agricultural planning.
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Fig. 1 Feed Forward Neural Network (FFNN) for univariate time series
Results and discussion
Autocorrelation of Potential Evapotranspiration (PET) time series
The results of the Ljung-Box test for autocorrelation across all stations in the Aurangabad district indicate significant autocorrelation in the PET time series data (Table 1). High chi-squared values were observed for all stations, ranging from 336.51 (Phulambri) to 348.35 (Vaijapur), with 1 degree of freedom and P-values < 0.001, confirming statistical significance. This demonstrates that past values strongly influence the PET data across all stations, with Vaijapur showing slightly higher autocorrelation compared to the others. These results highlight the necessity of using advanced time series models that account for temporal dependencies for accurate PET forecasting.
Table 1. Auto correlation test for different station of Aurangabad Districts
	Station
	chi-squared
	df
	P-value

	Aurangabad
	338.78
	1
	<0.001

	Gangapur
	338.63
	1
	<0.001

	Kannad
	336.88
	1
	<0.001

	Khuldabad
	338.89
	1
	<0.001

	Paithan
	338.44
	1
	<0.001

	Phulambri
	336.51
	1
	<0.001

	Sillod
	336.69
	1
	<0.001

	Soageon
	336.92
	1
	<0.001

	Vaijapur
	348.35
	1
	<0.001



 Stationarity test of Potential Evapotranspiration (PET) using Dickey –Fuller Method
The results of the Dickey-Fuller Test for stationarity across all stations in the Aurangabad district indicate that the PET time series data is stationary. The test statistics (Dickey-Fuller values) are highly negative, ranging from -24.79 (Vaijapur) to -26.86 (Soegaon), with a lag order of 8 for all stations. The corresponding P-values are <0.01 for all cases, indicating that the null hypothesis of non-stationarity is rejected at a 99% confidence level. These findings confirm that the PET time series data for all stations is stationary and suitable for time series modeling techniques such as ARIMA or ANN.
Table 2. Stationarity test of the monthly potential evapotranspiration timeseries for stations of 	 	Aurangabad District.
	Station
	dickey-Fuller
	lag-order
	P-value

	Aurangabad
	-25.68
	8
	<0.01

	Gangapur
	-25.67
	8
	<0.01

	Kannad
	-26.84
	8
	<0.01

	Khuldabad
	-25.69
	8
	<0.01

	Paithan
	-25.66
	8
	<0.01

	Phulambri
	-26.83
	8
	<0.01

	Sillod
	-26.85
	8
	<0.01

	Soageon
	-26.86
	8
	<0.01

	Vaijapur
	-24.79
	8
	<0.01



Architecture and parameters of Feed forward neural network (FFNN)
	The table 3 presents the implementation of a feed-forward neural network (FFNN) with a consistent (12-4-1) architecture across multiple stations for forecasting potential evapotranspiration (PET). The architecture consists of 12 input neurons representing lagged time series values, which correspond to the previous 12 time steps of PET or relevant meteorological variables, enabling the model to capture temporal dependencies. The hidden layer comprises 4 neurons designed to learn and model non-linear relationships, while the output layer, with a single neuron, predicts the PET value for the next time step. Each station—Aurangabad, Gangapur, Kannad, Khuldabad, Paithan, Phulambri, Sillod, Soegaon, and Vaijapur—uses the same architecture and configuration, with 57 trainable parameters per model. These parameters include weights and biases distributed across the input, hidden, and output layers. The uniformity in architecture and parameter count across stations reflects a standardized approach to modeling PET forecasts, ensuring consistency in the methodology while accommodating location-specific data inputs.
Table. 3. FFNN Architecture and the parameter brief for different station of Aurangabad District
	Station
	Architecture
	parameters

	Aurangabad
	12-4-1
	57

	Gangapur
	
	

	Kannad
	
	

	Khuldabad
	
	

	Paithan
	
	

	Phulambri
	
	

	Sillod
	
	

	Soageon
	
	

	Vaijapur
	
	



 Forecasting of Potential Evapotranspiration (PET) time series using FFNN for Aurangabad District
	The forecasting results for potential evapotranspiration (PET) time series across nine locations—Aurangabad, Gangapur, Kannad, Khuldabad, Paithan, Phulambri, Sillod, Soageon, and Vaijapur—were assessed using multiple performance metrics to evaluate the model's predictive capability during both training and validation phases (Table 4 & 5). The mean absolute error (MAE), which measures the average prediction error, ranged from 7.86 to 11.52 in the training phase and increased slightly in validation, ranging from 11.21 to 16.83, indicating that while the model was highly accurate in training, it generalized well to unseen data with only a minor increase in error. Mean squared error (MSE) and root mean squared error (RMSE), which give greater weight to larger errors, followed a similar trend. Training MSE ranged from 106.51 in Vaijapur to 228.7 in Kannad, with corresponding RMSE values between 10.32 and 15.12. Validation MSE and RMSE were higher, with Vaijapur maintaining the lowest values (223.35 and 14.94, respectively), while Sillod recorded the highest validation errors (MSE: 531.82, RMSE: 23.06), indicating greater predictive challenges in this region. Percent bias (PBIAS), which quantifies the model’s tendency to over- or under-predict, remained consistently low across all locations, with a maximum deviation of 2.2% in validation, suggesting negligible systematic bias. The relative standard deviation (rSD) values, which compare the variability of predictions to the observed data, ranged narrowly from 1.02 to 1.09 in both training and validation phases, demonstrating that the model maintained stable variance irrespective of the dataset or region. High Nash-Sutcliffe efficiency (NSE) values, exceeding 0.97 during training and remaining above 0.92 during validation, reflected the model's strong performance in replicating observed PET dynamics. Similarly, correlation coefficients (r) ranged between 0.98 and 0.99 in both phases, further underscoring the close agreement between observed and predicted values. The coefficient of determination (R²) values, which measure the proportion of variance in observed PET explained by the model, were consistently high, with Vaijapur achieving the highest R² of 0.95 in validation, indicating the model’s superior accuracy in this location. Comparing regions, Vaijapur consistently exhibited the best performance across metrics, likely due to its less complex PET dynamics. In contrast, locations like Kannad and Sillod showed higher validation errors, suggesting greater variability or environmental factors affecting predictability. Despite these regional differences, the model maintained robust overall performance, generalizing well from training to validation with minimal overfitting. These results highlight the model’s effectiveness in forecasting PET across diverse climatic and geographic conditions, providing a reliable foundation for applications in water resource management and agricultural planning, while also suggesting potential for further calibration in regions with higher predictive challenges. The forecasted time series of the training and the validation visualization are been shown in fig 2 and 3 for Aurangabad station.
Table 4. Performance of the FFNN model under for training dataset for different stations of Aurangabad District
	Parameter
	Aurangabad
	Gangapur
	Kannad
	Khuldabad
	Paithan
	Phulambri
	Sillod
	Soageon
	Vaijapur

	MAE
	14.76
	14.75
	16.07
	14.7
	14.85
	16.05
	16.83
	16.22
	11.21

	MSE
	427.97
	410.12
	522.02
	423.28
	432.81
	511.44
	531.82
	504.21
	223.35

	RMSE
	20.69
	20.25
	22.85
	20.57
	20.8
	22.62
	23.06
	22.45
	14.94

	PBIAS %
	1.3
	1.6
	2
	1.5
	1.2
	2
	2.2
	2.2
	1.6

	rSD
	1.08
	1.08
	1.08
	1.08
	1.08
	1.08
	1.09
	1.08
	1.07

	NSE
	0.92
	0.93
	0.92
	0.93
	0.92
	0.92
	0.92
	0.92
	0.94

	r
	0.97
	0.97
	0.97
	0.97
	0.97
	0.97
	0.97
	0.97
	0.98

	R2
	0.94
	0.94
	0.93
	0.94
	0.94
	0.94
	0.93
	0.94
	0.95


 
Table 5. Performance of the FFNN model under for validation dataset for different stations of Aurangabad District
	Parameter
	Aurangabad
	Gangapur
	Kannad
	Khuldabad
	Paithan
	Phulambri
	Sillod
	Soageon
	Vaijapur

	MAE
	10.03
	10.16
	11.52
	9.99
	10.01
	9.11
	11.38
	11.41
	7.86

	MSE
	175.42
	182.76
	228.7
	178.51
	176.54
	143.2
	225.8
	224.49
	106.51

	RMSE
	13.24
	13.52
	15.12
	13.36
	13.29
	11.97
	15.03
	14.98
	10.32

	PBIAS %
	0
	0
	0
	0
	0
	0
	0
	0
	0

	rSD
	1.02
	1.02
	1.02
	1.02
	1.02
	1.02
	1.02
	1.02
	1.02

	NSE
	0.97
	0.97
	0.97
	0.97
	0.97
	0.97
	0.97
	0.97
	0.97

	r
	0.99
	0.98
	0.98
	0.98
	0.99
	0.99
	0.98
	0.98
	0.99

	R2
	0.97
	0.97
	0.97
	0.97
	0.97
	0.98
	0.97
	0.97
	0.97
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Fig. 2 Modelled time-series representation of observed and Forecasted PET using FFNN during training.
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Fig. 3 Modelled time-series representation of observed and Forecasted PET using FFNN during testing.

Summary and Conclusion
The analysis of potential evapotranspiration (PET) time series data across nine stations in the Aurangabad district revealed significant autocorrelation, with chi-squared values ranging from 336.51 (Phulambri) to 348.35 (Vaijapur) and P-values below 0.001, confirming the strong influence of past values on PET dynamics. Stationarity tests using the Dickey-Fuller test further validated the suitability of the data for time series modeling, with highly negative test statistics ranging from -24.79 (Vaijapur) to -26.86 (Soegaon) and P-values below 0.01 at a lag order of 8.
A feed-forward neural network (FFNN) architecture with 12 input neurons, 4 hidden neurons, and 1 output neuron was implemented across all stations to forecast PET. The model demonstrated robust performance, with mean absolute error (MAE) ranging from 7.86 to 11.52 during training and increasing slightly to 11.21 to 16.83 during validation. Root mean squared error (RMSE) values followed a similar trend, ranging from 10.32 to 15.12 in training and increasing to 14.94 to 23.06 during validation. Percent bias (PBIAS) remained below 2.2% across all stations, indicating negligible systematic bias, while Nash-Sutcliffe efficiency (NSE) values exceeded 0.97 in training and remained above 0.92 during validation, reflecting the model's strong ability to replicate observed PET dynamics. Correlation coefficients were consistently high, ranging from 0.98 to 0.99 in both phases, and R² values reached as high as 0.95 during validation, particularly in Vaijapur. Vaijapur emerged as the best-performing station, with validation MSE and RMSE values of 223.35 and 14.94, respectively, and the highest R² of 0.95. Conversely, stations such as Sillod and Kannad faced greater predictive challenges, with Sillod recording the highest validation errors, including an MSE of 531.82 and RMSE of 23.06, suggesting more complex environmental variability in these regions.
The present study employs potential evapotranspiration (PET) computed using the Thornthwaite method, which relies simply on air temperature. Although this method's simplicity and low data needs make it useful in areas with little data, it does not specifically take into consideration other significant climatic factors that affect evapotranspiration, such as solar radiation, wind speed, and atmospheric humidity. As a result, the physical variability of evapotranspiration under various climatic conditions may not be adequately captured by the PET estimates. Model generalisation and forecasting performance may be improved by adding more meteorological variables or PET estimates obtained from physically based techniques (such as Penman-Monteith) as inputs to the ANN framework. Multi-variable ANN designs may be investigated in future research to increase prediction accuracy, especially in the context of shifting climate conditions.
Overall, the FFNN model provided accurate and reliable PET forecasts across diverse climatic and geographic conditions, with minimal overfitting and stable variance between observed and predicted values. These results underscore the model's potential for applications in water resource management and agricultural planning. However, regions with higher validation errors, such as Sillod and Kannad, may benefit from localized model calibration to enhance predictive performance further.
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