



Evapotranspiration (PET) employing a Seasonal ARIMA model for Bagalkot district, Karnataka, India
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	This study explores the pivotal role of reference crop evapo-transpiration (ET) in the Bagalkot district's agricultural landscape. ET, influenced by hydrological parameters like temperature, humidity, solar radiation and wind speed, significantly dictates crop water requirements. "This study applies stochastic linear models, particularly the Autoregressive Integrated Moving Average (ARIMA) model, for forecasting based on historical data. The ARIMA model has shown strong performance in diverse regions, demonstrating its ability to capture time-dependent patterns and random fluctuations. By integrating, on-farm and main systems, the study aims to enhance real-time irrigation operations, providing practical insights for sustainable agriculture in the district's unique climate. This investigation contributes valuable knowledge to hydrological processes, offering actionable implications for water resource planning and irrigation system design in Bagalkot district
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INTRODUCTION
In the intricate field of agriculture, the water that crops receive through evapotranspiration is vital for influencing both the yield and the overall quality of the harvest. Data on Evapotranspiration (ET) for agricultural crops has become essential, playing a pivotal role not only in irrigation practices but also in the overall management of water resources. The evapotranspiration (ET) process, which plays a key role in this mechanism, is mainly affected by various hydrological factors, including temperature, relative humidity, solar radiation, and wind speed.
Stochastic models are designed to account for time-dependent variations and random factors inherent in the evapotranspiration (ET) process. In particular, stochastic linear models prove useful by integrating with hydrological data or time series, such as those related to evapotranspiration. These systems serve a dual function: they connect on-farm systems to the central system while also facilitating the real-time management of irrigation operations. Developing synthetic or forecast datasets is crucial for the effective design and planning of irrigation systems. In this context, the Autoregressive Integrated Moving Average (ARIMA) model is particularly valuable due to its proven effectiveness in forecasting time series data. In the ARIMA model, the forecast of a variable is effectively represented as a linear combination of its past state and the preceding forecast error. This method, a fundamental tool in time series analysis and forecasting, proves highly adaptable by capturing the distinctive features of different time series datasets
ARIMA models have long been a popular choice for modelling hydrological time series. For example,  Popale and Gorantiwar (2014) used ARIMA models to predict rainfall patterns in the Rahuri region of India, while Gorantiwar and Patil (2009) applied them to analyze evapotranspiration in the same area. Additionally, Hamdi et al. (2008) developed a seasonal ARIMA model to forecast patterns in the Jordan Valley. Extending the use of ARIMA models, Asadi et al. (2014) applied them to predict evapotranspiration in both humid and semi-humid regions. Furthermore, Salas et al. (1980) played a pivotal role in laying the groundwork for time series modeling..
Understanding evapotranspiration plays a crucial role in watershed management, impacting meteorological and hydrological modeling, especially in the complex process of water management for irrigated agriculture (Dutta et al., 2016). Evapotranspiration's central role in determining Crop Water Requirement (CWR), representing more than 95% of ET, highlights the importance of understanding its patterns through historical data. In an effort to explore the complexities and tackle irrigation challenges, this research aims to develop a time series model for analyzing and forecasting reference crop evapotranspiration in the Bagalkot district.
MATERIALS AND METHODS 
Overview of Stochastic Models:
Stochastic models for time series analysis are essential in studying temporal data across diverse fields, including mathematics, economics, and engineering. These models offer a structured analytical framework for understanding and forecasting the behaviour of unpredictable hydrological systems.  Mishra and Desai (2005) emphasized the effectiveness of time series modeling techniques in simulating hydrological systems and evaluating the accuracy of forecasts.
Autoregressive integrated moving average (ARIMA)
ARIMA models are widely utilized for analyzing time series data due to their flexibility. These models combine autoregressive (AR) and moving average (MA) elements to capture the temporal dependencies in the data. Specifically, an ARIMA model expresses the current value of a time series as a linear combination of past values (with a lag of order p) and a weighted sum of previous errors (with a lag of order q), along with a random component. Although ARIMA models are typically suited for stationary time series, they can be adapted for non-stationary data by applying differencing. The ARIMA methodology was introduced by Box and Jenkins (1976), who focused on the stochastic characteristics of time series individually rather than constructing single or simultaneous equation models
	ARIMA models provide versatility by allowing the definition of each variable in terms of its previous values and stochastic error components. The general form of a non-seasonal ARIMA model is represented as AR(p) + I(d) + MA(q), where p, d, and q are parameters that are non-negative integers. This formulation indicates the order of the autoregressive (p), differencing (d), and moving average (q) components, which together define the model's structure (Mishra and Desai, 2005)
The general non-seasonal ARIMA model can be written as follows:

where,  are the polynomials of order p and q, respectively. For Non-seasonal AR operator of the order p is written as: 

And non-seasonal MA operator of order q is written as:

Seasonal ARIMA Models:
Many time series data, especially in hydrology, display cyclic patterns often associated with annual variations, such as those caused by the Earth's rotation around the sun. These recurring patterns make the series cyclically non-stationary. To effectively model the stochastic component of such series after eliminating deterministic cyclic effects, the ARIMA approach is utilized (Gorantiwar et al., 2011).
In 1994, Box et al. introduced a standardized version of the ARIMA model to address seasonality, which led to the development of the general multiplicative seasonal ARIMA model, known as SARIMA (Seasonal ARIMA). SARIMA models are particularly effective for modeling time series that exhibit non-stationarity both within individual seasons and throughout the entire period. The SARIMA model is expressed as ARIMA(p, d, q) (P, D, Q)_s, where (p, d, q) represent the non-seasonal components and (P, D, Q)_s represent the seasonal components, with 's' indicating the length of the seasonal cycle. This structure allows for the incorporation of parameters that account for both non-seasonal and seasonal dynamics. The non-seasonal parameters (p, d, q) correspond to the autoregressive order, differencing order, and moving average order, while the seasonal parameters (P, D, Q)_s capture the autoregressive order, differencing order, and moving average order for the seasonal component.
The strength of the SARIMA family lies in its capacity to effectively model time series with inherent seasonality, using relatively few parameters to capture both non-stationary and seasonal components. This makes SARIMA a valuable tool in time series analysis, particularly for hydrologic data exhibiting cyclic patterns tied to seasonal variations.
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In the SARIMA model, p represents the order of non-seasonal autoregression (AR), d indicates the number of regular differencing required to achieve stationarity, and q refers to the order of the non-seasonal moving average (MA). Meanwhile, P denotes the order of seasonal autoregression (AR), D represents the number of seasonal differencing needed to address seasonal non-stationarity, and Q specifies the order of seasonal moving average (MA). The parameter 's' indicates the length of the seasonal cycle, or the number of periods in each season. The seasonal autoregressive component is characterized by the order P, while the seasonal moving average component is defined by the order Q.
Steps involved in fitting the ARIMA model :
a. Identification of Model: 
The initial step involves choosing an appropriate ARIMA model that accurately captures the time series behavior. This decision is based on analyzing the patterns found in the autocorrelation function (ACF) and partial autocorrelation function (PACF) (Mishra and Desai, 2005; Hsin-Fu Yeh and Hsin-Li Hsu, 2019). Both the ACF and PACF provide key insights for determining the correct model order. By interpreting these functions, one can effectively guide the model development process. The final selection of the model is made by applying the Akaike Information Criterion (AIC) and the Bayesian Information Criterion (BIC). These criteria play a critical role in ranking models, with lower values indicating superior model performance (Figure 2). The formulas used to calculate AIC and BIC are as follows.:


In this context, k refers to the number of parameters in the model, L signifies the likelihood function of the ARIMA model, and n represents the total number of observations.
b. Estimation of Parameters:
Once the model has been determined, the next step is to estimate its parameters. This is typically done using maximum likelihood estimation to calculate the estimated values for the autoregressive (AR) and moving average (MA) components Following this, statistical tests are performed to verify the significance of the AR and MA parameters.
c. Diagnostic checking:
The diagnostic phase, which is the final step in model development, focuses on evaluating the suitability of the selected ARIMA model. Various diagnostic statistics and residual plots are reviewed to check for any correlation in the residuals or to confirm if they resemble white noise. In this analysis, the Residual Autocorrelation Function (RACF) is used to assess whether the residuals display the characteristics of white noise. This thorough diagnostic procedure guarantees the reliability and validity of the selected ARIMA model.
Hargreaves method:
The Hargreaves method (Hargreaves et al., 1985) is used to estimate potential evapotranspiration."


Where,
ET0 = Potential evapotranspiration, mm/day
RA= Extraterrestrial radiation, MJm-2day-1; 
Tmax= maximum temperature, 0C; 
Tmin= minimum temperature, 0C; 
Tmean= mean temperature, 0C; and 
λ= Latent heat of vaporization, MJkg-1. 
Statistical Tests
Autocorrelation test (Box-Ljung test):
	The Box-Ljung Test is a statistical method used to assess autocorrelation within a time series. The null hypothesis posits that the model adequately represents the observed data, indicating no significant autocorrelations, whereas the alternative hypothesis suggests that the model does not properly capture the underlying structure, pointing to the existence of unaccounted autocorrelations. The test evaluates the p-value associated with the test statistic. If the p-value is less than the chosen significance level (typically 0.05), the null hypothesis is rejected. A small p-value signals the presence of autocorrelation, suggesting that the model may need further refinement to better capture the temporal dependencies in the data
Test for stationarity
The Augmented Dickey-Fuller (ADF) test and the Phillips-Perron (PP) test are commonly used statistical methods to examine the stationarity of a time series, a crucial factor for accurate modeling and forecasting. Stationarity implies that the statistical properties of the time series remain constant over time, a fundamental assumption in many statistical models. Both tests are designed to detect the presence of a unit root, which indicates non-stationarity. The ADF and PP tests produce a p-value, and if this p-value is greater than the chosen significance level (typically 0.05), the time series is deemed non-stationary. In such cases, transformations like differencing are required to achieve stationarity. Unlike the ADF test, the PP test does not require the explicit specification of the trend order, providing greater flexibility. Both tests are crucial for ensuring that time series data is properly pre-processed, making it suitable for models that assume constant statistical properties over time.
RESULTS AND DISCUSSION
Study area:
Bagalkot, located in the northern region of Karnataka, India, offers a diverse and strategically important area for various analyses, including time series modelling. Bagalkot is bordered by Belagavi (Belgaum) to the northwest, Bijapur to the north, Gadag to the south, Raichur to the east, and Koppal to the southeast. The district features a diverse landscape, with fertile plains along riverbanks and rolling terrains. The location of Bagalkot district is shown in Figure 1.
The district is intersected by major rivers like the Krishna and Tungabhadra, enhancing its hydrological significance. Bagalkot is renowned for its agricultural significance, with crops like cotton, sugarcane, and pomegranates being widely cultivated. The region's unique climatic characteristics make it an ideal location for modeling and forecasting variables such as Potential Evapotranspiration (PET) using advanced techniques like SARIMA and ARIMA.
The use of these time series models in Bagalkot helps in understanding and forecasting seasonal variations and autocorrelations in PET data, which is vital for efficient water resource management and agricultural planning. The district's varied topography, combined with its dependence on seasonal weather patterns, makes it an ideal location for research on hydrology and the effects of climate.
The significance of Bagalkot district as a study area lies in its geographical diversity, agricultural importance, and hydrological dynamics, making it an ideal location for time series analysis, especially in the fields of water resource planning and climate-related research.
3.2. Test for autocorrelation:
The Box-Pierce (or Box-Ljung) test was used to evaluate autocorrelation in the time series data from various stations, and the findings are summarized in Table 2. The table presents chi-square values, lag orders, and corresponding p-values for each station. The chi-square values for Bagalkot, Badami, Guledgudda, Hungund, Jamakhandi, Mudhol, Ilkal, Rabakavi & Banahatti, and Bilagi are 216.42, 216.91, 215.93, 221.36, 219.49, 219.19, 220.98, 219.44 and 214.70, respectively. The lag order, representing the number of past observations considered, is consistently 1 across all stations. The p-values for Bagalkot, Badami, Guledgudda, Hungund, Jamakhandi, Mudhol, Ilkal, Rabakavi & Banahatti, and Bilagi are all exceptionally low, at 2.2 x 10⁻¹⁶. This result provides strong evidence against the null hypothesis of stationary residuals, indicating that the data for these stations is stationary. At a 5% significance level, the findings suggest that the time series data for Bagalkot, Badami, Guledgudda, Hungund, Jamakhandi, Mudhol, Ilkal, Rabakavi & Banahatti, and Bilagi exhibit stationarity. The significant chi-square values and extremely low p-values from the Box-Pierce test emphasize the importance of recognizing and addressing stationarity when constructing time series models for each station.
Test for stationarity:
Table 3 shows the results of the ADF test for stationarity across various stations. The ADF test is commonly employed to assess whether a time series is stationary. The results for stations such as Bagalkot, Badami, Guledgudda, Hungund, Jamakhandi, Mudhol, Ilkal, Rabakavi & Banahatti, and Bilagi suggest that the time series data for these locations are stationary. The significantly negative ADF test statistics, which are much lower than the critical values, along with the very small p-values (<0.0001), provide strong evidence to reject the null hypothesis of non-stationarity. Thus, it can be concluded that the time series data for each station is stationary, indicating stable and consistent behavior over time.
Table 4 displays the results of the PP test for stationarity across various stations. The PP test, a unit root test similar to the ADF test, is used to assess whether a time series is stationary. The results for Bagalkot, Badami, Guledgudda, Hungund, Jamakhandi, Mudhol, Ilkal, Rabakavi & Banahatti, and Bilagi show that the time series data for these stations are stationary. The notably negative Z-values, which are well below the critical values, along with the extremely low p-values of 0.01, provide strong evidence to reject the null hypothesis of non-stationarity. Hence, according to the PP test, it can be concluded that the time series data for each station is stationary, reflecting stable and consistent behavior over time
3.4. Fitting the forecasting models
This study focuses on applying SARIMA models to evaluate and forecast PET across different stations. The SARIMA models, configured with (p,d,q) (P,D,Q)s parameters, have been thoroughly evaluated for their effectiveness in capturing the complex temporal dynamics present in PET time series data.
The time series dataset for maximum and minimum temperatures was obtained from NASA Larc, spanning the period from 1982 to 2022 for various stations in Bagalkot district (Table 1). To develop the model, 80% of the dataset was utilized, and the remaining 20% was reserved for validation. PET estimation was carried out using the Standardized Precipitation Evapotranspiration Index (SPEI). SARIMA models, crucial for the time series analysis, were developed and formulated using R Studio software.
The stations under investigation—Bagalkot, Badami, Guledagudda, Hungund, Jamakhandi, Mudhol, Ilkal, Rabakavi, and Bilagi—have all been analyzed using SARIMA modeling (Table 5). The model specifications—(2,0,2)(2,1,0)12 for Bagalkot, Badami and Guledagudda, (1,0,1)(2,1,0)12 for Hungund and Ilkal, and (5,0,0)(2,1,0)12 for Jamakhandi, Mudhol, Rabakavi & Banahatti, and Bilagi—were carefully selected to capture the temporal patterns inherent in the PET data.
The log likelihood, Akaike Information Criterion (AIC), and Bayesian Information Criterion (BIC) are essential indicators used to evaluate the performance of a model. Bagalkot, with the lowest AIC and BIC values in its SARIMA configuration, is inferred to have the best model fit, suggesting superior predictive capabilities for future PET values. In contrast, stations like Hungund and Ilkal, which show higher AIC and BIC values compared to Rabakavi & Banahatti and Bilagi, indicate potential areas for further refinement in model performance. Despite similar log likelihood values, the higher AIC and BIC values suggest a slightly reduced model effectiveness, highlighting potential challenges in forecasting accuracy for Hungund and Ilkal.
The consistency in log likelihood, AIC, and BIC values for Jamakhandi and Mudhol, within their SARIMA (5,0,0) (2,1,0) 12 configuration, demonstrates the model's consistent effectiveness in capturing the complex temporal structure of PET data for these stations.
The scientific significance of these findings lies in their potential to enhance predictive capabilities in hydrological applications. The careful selection of SARIMA configurations, guided by AIC and BIC values, provides a deeper understanding of model suitability for each station, thereby improving the accuracy of forecasts essential for effective water resource management and agricultural planning.  The findings of this study provide a significant contribution to the expanding field of hydrological modeling and emphasize the importance of thoughtfully choosing SARIMA models for precise PET forecasting.
.

The parameter estimation results for the SARIMA models applied to PET time series data at various stations, obtained through the maximum likelihood method, are presented in Table 6. This includes the estimated coefficients along with their respective standard errors. These estimates are vital for comprehending the underlying temporal dynamics of PET and play a key role in ensuring accurate forecasting For Bagalkot, Badami, and Guledagudda, modeled with SARIMA (2,0,2)(2,1,0)12, the autoregressive coefficients (AR1 and AR2) have estimates of 0.114 and 0.262, respectively, with standard errors of 0.418 and 0.189. The moving average coefficients (MA1 and MA2) are estimated at 0.163 and -0.202, with standard errors of 0.416 and 0.128, respectively. The seasonal autoregressive parameters (SAR1 and SAR2) are estimated at -0.709 and -0.323, with standard errors of 0.045 and 0.047. These parameter estimates offer valuable insights into the strength and temporal dependencies within the PET data for these stations.
Hungund and Ilkal, modeled with SARIMA (1,0,1) (2,1,0)12, show autoregressive (AR1) and moving average (MA1) estimates of 0.457 and -0.188 for Hungund, and 0.457 and -0.187 for Ilkal, respectively. The corresponding standard errors are 0.157 and 0.175 for Hungund, and 0.157 and 0.175 for Ilkal. The seasonal autoregressive parameters (SAR1 and SAR2) are estimated at -0.692 and -0.335 for both stations, with standard errors of 0.045 and 0.046, respectively.
Jamakhandi, Mudhol, Rabakavi & Banahatti, and Bilagi, all modeled with SARIMA (5,0,0)(2,1,0)12, exhibit consistent autoregressive and seasonal autoregressive parameter estimates across these stations. For instance, Jamakhandi displays AR1, AR2, AR3, AR4, and AR5 estimates of 0.305, 0.027, 0.093, -0.076, and -0.056, respectively, with standard errors varying between 0.047 and 0.048.  The SAR1 and SAR2 estimates for Jamakhandi are -0.716 and -0.046, with standard errors of 0.045 and 0.046. Similarly, Ilkal, modeled with the same SARIMA configuration, exhibits AR1 and MA1 estimates of 0.457 and -0.188, with standard errors of 0.157 and 0.175. The seasonal autoregressive parameters (SAR1 and SAR2) for Jamakhandi and Ilkal are estimated at -0.692 and -0.335, with standard errors of 0.045 and 0.046. Rabakavi & Banahatti, sharing the same SARIMA (5,0,0)(2,1,0)12 model, exhibit the same parameter estimates as Jamakhandi and Mudhol. The consistency in these estimates across the stations strengthens the reliability and robustness of the chosen SARIMA configuration. The standard errors associated with these parameter estimates offer a measure of the precision and reliability of the estimated coefficients. Understanding these estimates and their corresponding standard errors is essential for evaluating the significance and robustness of the SARIMA models in capturing the temporal dynamics of PET at each station. This, in turn, enhances the accuracy of the subsequent forecasts.
Table 7 presents a comprehensive autocorrelation analysis of the residuals from the SARIMA models applied to the PET time series data at various stations. This thorough examination is crucial for evaluating the adequacy of the SARIMA models in capturing and explaining the temporal dependencies inherent in the PET data. The parameters analyzed, including the Chi-Square statistic, lag order, and associated p-values, provide valuable insights into the effectiveness of the models.
The results reveal distinct patterns of autocorrelation across different stations. For Bagalkot, the statistically significant p-value of 0.0349 indicates the presence of residual autocorrelation, suggesting a potential inadequacy in the SARIMA model for this station. This finding highlights the need for further model refinement or the exploration of alternative specifications to improve the accuracy of PET forecasting. In contrast, Badami shows a non-significant p-value of 0.7378, suggesting that the SARIMA model for this station effectively captures and explains the temporal dependencies within the PET data.  This result underscores the reliability of the model for Badami, instilling confidence in its forecasting capabilities. Similarly, stations such as Guledgudda, Hungund, Jamakhandi, Mudhol, and Rabakavi exhibit non-significant p-values of 0.935, indicating that the SARIMA models for these stations successfully capture and account for the temporal dependencies in the PET time series. This is crucial for accurate forecasting, as the absence of significant autocorrelation in the residuals indicates that the model effectively captures the observed patterns, leading to reliable predictions. However, Ilkal presents a statistically significant p-value of 0.028, suggesting the presence of residual autocorrelation and indicating that the SARIMA model may not fully capture the temporal dependencies in the PET data for this station. This prompts further investigation and potential adjustments to the SARIMA model for Ilkal to improve its ability to forecast PET values accurately. Similarly, Bilagi shows a significant p-value of 0.0225, indicating residual autocorrelation. This highlights the need for refining the SARIMA model for Bilagi to enhance its predictive accuracy for PET.
The implications of these findings are significant for forecasting Potential Evapotranspiration at various stations. Addressing residual autocorrelation is crucial, as it directly affects the reliability and accuracy of model predictions, ensuring that the forecasts are both robust and dependable. The stations with non-significant p-values confirm the adequacy of the SARIMA models, providing confidence in their ability to forecast PET accurately. Conversely, significant p-values highlight the need for a more detailed examination of the models, underscoring the iterative process of model refinement to better capture the complex temporal dynamics of PET across different geographical locations. These insights make a valuable contribution to the advancement of hydrological modelling, enhancing water resource management and supporting informed decision-making in agriculture and related sectors.
Table 8 provides a comprehensive comparison of statistical properties between observed and forecasted data for PET at various stations. The analysis focuses on several parameters, such as the mean observed and mean forecasted values, the t-statistic decision (t < 1.71), and the corresponding p-values. The goal is to assess the forecasting models' accuracy and reliability by comparing the observed and predicted PET values to determine how well they align.
For Bagalkot, Badami, and Guledagudda, the mean observed and mean forecasted values are nearly identical, with a negligible difference of -0.028. The small t-statistic and large p-values (0.9773, 0.9775) suggest that there is no significant statistical difference between the observed and predicted values, indicating that the model's forecasts are in close agreement with the actual data. This suggests that the SARIMA models for these stations effectively capture the central tendency of PET, offering reliable forecasts. Similarly, Hungund, Ilkal, and Bilagi show comparable trends, with the mean observed and mean forecasted values closely aligned. The minimal differences, along with the non-significant t-statistics and p-values (ranging from 0.9776 to 0.9833), indicate a strong correlation between the observed and forecasted PET values. These results highlight the accuracy of the SARIMA models in replicating the mean PET values for these stations. For Jamakhandi, Mudhol, and Rabakavi & Banahatti, while there are small differences between the mean observed and mean forecasted values, the t-statistics are near zero, and the high p-values (0.9842, 0.9843) suggest that the difference is statistically insignificant. This indicates that the SARIMA models for these stations offer reliable forecasts, closely matching the observed mean PET values. The consistent patterns across all stations further highlight the robustness of the SARIMA models in accurately forecasting PET values. The minimal differences between the mean observed and forecasted values, along with the non-significant t-statistics and high p-values, collectively indicate that the models accurately capture the central tendency of the PET time series data.
The significance of this comparison lies in its validation of the forecasting accuracy of SARIMA models for Potential Evapotranspiration. The close alignment between observed and forecasted mean values, along with statistically insignificant differences, reinforces confidence in the reliability of the models. This accuracy is crucial for water resource management, agricultural planning, and environmental monitoring, where reliable PET predictions are essential for making informed decisions. The findings provide valuable insights into hydrological modeling, improving our understanding of the SARIMA models' effectiveness in forecasting PET across different geographic locations.
CONCLUSION
This study aimed to assess and forecast PET across multiple stations in Bagalkot district, Karnataka, India, utilizing ARIMA and SARIMA models. Rigorous statistical tests, such as the Box-Pierce test, ADF test, and PP test, confirmed the stationarity of the PET time series data for all the stations examined. Following this, SARIMA models were carefully selected and optimized to capture the temporal dynamics present in the PET data. The parameter estimation and diagnostic checking processes validated the reliability of the selected models. The results revealed varying levels of model effectiveness across the stations, highlighting the importance of a tailored approach to model selection. The study offers valuable insights into the region's hydrological dynamics, contributing to improved accuracy in water resource management and agricultural planning through reliable PET forecasting Future research could examine alternative model specifications to enhance forecasting accuracy, particularly for stations where specific challenges have been identified.
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Table.1 Name of the station and their geolocation and elevation.
	Station
	Latitude
	Longitude
	Elevation (m)

	Bagalkot
	16.19
	75.69
	581.95

	Badami
	15.91
	75.67
	581.95

	Guledgudda
	16.04
	75.79
	581.95

	Hungund
	16.05
	76.06
	529.96

	Jamakhandi
	16.50
	75.30
	591.06

	Mudhol
	16.34
	75.28
	591.06

	Ilkal
	15.95
	76.11
	529.96

	Rabakavi and Banahatti
	16.47
	75.12
	591.06

	Bilagi
	16.34
	75.63
	578.14





Table.2 Autocorrelation test for different station (Box-Ljung test)
	station
	chi-square
	lag order
	p-value

	Bagalkot
	216.42
	1
	<0.0001

	Badami
	216.91
	1
	<0.0001

	Guledgudda
	215.93
	1
	<0.0001

	Hungund
	221.36
	1
	<0.0001

	Jamakhandi
	219.49
	1
	<0.0001

	Mudhol
	219.19
	1
	<0.0001

	Ilkal
	220.98
	1
	<0.0001

	Rabakavi&Banahatti
	219.44
	1
	<0.0001

	Bilagi
	214.70
	1
	<0.0001





Table.3: Stationarity test for different stations using ADFTest
	Station
	Test statistic value
	Lag order
	P-value

	Bagalkot
	-20.304
	7
	0.01

	Badami
	-20.33
	7
	0.01

	Guledagudda
	-20.27
	7
	0.01

	Hungund
	-19.48
	7
	0.01

	Jamakhandi
	-21.61
	7
	0.01

	Mudhol
	-21.59
	7
	0.01

	Ilkal
	-19.46
	7
	0.01

	Rabakavi&Banahatti
	-21.60
	7
	0.01

	Bilagi
	-21.37
	7
	0.01





Table.4 Stationarity test for different stations using PP test
	Station
	Z- value
	Truncation lag parameter
	p-value

	Bagalkot
	-150.13
	5
	0.01

	Badami
	-150.05
	5
	0.01

	Guledagudda
	-150.20
	5
	0.01

	Hungund
	-152.32
	5
	0.01

	Jamakhandi
	-145.17
	5
	0.01

	Mudhol
	-145.20
	5
	0.01

	Ilkal
	-152.38
	5
	0.01

	Rabakavi&Banahatti
	-145.17
	5
	0.01

	Bilagi
	-149.85
	5
	0.01





Table.5  Log likelihood, AIC, and BIC values of the ARIMA model for various stations
	Station
	Model
	Log-Likelihood
	AIC
	BIC

	Bagalkot
	SARIMA (2,0,2)(2,1,0)12
	-1703.04
	3420.08
	3448.94

	Badami
	SARIMA (2,0,2)(2,1,0) 12
	-1702.85
	3419.70
	3448.55

	Guledagudda
	SARIMA (2,0,2)(2,1,0) 12
	-1703.23
	3420.46
	3449.23

	Hungund
	SARIMA (1,0,1)(2,1,0) 12
	-1715.10
	3440.19
	3460.81

	Jamakhandi
	SARIMA (5,0,0)(2,1,0) 12
	-1693.97
	3403.95
	3436.93

	Mudhol
	SARIMA (5,0,0)(2,1,0) 12
	-1694.14
	3404.27
	3437.25

	Ilkal
	SARIMA (1,0,1)(2,1,0) 12
	-1715.22
	3440.44
	3461.06

	Rabakavi&Banahatti
	SARIMA (5,0,0)(2,1,0) 12
	-1694.00
	3403.99
	3436.97

	Bilagi
	SARIMA (5,0,0)(2,1,0) 12
	-1683.68
	3383.35
	3416.33





Table.6 Maximum likelihood-based parameter estimation of SARIMA for various stations
	Station
	Model
	Parameters
	Estimate
	S.E.

	Bagalkot
	SARIMA (2,0,2)(2,1,0)12
	AR1
	0.114
	0.418

	
	
	AR2
	0.262
	0.189

	
	
	MA1
	0.163
	0.416

	
	
	MA2
	-0.202
	0.128

	
	
	SAR1
	-0.709
	0.045

	
	
	SAR2
	-0.323
	0.047

	Badami
	SARIMA (2,0,2)(2,1,0)12
	AR1
	0.114
	0.418

	
	
	AR2
	0.262
	0.189

	
	
	MA1
	0.163
	0.416

	
	
	MA2
	-0.202
	0.128

	
	
	SAR1
	-0.709
	0.045

	
	
	SAR2
	-0.323
	0.047

	Guledagudda
	SARIMA (2,0,2)(2,1,0) 12
	AR1
	0.114
	0.418

	
	
	AR2
	0.262
	0.189

	
	
	MA1
	0.163
	0.416

	
	
	MA2
	-0.202
	0.128

	
	
	SAR1
	-0.709
	0.045

	
	
	SAR2
	-0.323
	0.047

	Hungund
	SARIMA (1,0,1)(2,1,0) 12
	AR1
	0.457
	0.157

	
	
	MA1
	-0.188
	0.175

	
	
	SAR1
	-0.692
	0.045

	
	
	SAR2
	-0.335
	0.046

	Jamakhandi
	SARIMA (5,0,0)(2,1,0) 12
	AR1
	0.305
	0.047

	
	
	AR2
	0.027
	0.048

	
	
	AR3
	0.093
	0.048

	
	
	AR4
	-0.076
	0.048

	
	
	AR5
	-0.056
	0.047

	
	
	SAR1
	-0.716
	0.045

	
	
	SAR2
	-0.046
	0.046

	Mudhol
	SARIMA (5,0,0)(2,1,0) 12
	AR1
	0.306
	0.047

	
	
	AR2
	0.027
	0.048

	
	
	AR3
	0.093
	0.048

	
	
	AR4
	-0.076
	0.048

	
	
	AR5
	-0.056
	0.047

	
	
	SAR1
	-0.716
	0.045

	
	
	SAR2
	-0.046
	0.046

	Ilkal
	SARIMA (5,0,0)(2,1,0) 12
	AR1
	0.457
	0.157

	
	
	MA1
	-0.187
	0.175

	
	
	SAR1
	-0.692
	0.045

	
	
	SAR2
	-0.335
	0.046

	Rabakavi&Banahatti
	SARIMA (5,0,0)(2,1,0) 12
	AR1
	0.305
	0.047

	
	
	AR2
	0.027
	0.048

	
	
	AR3
	0.093
	0.048

	
	
	AR4
	-0.076
	0.048

	
	
	AR5
	-0.056
	0.047

	
	
	SAR1
	-0.716
	0.045

	
	
	SAR2
	-0.046
	0.046

	Bilagi
	SARIMA (5,0,0)(2,1,0) 12
	AR1
	0.245
	0.046

	
	
	AR2
	0.031
	0.048

	
	
	AR3
	0.092
	0.048

	
	
	AR4
	-0.050
	0.048

	
	
	AR5
	-0.061
	0.047

	
	
	SAR1
	-0.708
	0.045

	
	
	SAR2
	-0.330
	0.046





Table. 7 Autocorrelation check for residuals of seasonal ARIMA model at different stations.
	Station
	chi-Square
	Log order
	P-value

	Bagalkot
	0.0066
	1
	0.0349

	Badami
	0.112
	1
	0.7378

	Guledgudda
	0.0066
	1
	0.935

	Hungund
	0.007
	1
	0.928

	Jamakhandi
	0.0066
	1
	0.935

	Mudhol
	0.0066
	1
	0.935

	Ilkal
	0.007
	1
	0.028

	Rabakavi&Banahatti
	0.0066
	1
	0.935

	Bilagi
	0.009
	1
	0.0225





Table.8 comparison of statistic properties of the observed and predicted data.
	Station
	Actual
	Forecasted
	Decision (t<1.71)
	p-value

	Bagalkot
	157.43
	157.49
	-0.028
	0.9773

	Badami
	157.31
	157.37
	-0.028
	0.9775

	Guledagudda
	157.31
	157.37
	-0.028
	0.9775

	Hungund
	158.84
	158.90
	-0.028
	0.9776

	Jamakhandi
	156.50
	156.54
	-0.019
	0.9843

	Mudhol
	156.63
	156.67
	-0.019
	0.9842

	Ilkal
	158.92
	158.97
	-0.028
	0.9774

	Rabakavi&Banahatti
	156.52
	156.56
	-0.019
	0.9843

	Bilagi
	158.80
	158.85
	-0.020
	0.9833
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Fig.1: Geospatial Representation of Bagalkote District in Karnataka, India
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	Fig. 2: a. Autocorrelation Function (ACF) Plot of Time Series Data and b. partial autocorrelation function of the PET at Bagalkot
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The time series modeling techniques have been shown to 
provide a systematic analytical tool to simulate and 
predict the behavior of unpredictable hydrological systems 
and to measure the predicted accuracy of the forecasts 
(Mishra and Desai, 2005). 



 
 2.5. ARIMA models  
  
Autoregressive (AR) models can be considered in 



conjunction with moving average (MA) models to create a 
specific and effective class of time series models called 
autoregressive integrated moving average (ARMA) 
models. In an ARMA model the present value of the time 
series is explained as a linear aggregate of p lagged values 
and a weighted sum of q former deviations plus a random 
parameter. 



 
An ARIMA models are generally used for a time 



series which are stationary in nature. However these 
models can be used in non stationary data set by 
differencing the series. Box and Jenkins (1976) developed 
a new  forecasting tool, known as the ARIMA 
methodology, that focus on analyzing the stochastic 
characteristics of time series on its own rather than 
constructing single or simultaneous equation models. 



  
ARIMA models allow stating each variable by its 



own lagged values and stochastic error terms. The general 
non-seasonal ARIMA model is AR to order p and MA to 
order q and operates on dth difference of the time series zt; 
thus a model of the ARIMA family is classified by three 
parameters (p, d, q) that can have zero or positive integral 
values (Mishra and Desai, 2005) 



 
The general non-seasonal ARIMA model may be 



written as :  
 
  ∅ ( ) ( ) t



d
Z aBB



t
θ=∇  



                                                   
where, θ (B) are polynomials of order p and q, 



respectively. Non-seasonal AR operator of order p is 
written as :  



 
  ∅ ( ) ( −= 1B ∅1 B ‒ ∅2 −2B ∅𝑝𝑝 )pB  
 
and non-seasonal MA operator of order q is written 



as :      
        
  ∅ ( ) ( −= 1B  θ1 B ‒ θ2 −2B  θq )qB  
 
2.6. 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 : 



 
∅𝑝𝑝  (B) 𝛷𝛷𝑝𝑝 (Bs) ( ) ( ) t



s
Qpt



D
s



d aBBZ ϕθ=∇∇  
 
where, p is the order of non-seasonal auto regression, 



d the number of regular differencing, q the order of non-
seasonal MA, P the order of seasonal auto regression, D 
the number of seasonal differencing, Q the order of 
seasonal MA, s is the length of season, seasonal AR 
parameter of order P, seasonal MA parameter of order Q.  



                        
 2.6.1. Model identification  



 
This step is to identify the possible ARIMA model 



which represents the time series behavior. The series 
behavior was investigated based upon the behavior of 
autocorrelation function (ACF) and partial autocorrelation 
function (PACF) (Mishra and Desai, 2005;  
Hsin-Fu Yeh and Hsin-Li Hsu, 2019). The ACF and 
PACF were used to support in determining the order of 
the model. The information given by ACF and PACF is 
useful in suggesting the type of models that may be 
constructed. The final model was then selected using the 
Akaike information criterion (AIC) and Bayesian 
information criterion (BIC).  



 
These criteria help to rank models (the models with 



the lowest criterion value being the best). The AIC and 
SBC take the mathematical form as shown below. 



  
AIC = -2 log (L) + 2k 
    
SBC = -2 log (L) + k ln(n) 
 
 where, k is number of parameters in the model, L is 



the likelihood function of the ARIMA model; and n is the 
number of observations. 
 
 2.6.2. Parameter estimation 



 
The estimation of model parameters was achieved 



after identification of the appropriate model as an essential  
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