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Accuracy Assessment of Box-Jenkins SARIMA Model for Forecasting Potential Evapotranspiration in Bidar District

ABSTRACT
Accurate prediction of potential evapotranspiration (PET) is crucial for effective irrigation management and sustainable water resource planning. This study focuses on modeling and forecasting PET for various locations in Bidar district, Karnataka, India. PET was estimated using the Thornthwaite method based on daily maximum and minimum temperature data. For forecasting, Seasonal Autoregressive Integrated Moving Average (SARIMA) models were developed utilizing the Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) analyses. Model selection was based on the lowest values of Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC). The selected SARIMA models were viz., ARIMA(2,0,2)(2,1,0)12 for Bidar, ARIMA(1,0,0)(2,1,0)12 for Aurad, ARIMA(2,0,2)(2,1,0)12 for Bhalki and Humnabad and ARIMA(1,0,0)(2,1,0)12 for Basavakalyan. Among these, the models for Aurad and Bhalki demonstrated superior predictive performance. All five models showed satisfactory accuracy for short-term forecasting, particularly for a lead time of one month. The study underscores the applicability of SARIMA models in enhancing decision-making for irrigation scheduling and command area management, thereby contributing to improved agricultural water use efficiency.
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INTRODUCTION
Evapotranspiration (ET) is one of the most significant components of the hydrologic cycle, as a large proportion of the precipitation falling on land surfaces returns to the atmosphere through this process (Asadi et al., 2013; Patil et al., 2022). Globally, approximately 60% of annual precipitation is consumed by ET, making its quantification essential for diverse applications such as crop production, water resource management and environmental assessment (Aruna et al., 2017). As a dominant factor in the field water balance, accurate estimation of ET is vital for effective irrigation scheduling and optimizing agricultural productivity. The volume of water required to meet the evapotranspiration demand of crops directly influences both the quantity and quality of agricultural yield. Consequently, ET data has become increasingly important in the design and management of irrigation systems and overall water resource planning. The ET process is primarily driven by meteorological variables such as air temperature, relative humidity, solar radiation and wind speed. Given its variability and dependency on environmental factors, stochastic modeling offers a robust framework for understanding and forecasting ET.
Stochastic time series models, particularly linear models like the Auto-Regressive Integrated Moving Average (ARIMA), are widely used in hydrology due to their ability to capture temporal patterns and randomness in data. These models are instrumental in integrating on-farm systems with broader water management frameworks and support the real-time operation of irrigation infrastructure. ARIMA models are especially useful for developing synthetic datasets and generating forecasts needed for planning and decision-making in agricultural water management. The ARIMA model forecasts future values as a linear function of past observations and forecast errors, making it well-suited for time-dependent hydrological variables (Gorlapalli et al., 2022).
Previous studies have demonstrated the effectiveness of ARIMA models in modeling various hydrological time series. For instance, Popale and Gorantiwar (2014) applied the ARIMA model to forecast rainfall in the Rahuri region, while (Popale and Gorantiwar, 2014; shrikant et al., 2023; Rahul et al., 2020) used it to analysed for evapotranspiration data. Other studies, such as those by Hamdi et al. (2008), Asadi et al. (2014) and Salas et al. (1980), have highlighted the usefulness of seasonal ARIMA models for predicting ET across different climatic regions.
Understanding ET is also crucial for watershed management and hydrological modeling, particularly in the context of irrigated agriculture (Dutta et al., 2016). Since crop water requirement (CWR) is largely determined by ET accounting for more than 95% of it analyzing historical ET data is essential for efficient water resource utilization. In this context, the present study aims to develop a time series model to analyze and forecast reference crop evapotranspiration for Bidar district, Karnataka, India. The objective is to support informed decision-making in irrigation scheduling and water resource management.
MATERIALS AND METHODOLOGY
	The study was conducted in Bidar district, situated at the trijunction of Karnataka, Maharashtra, and Telangana in India. Geographically, Bidar lies at 17.9°N latitude and 77.5°E longitude, centrally positioned on the Deccan Plateau at an elevation of approximately 2,300 feet above mean sea level. The district shares its eastern boundary with Nizamabad and Medak districts of Telangana, its western boundary with Latur, Nanded, and Osmanabad districts of Maharashtra, and its southern boundary with the Gulbarga district of Karnataka. The soils in Bidar are predominantly deep (>100 cm), well-drained, gravelly red clayey soils, formed over lateritic plateaus. These soils exhibit slightly acidic to neutral pH values (around 6.6) and are characterized by low cation exchange capacity (CEC).
The region experiences a distinct winter season from November to mid-February. Among Karnataka's cities, Bidar is notably colder during this period, with December being the coldest month. During this month, the mean daily maximum and minimum temperatures are approximately 27.3°C and 13.4°C, respectively. Nighttime temperatures frequently range between 11°C and 12°C.In the present study, potential evapotranspiration (PET) was estimated using the Thornthwaite method, which accounts for temperature-based climatological data. For forecasting purposes, time series analysis was carried out using Autoregressive Integrated Moving Average (ARIMA) models. This approach enabled the assessment of temporal trends and the development of predictive models for PET data.

Thornthwaite method (Potential evapotranspiration)
In this study, potential evapotranspiration (PET) was estimated using the Thornthwaite method, which is based on mean monthly air temperature and adjusted for latitude-specific day length variations. The Thornthwaite equation used for the estimation is given by

	Where T is monthly mean temperature (°C), I is heat index calculated as the sum of 12 month index values, m is an empirically derived exponent dependent on the heat index. K is a monthly correction coefficient based on the location's latitude and the number of daylight hours. The exponent m is calculated using the following polynomial expression
m=6.75 × 10−7·I3 – 7.71 × 10−7·I2 + 1.79 × 10 −2·I + 0.492
 	The correction coefficient K accounts for the variation in day length due to geographic latitude and differs for each month. This method provides a temperature-based estimate of PET, making it suitable for climatological and hydrological studies, particularly in regions where only temperature data are readily available.


Auto correlation test (Box Ljung test)
The null hypothesis of the Box Ljung Test, H0, is that 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)
To assess the adequacy of the fitted time series model, the Box–Ljung test was applied to the residuals. The null hypothesis (H₀) states that the model residuals are independently distributed, implying no significant autocorrelation and an adequate model fit. The alternative hypothesis (H₁) suggests that the residuals are autocorrelated, indicating a potential lack of fit.
A statistically significant p-value (typically p < 0.05) leads to the rejection of the null hypothesis, implying that the residuals exhibit autocorrelation and the model may be inadequate. Conversely, a non-significant p-value supports the conclusion that the residuals resemble white noise, confirming that the model sufficiently captures the structure of the time series data.
Description of the stochastic models	
	Stochastic models, commonly known as time series models, are widely employed in the analysis and forecasting of temporal data across various fields, including mathematics, economics, engineering, and hydrology. These models provide a structured framework for capturing the underlying patterns and variability in time-dependent datasets. In hydrological studies, time series modeling techniques have proven effective in simulating the behavior of complex and inherently unpredictable systems. They offer a robust analytical approach for forecasting future values based on historical observations and for evaluating the accuracy of the predictions (Mishra and Desai, 2005).
 ARIMA models 
	Autoregressive Integrated Moving Average (ARIMA) models represent a widely used class of stochastic models for time series forecasting. These models combine Autoregressive (AR) and Moving Average (MA) components and are particularly effective for analyzing stationary time series data. When applied to non-stationary data, ARIMA models require differencing of the original series to achieve stationarity.
In an ARIMA model, the current value of the time series is expressed as a linear function of its past p lagged values (AR terms), q past error terms (MA terms), and a random error component. The general form of a non-seasonal ARIMA model is denoted by ARIMA (p, d, q), where p is the order of the autoregressive part, d is the degree of differencing required to achieve stationarity, q is the order of the moving average part. The model was originally developed by Box and Jenkins (1976) as a methodological framework for forecasting based on the intrinsic stochastic properties of the time series, without the need for constructing external explanatory models.
The general form of a non-seasonal ARIMA model can be expressed as:


	Where, zt is the original time series, ∇d denotes the differencing operator applied d times, at is a white noise error term, ϕ(B) and θ(B) are polynomials in the backshift operator B, representing the AR and MA parts, respectively.
The autoregressive operator of order p is given by


The moving average operator of order q is expressed as      

ARIMA models provide a flexible and powerful approach for modeling time-dependent data, allowing each variable to be described using its own lagged values and stochastic error terms (Mishra and Desai, 2005).
Seasonal ARIMA models
	Many time series features the cyclic. Quite frequently such characteristics are on an annual period in hydrologic time series mainly due to earth's rotation around the sun. Such type of series are cyclically non-stationary. After removing the determinist cyclic effects from a series, the ARIMA approach may be applied to obtain a linear model for the stochastic part of the series (Gorantiwar et al. 2011). Box et al. (1994) standardized the ARIMA model to address seasonality, and defined a general multiplicative seasonal ARIMA model commonly referred to as SARIMA models. An inherent advantage of the SARIMA family of models is that the description of time series requires few model parameters, which exhibit non-stationarity both in season and throughout. In general, the SARIMA model described as ARIMA (p, d, q) (P, D, Q)s, where (p, d, q) is the non-seasonal part of the model and (P, D, Q)s is the seasonal part of the model, which is mentioned below :


where p is the order of non-seasonal autoregression, d is the number of regular differencing, q is the order of nonseasonal MA, P is the order of seasonal autoregression, D is the number of seasonal differencing, Q is the order of seasonal MA, s is the length of season, seasonal AR parameter of order P and seasonal MA parameter of order Q.
1. Model identification 
The first step in ARIMA modeling involves identifying a suitable model structure that best represents the behavior of the time series. This was achieved by examining the patterns of the Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF), which are commonly used to determine the appropriate orders of the autoregressive (p) and moving average (q) components (Mishra and Desai, 2005; Hsin-Fu Yeh and Hsin-Li Hsu, 2019). The shapes and cut-offs in ACF and PACF plots provide diagnostic clues regarding the type and order of ARIMA models that may be appropriate for the series. Once preliminary models were proposed based on ACF and PACF analysis, the final model selection was guided by evaluating two statistical criteria: the Akaike Information Criterion (AIC) and the Bayesian Information Criterion (BIC), also referred to as the Schwarz Bayesian Criterion (SBC). These criteria help in ranking competing models, where lower values indicate a better trade-off between model fit and complexity.
The AIC and BIC are computed using the following formulas
.
	AIC= -2 log (L) + 2k	
	SBC= -2 log (L) + k ln(n)	

 Where k is the number of estimated parameters in the model L is the likelihood function of the fitted ARIMA model, and n is the number of observations in the time series.
2. Parameter estimation
The estimation of model parameters was achieved after identification of the appropriate model as an essential step. The model estimate values for the AR and MA parts were calculated using Maximum likelihood. The AR and MA parameters were tested to make sure that they are statistically significant or not. 
3. Diagnostic checking
Diagnostic checking is the final and critical step in ARIMA model development, aimed at validating the adequacy of the selected model. This involves evaluating whether the residuals behave like white noise-uncorrelated and normally distributed. In this study, the Residual Autocorrelation Function (RACF) was examined to assess the randomness of residuals. A lack of significant autocorrelation in the RACF confirmed that the residuals were consistent with white noise, indicating a well-fitted model.
4. Drought forecasting
	PET was forecasted at 1 to 6 months lead times using the best-fit ARIMA models derived from historical data. For each lead time, predictions were evaluated by comparing the basic statistical properties of the observed and forecasted PET series to ensure consistency. For example, a 1-month lead time forecast made in January 2017 corresponds to a prediction for February 2017. Model performance was assessed using correlation coefficient (R), root mean square error (RMSE) and mean absolute error (MAE) between observed and predicted values across all lead times.
Input Dataset and software
The time series dataset of maximum and minimum temperatures was obtained from the NASA LARC database, covering the period 1990 to 2023. Data from 1990 to 2020 were used for model development, while the years 2021 to 2023 were reserved for model validation. PET was estimated using Microsoft Excel and SARIMA models were developed and implemented in R Studio.
5. RESULTS AND DISCUSSION
The model development process began with prerequisite tests to assess stationarity and autocorrelation of the time series data. Autocorrelation was evaluated using the Box test and the corresponding test statistics along with p-values are presented in Table 1. The test statistics for the Box test, expressed as Chi-square values with associated p-values of 0.01, were 180.07, 179.19, 183.12, 186.6 and 179.19 for Bidar, Aurad, Bhalki, Humnabad and Basavakalyan, respectively. These significant results at the 5% significance level indicate the presence of autocorrelation in the datasets. Additionally, the ADF test was conducted to check the stationarity of the series. The test results revealed the presence of seasonality in the data, necessitating seasonal differencing to achieve stationarity. The details of the differencing applied to each dataset are summarized in Table 2.
	The principal step in the Box-Jenkins ARIMA model building process is the identification of an appropriate model. Different orders of autoregressive (AR) and moving average (MA) parameters, denoted by p and q, were evaluated and the combination that yielded the highest log-likelihood along with the lowest values of Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) was selected as the best model. The results of model development for the Bidar, Aurad, Bhalki, Humnabad and Basavakalyan stations are presented in Tables 3 and 4. The autocorrelation function (ACF) and partial autocorrelation function (PACF) plots, shown in Figures 1 and 2, revealed seasonality in the data. Accordingly, seasonal ARIMA models incorporating seasonal differencing were adopted, as detailed in Table 4. The best-fitting models for the respective stations were ARIMA (2,0,2)(2,1,0)[12] for Bidar, ARIMA (1,0,0)(2,1,0)[12] for Aurad, ARIMA (2,0,2)(2,1,0)[12] for Bhalki, ARIMA (2,0,2)(2,1,0)[12] for Humnabad and ARIMA (1,0,0)(2,1,0)[12] for Basavakalyan. These models produced maximum log-likelihood values of -1696.61, -1643.42, -1648.44, -1601.17 and -1643.42, respectively. Parameter estimates for each station are provided in Table 4. Furthermore, residuals obtained by differencing the original series with the fitted values were analyzed and found to behave as white noise, confirming the adequacy of the selected models as shown in Table 5.
	Following the development of ARIMA models for the five taluks, forecasting was performed at multiple lead times ranging from 1 to 6 months. The results, presented in Table 6, indicate that forecasts at a 1 month lead time exhibited strong performance across all stations, with correlation coefficients of 0.90, 0.93, 0.87, 0.90, and 0.91 for Bidar, Aurad, Bhalki, Humnabad and Basavakalyan, respectively. Both the root mean square error (RMSE) and mean absolute error (MAE) were lowest at the 1 month lead and increased progressively with longer lead times, suggesting that the stochastic models are most suitable for forecasting up to a 1 month lead time. It is evident from Table 6 that forecasting errors increase substantially as lead time extends beyond one month. Therefore, seasonal ARIMA models demonstrated optimal suitability for 1 month lead forecasting of potential evapotranspiration in the Basavakalyan region.
To further validate the forecasts, basic statistical properties of the observed and predicted data at the 1-month lead time were compared using the t-test for means and F-test for standard deviations, following Haan (1977), as summarized in Table 7. The calculated t-values for means fell within the critical values (±1.71 for a two-tailed test at the 5% significance level), indicating no significant difference between the observed and predicted mean values. Similarly, the calculated F-values for standard deviations were less than the critical values at the 5% significance level, confirming that the variability of the predicted data matches that of the observed series. These results demonstrate that the forecasted data reliably preserve the fundamental statistical characteristics of the observed potential evapotranspiration series.

CONCLUSION
	The present study successfully developed Seasonal ARIMA models for forecasting potential evapotranspiration (PET) across five taluks-Bidar, Aurad, Bhalki, Humnabad and Basavakalyan using historical temperature data from 1990 to 2023. Preliminary statistical tests confirmed the presence of autocorrelation and seasonality in the data, necessitating seasonal differencing to achieve stationarity. The best-fit SARIMA models were identified for each location using model selection criteria such as log-likelihood, AIC, and BIC and validated through residual diagnostics that confirmed the residuals approximated white noise. The forecasting performance was evaluated across lead times from 1 to 6 months. Among these, 1-month lead time predictions demonstrated the highest accuracy, with strong correlation coefficients (R ranging from 0.87 to 0.93) and lower error metrics (RMSE and MAE), making these models highly reliable for short-term forecasting. Error values increased with longer lead times, indicating reduced model performance beyond the 1-month horizon. Statistical validation using t-tests and F-tests confirmed that the forecasted PET series maintained the core statistical properties of the observed data, with no significant differences in mean or variance at the 5% significance level. These findings underscore the robustness and reliability of SARIMA models in accurately forecasting short-term PET, providing a valuable tool for water resource planning, agricultural scheduling and climate-resilient decision-making in the region.
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Fig. 1 Autocorrelation function plot of PET time series for Bhalki Station
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Fig. 2 Partial autocorrelation function plot of PET time series for Bhalki Station

Table 1 Auto correlation test for different station
	Station
	Chi-Square
	Lag order
	P-value

	Bidar,
	180.07
	1
	<0.001

	Aurad, 
	179.19
	1
	<0.001

	Bhalki, 
	183.12
	1
	<0.001

	Humnabad, 
	186.6
	1
	<0.001

	Basavakalyan
	179.19
	1
	<0.001



Table 2 Stationarity test for different station
	Station
	Dickey fuller
	Lag order
	P-value

	Bidar,
	-18.754
	7
	0.01

	Aurad, 
	-17.721
	7
	0.01

	Bhalki, 
	-16.306
	7
	0.01

	Humnabad, 
	-18.598
	7
	0.01

	Basavakalyan
	-17.721
	7
	0.01



Table 3 Log likelihood AIC and BIC values of ARIMA model for different station
	Stations
	Model
	Log-Likelihood
	AIC
	BIC

	Bidar,
	SARIMA(2,0,2)(2,1,0)12
	-1696.61
	3409.22
	3440.03

	Aurad, 
	SARIMA(1,0,0)(2,1,0)12
	-1643.42
	3296.83
	3316.1

	Bhalki, 
	SARIMA(2,0,2)(2,1,0)12
	-1648.44
	3312.88
	3343.7

	Humnabad, 
	SARIMA(2,0,2)(2,1,0)12
	-1601.17
	3218.33
	3249.15

	Basavakalyan
	SARIMA(1,0,0)(2,1,0)12
	-1643.42
	3296.83
	3316.1











Table 4 Parameter estimation of SARIMA by maximum likelihood method for different station
	Station
	Model
	Parameters
	Estimate
	S.E.
	Z value
	P-value

	
Bidar,

	SARIMA (2,0,2)(2,1,0)12
	AR1
	0.003032
	0.4114
	0.0074
	0.9941

	
	
	AR2
	0.147119
	0.3059
	0.4808
	0.6306

	
	
	MA1
	0.266402
	0.4111
	0.6479
	0.517

	
	
	MA2
	0.054287
	0.2376
	0.2284
	0.8193

	
	
	SAR1
	-0.74656
	0.0552
	-13.5248
	< 0.001

	
	
	SMA1
	-0.2985
	0.0550
	-5.4268
	<0.001

	
	
	SMA2
	0.003032
	0.4114
	0.0074
	0.9941

	Aurad, 

	SARIMA (1,0,0)(2,1,0)12
	AR1
	0.325123
	0.0509
	6.3832
	<0.001

	
	
	AR2
	-0.75897
	0.0540
	-14.0378
	<0.001

	
	
	MA1
	-0.29225
	0.0537
	-5.4383
	<0.001

	
	
	SAR1
	0.048693
	0.0888
	0.5483
	0.5835

	
	
	SAR2
	0.325123
	0.0509
	6.3832
	<0.001

	Bhalki, 

	SARIMA (2,0,2)(2,1,0)12
	AR1
	-0.03499
	0.3918
	-0.0893
	0.9289

	
	
	MA1
	0.160075
	0.2839
	0.5637
	0.573

	
	
	SAR1
	0.336675
	0.3915
	0.8598
	0.3899

	
	
	SMA1
	0.053646
	0.2179
	0.2462
	0.8056

	
	
	SMA2
	-0.75184
	0.0549
	-13.6799
	< 0.001

	Humnabad, 

	SARIMA   (2,0,2)(2,1,0)12
	AR1
	-0.02091
	0.3993
	-0.0524
	0.9582

	
	
	MA1
	0.072121
	0.2670
	0.2701
	0.7871

	
	
	SAR1
	0.364237
	0.3966
	0.9182
	0.3585

	
	
	SMA1
	0.13887
	0.1839
	0.755
	0.4503

	
	
	SMA2
	-0.77703
	0.0535
	-14.505
	< 0.001

	, 
Basavakalyan
	SARIMA
(1,0,0)(2,1,0)12
	AR1
	0.325123
	0.0509
	6.3832
	< 0.001

	
	
	SAR1
	-0.75897
	0.0540
	-14.0378
	< 0.001

	
	
	SAR2
	-0.29225
	0.0537
	-5.4383
	< 0.001












Table 5 Auto correlation check for residuals of Seasonal ARIMA model at different station
	Station
	Chi-Square
	Lag order
	P-value

	Bidar,
	2.10
	1
	0.14

	Aurad, 
	0.04
	1
	0.82

	Bhalki, 
	0.01
	1
	0.91

	Humnabad, 
	2.27
	1
	0.13

	Basavakalyan
	2.04
	1
	0.17



Table 6 Performance measure of Seasonal ARIMA models at different stations
	Station
	Model
	
Performance measures
	

	
	
	
	Lead time

	Bidar
	

ARIMA
(2,0,2)(1,1,2)12


	
	1
	2
	3
	4
	5
	6

	
	
	RMSE
	17.43
	24.80
	25.29
	24.84
	23.14
	22.15

	
	
	MAPE
	23.31
	14.56
	14.25
	13.75
	15.14
	13.93

	
	
	MAE
	13.64
	21.10
	20.55
	19.81
	20.10
	17.35

	
	
	R
	0.90
	0.83
	0.85
	0.83
	0.80
	0.80

	Aurad
	ARIMA
(1,0,1)(2,1,0)12


	RMSE
	10.71
	17.99
	19.62
	18.49
	17.53
	17.40

	
	
	MAPE
	9.27
	16.56
	18.10
	17.66
	17.31
	16.86

	
	
	MAE
	8.99
	15.92
	16.68
	15.95
	15.13
	13.86

	
	
	R
	0.93
	0.83
	0.84
	0.84
	0.81
	0.80

	Bhalki
	ARIMA
(1,0,1)(1,1,2)12


	RMSE
	10.52
	20.22
	39.54
	52.15
	59.60
	61.46

	
	
	MAPE
	5.28
	10.55
	22.50
	29.21
	33.49
	37.85

	
	
	MAE
	7.70
	15.77
	32.81
	43.15
	48.93
	51.73

	
	
	R
	0.87
	0.77
	0.70
	0.71
	0.65
	0.54

	Humnabad
	ARIMA
(1,0,1)(2,1,0)12


	RMSE
	20.83
	23.05
	53.72
	61.98
	64.58
	66.71

	
	
	MAPE
	10.51
	40.34
	30.67
	35.9
	41.02
	45.01

	
	
	MAE
	15.59
	33.54
	44.59
	51.29
	54.88
	56.32

	
	
	R
	0.90
	0.81
	0.82
	0.81
	0.79
	0.77

	Basavakalyan
	SARIMA
(1,0,0)(2,1,0)12
	RMSE
	20.12
	23.41
	55.72
	68.98
	61.58
	66.71

	
	
	MAPE
	10.51
	40.34
	30.67
	35.9
	41.02
	45.01

	
	
	MAE
	15.59
	33.54
	44.59
	51.29
	54.88
	56.32

	
	
	R
	0.91
	0.80
	0.81
	0.80
	0.73
	0.71





Table 7 Comparison of statistic properties of the observed and predicted data
	Stations
	Mean observed
	Mean forecasted
	Decision
(t<1.71)
	Observed variance
	Forecast variance
	Decision
(f < 4.05)

	Bidar,
	137.86
	134.19
	1.03
	1392.85
	994.21
	0.14

	Aurad, 
	97.75
	97.33
	0.18
	640.59
	547.634
	0.0008

	Bhalki, 
	136.74
	136.54
	0.009
	1088.28
	1397.82
	0.0003

	Humnabad, 
	136.64
	136.96
	-0.072
	1257.64
	1546.41
	0.0008

	Basavakalyan
	127.5
	129.30
	-0.20
	1241.47
	1357.21
	0.0087
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