Climate-Driven Forecasting of Brown Planthopper in Rice Fields Using Hybrid Machine Learning and Time Series Models


ABSTRACT
Brown Planthopper (BPH) (Nilaparvata lugens) is a major pest impacting rice production in India, often causing severe yield losses across diverse agro-climatic zones. This study evaluates the predictive capabilities of several statistical and machine learning models using weekly BPH incidence data collected over multiple years from five research stations in Andhra Pradesh (Nellore, Maruteru, Bapatla, Ragolu, and Nandyal). The models tested include the Negative Binomial Integer-Valued Generalized Autoregressive Conditional Heteroskedasticity (NBINGARCH) model in combination with Artificial Neural Networks (ANN), Support Vector Regression (SVR), and Extreme Learning Machines (ELM), as well as their standalone counterparts. Hybrid models, particularly NBINGARCH-SVR and NBINGARCH-ELM, outperformed standalone models based on Mean Squared Error (MSE) and Root Mean Squared Error (RMSE) across different locations and seasons. Some models, however, demonstrated signs of overfitting, as evident in elevated testing errors. Climatic variables—temperature, relative humidity, and rainfall—were found to significantly influence BPH dynamics. While the Box-Pierce test confirmed model adequacy in most cases, residual autocorrelation remained in a few, indicating room for further refinement. These results highlight the potential of hybrid modeling approaches for climate-informed BPH forecasting and offer actionable insights for Integrated Pest Management (IPM). Future work may enhance forecasting accuracy by incorporating additional environmental and agronomic parameters.
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Introduction
Rice (Oryza sativa) is a vital staple crop that sustains more than half of the global population and plays a pivotal role in food security. However, rice cultivation is significantly threatened by various insect pests, among which the brown planthopper (Nilaparvata lugens) Stål (Homoptera: Delphacidae), abbreviated as BPH, is a significant phloem-feeding insect pest of cultivated rice (Oryza sativa L.) and several wild Oryza species. It thrives in temperatures ranging from 25°C to 28°C, completing its life cycle within 23 to 32 days. This cycle includes three distinct stages: egg, nymph, and adult. Following oviposition, eggs hatch in approximately 7 to 11 days, after which the nymphs progress through five instars over a period of 10 to 15 days before maturing into adults. Both nymphs and adults feed by inserting their stylets into the plant’s vascular system to extract phloem sap, often causing severe damage. Additionally, BPH serves as a vector for two major plant viruses: ragged stunt virus and grassy stunt virus. The species is prevalent across South, Southeast, and East Asia, as well as in the South Pacific islands and parts of Australia. In tropical regions, BPH may produce up to 12 generations annually, whereas in temperate climates, it typically completes no more than three generations per year. BPH populations thrive under warm, humid conditions, with peak infestations occurring during the monsoon season (July–October) when temperature ranges between 25°C and 30°C and relative humidity exceeds 80%. Continuous rice cropping, excessive use of nitrogen fertilizers, and improper water management further contribute to BPH outbreaks by creating favorable conditions for rapid population buildup.
Despite its economic significance, forecasting BPH outbreaks remains a major challenge due to the complex and dynamic nature of its population fluctuations. Traditional statistical models, such as multiple regression and time series analysis, have been employed to predict BPH infestations, but these methods often struggle with capturing nonlinear patterns and environmental interactions. More recently, machine learning (ML) models, such as Artificial Neural Networks (ANN) and Support Vector Regression (SVR), have been utilized for agricultural pest forecasting due to their ability to handle complex, high-dimensional datasets. Additionally, Extreme Learning Machine (ELM), a single-hidden-layer feedforward neural network with fast learning capability, has gained popularity in time series forecasting due to its efficiency in handling large datasets and its ability to generalize well. Recognizing the limitations of conventional forecasting approaches, this study integrates statistical and machine learning techniques to enhance the accuracy of BPH population predictions. Specifically, we propose the combination of Integer-Valued Generalized Autoregressive Conditional Heteroskedastic (INGARCH) models with ANN, SVR, and ELM (INGARCH-ANN, INGARCH-SVR, and INGARCH-ELM) to leverage the strengths of both statistical inference and computational intelligence. INGARCH models are particularly well-suited for count time series data, making them ideal for modeling BPH populations, which exhibit autocorrelation and overdispersion. The inclusion of ELM in hybrid forecasting aims to enhance computational efficiency and predictive accuracy compared to conventional ML models.
This research was conducted in major rice-growing locations of Andhra Pradesh, including Bapatla, Nandyal, Nellore, Maruteru, and Ragolu, where BPH infestations are frequently reported. Weekly cumulative BPH population data were collected using light traps, and meteorological parameters such as temperature, rainfall, relative humidity, and wind speed were recorded from nearby automatic weather stations. The study evaluates the forecasting performance of individual models (INGARCH, ANN, SVR, and ELM) and hybrid models (INGARCH-ANN, INGARCH-SVR, and INGARCH-ELM) using error metrics such as Mean Squared Error (MSE) and Root Mean Squared Error (RMSE). By integrating statistical and machine learning-based approaches, this research aims to improve early warning systems for BPH outbreaks, enabling farmers to adopt timely pest management strategies and minimize yield losses. The findings will contribute to sustainable rice production by optimizing pest control measures and reducing the reliance on excessive pesticide applications.
2. Materials and Methods
2.1. Data Collection
A secondary data set on light trap catches of major pests in rice were collected from the Nellore, Maruteru, Bapatla, Ragolu and Nandyal agricultural research stations run under Acharya NG Ranga Agricultural University, Andhra Pradesh. The dataset provides weekly observations from different research stations in Andhra Pradesh, covering multiple years for both Kharif and Rabi seasons. At Nellore (NLR), data is available from 2013 to 2023, with 209 observations in Kharif (SMW 27-45) and 187 observations in Rabi (SMW 46-10). Ragolu (RGL) has data from 2011 to 2023, with 286 observations in both Kharif (SMW 26-47) and Rabi (SMW 48-17). Maruteru (MTU) has the longest record, with Kharif data from 2002 to 2023 (616 observations, SMW 25-52) and Rabi data from 2003 to 2023 (420 observations, SMW 1-20). Bapatla (BPT) has Kharif data from 2011 to 2023 (364 observations, SMW 32-7), while Nandyal (NDL) has Kharif data from 2014 to 2022 (225 observations, SMW 33-5). The Standard Meteorological Weeks (SMW) indicate the time frames within each season when data was collected. Ten-week observations were used as testing/validation sets, while the remaining observations were used as the training data set.
2.2. Statistical Models
The initial phase of statistical modeling involved calculating descriptive statistical measures such as the mean, standard error (SE), skewness, kurtosis, minimum and maximum values, and the coefficient of variation (CV). These parameters are essential for understanding the distribution and variability of the dataset. In addition to numerical summaries, the data were visually represented using time series plots to illustrate trends over time. To explore the relationships between variables, Pearson’s product-moment correlation analysis was employed, providing insights into the degree and direction of linear associations among the variables considered in the study.  Further, to investigate the cause-and-effect relationship between major pest populations and exogenous weather variables, a stepwise multiple regression analysis was employed. The regression equation in terms of matrix notation is expressed as below:					
Y=Xβ+e                                            … (1)
Where Y is the dependent variable representing the pest populations, X is the matrix of independent variables comprising the exogenous weather variables, β is the vector of regression coefficients and e is the residuals term assumed to be normally distributed with e ~N (0, σ2). Descriptive statistics, Correlation analysis and stepwise regression analysis, The time series plots, INGARCH, ANN, ELM, SVR, INGARCH-ANN, INGARCH-SVR, and INGARCH-ELM models were carried out using R software.
2.2.1. Integer-Valued Generalized Autoregressive Conditional Heteroscedastic (INGARCH) Model
The time series following the generalized linear model (GLM) framework was elaborated by Kedem, B. and Fokianos, K. (2002). INGARCH models are a class of GLM  mentioned in Heinen, A. (2003); Ferland, R. et al.(2006), in which the conditional distribution of the dependent variable is assumed to follow popular discrete distributions like Poisson, negative binomial, generalized Poisson, and double Poisson distributions [Zhu, F. (2012)].
Let the count time series be and the time-varying r-dimensional covariate vector be  i.e., .The conditional mean becomes and Ft is historical data. The generalized model form is expressed as follows: 
[bookmark: _Hlk200561006][bookmark: _Hlk200560994]                                     … (2)
Case 1: Consider the situation where g and are equal to identity, i.e., g(x)=
Further, follows (Poisson) INGARCH model with  and if
(a) conditioned on, , . . . , is Poisson distributed
(b) The conditional mean ,  satisfies
                          									                                 … (3)
Assuming further that is Poisson distributed, then we obtain an INGARCH model of order and , abbreviated as INGARCH model. If , the model can be referred to as the INAGARCH (p) model. These models are also known as autoregressive conditional Poisson (ACP) models.
Case 2:
[bookmark: _Hlk200561135]The negative binomial distribution allows for a conditional variance to be larger than the mean which is often referred to as over-dispersion (with over-dispersion parameter) mentioned in Christou, V. and Fokianos, K. (2014). It is assumed that the Poisson distribution is a limiting case of the negative binomial distribution by the assumption:

[bookmark: _Hlk200561102]                                                                   …  (4)
Additional details into the estimation of INGARCH models using conditional likelihood methods, particularly regarding their asymptotic properties, can be found in the works of Heinen, A. (2003); Fokianos, K.(2011). The standard INGARCH model is designed to generate forecasts relying solely on past observations of the forecast variable. It operates under the assumption that future outcomes are influenced by both their own lagged values and, when applicable, by the lagged values of explanatory variables. An enhanced version, known as the INGARCHX model, incorporates exogenous variables explicitly into the framework, providing a more flexible structure for modeling time series data with external influences and this can be observed in Liboschik, T. et al., 2020.
2.2.2. Artificial Neural Network (ANN)
ANN is the most widely used machine learning technique in the last several decades. In the area of time series modeling, the ANN is commonly referred to as the autoregressive neural network as it considers time lags as inputs. The time series framework for ANN can be mathematically modeled using a neural network with implicit functional representation of time. The general expression for the final output  of a multi-layer feed forward autoregressive neural network is expressed as follows:
                                                      … (5)

are the model parameters, also called as the synopsis weights, is the number of input nodes,  is the number of hidden nodes, and  is the activation function. Training part in ANN minimizes the error function between actual and predicted values. The error function of autoregressive ANN is expressed as follows: 

where, N is the total number of error terms. The parameters of the neural network  are changed by an amount of changes in  as   where,  is the learning rate [Rathod, S. and Mishra, G. C. (2018); Zhang, G.P.(2003)]. As in INGARCHX and SVRX models, the exogenous variable will also be used
to model the pest count, and hence becomes ANNX model. 

2.2.3. Support Vector Regression (SVR)
The principal idea involved in SVR is to transform the original input space into high dimensional variable space and then build the regression or time series model in a transformed high dimensional feature space. A vector of data set says    is the input vector, is the scalar output, and N is the size of data set. The general equation SVR can be written as follows:
[bookmark: _Hlk200561296]                                                                                                … (6)
where, W is weight vector, b is bias term, and superscript T denotes the transpose. The coefficients W and b are estimated from data by minimizing the following regularized risk function:
[bookmark: _Hlk200561306]                                                             … (7)
This regularized risk function minimizes both the empirical error and regularized term simultaneously, which helps in avoiding both under and overfitting of the model. In the above Equation, the first term  is called the ‘regularized term’, which measures the flatness of the function. Minimizing  will make a function as flat as possible. The second term  is called the ‘empirical error’, which was estimated by Vapnik insensitive loss function as follows:

where,  is actual value and is an estimate value. The most commonly used kernel function is the radial basis function (RBF) which is given as follows:
[bookmark: _Hlk200561330]                                                                               … (8)
The effectiveness of the Radial Basis Function (RBF) kernel relies on the proper tuning of two key hyperparameters: the regularization parameter 𝐶, which controls the trade-off between model complexity and prediction accuracy, and another parameter related to the kernel width and the Kernel bandwidth parameter, which represents the variance of the RBF kernel function, g. In SVR and ANN also, the exogenous variables are used for both modeling and forecasting purposes as in INGARCHX model.
2.2.4. Extreme Learning Machine
A single layer feed forward network with input nodes, , hidden nodes and  be the target node is shown in Fig.1 that was indicated by S, K. C., Mahendran, S. and Natarajan, S. (2016). 

[image: ]
Figure 1: Single layer feed forward network.
Let (, ) be the weights connecting from input layer to hidden layer and be the weights of the nodes connecting from hidden layer to the output layer. Let “g” be the piecewise continuous activation function. The hidden layer outputs are given as

This equation can be rewritten as . Here H is called the hidden layer output matrix, which can be expressed as follows,

 and 
2.2.5. INGARCH-ANN Hybrid Model
The hybrid model combines INGARCH and ANN, where INGARCH captures linear temporal dependencies while ANN captures nonlinear relationships.
Hybrid Model Formula:
​                                                                                      … (9)
Where,  is the INGARCH-predicted mean,  is the ANN-predicted value, ​ and​ are weighting parameters, ​​ is the error term.
This model leverages the strengths of both INGARCH and ANN to improve predictive performance for count time series data
2.2.6. INGARCH-SVR Hybrid Model
The INGARCH-SVR hybrid model combines INGARCH for linear dependencies and SVR for capturing complex nonlinear patterns.
Hybrid Model Formula:
​                                                                                       … (10)
Where,  is the prediction from the INGARCH model,  is the prediction from the SVR model, ​ and​ are weight coefficients, ​​ is the error term.
2.2.7. INGARCH-ELM Hybrid Model
The hybrid model combines INGARCH to capture linear temporal dependencies and ELM to learn complex nonlinear patterns.
Hybrid Model Formula:
​                                                                                    … (11)
Where, is the prediction from the INGARCH model,  is the prediction from the ELM model, ​ andare weighting parameters, ​ is the error term.
2.3. Comparison Criteria
Mean Square Error (MSE) and Root Mean Square Error (RMSE) were used as comparison criteria for the model performance. The Mean Square Error (MSE) is the average of the sum of squared error values and given as:
[bookmark: _Hlk200561593]                                                                                   … (12)
RMSE is also known as standard error of estimate in regression analysis, and is given as:
[bookmark: _Hlk200561603]                                                                             … (13)
where, is the actual value,  is the predicted value, and  is the number of observations.
2.4 Test for Autocorrelation and Nonlinearity 
2.4.1 Box-Pierce Test for Autocorrelation
The Box-Pierce test is a diagnostic tool used to examine whether the residuals from a time series model are independently distributed. It specifically tests the null hypothesis that there is no autocorrelation (i.e., the residuals are white noise) up to a specified number of lags. 
The Box-Pierce test statistic is defined as
                                                                                                                 …(14)
Where:
· χ2 is the Box-Pierce statistic
· n is the sample size (number of residuals)
· m is the number of lags up to which autocorrelation is tested
· ​ is the sample autocorrelation at lag k
The Box-Pierce test essentially accumulates the squared sample autocorrelations up to lag m, scaled by the sample size n, to detect any significant autocorrelation in the residuals.
2.4.2 BDS (Brock-Dechert-Scheinman) test for non-linearity 
The BDS test is a non-parametric test of the null hypothesis that the data is independently and identically distributed (iid) against an unspecified alternative. The test enables one to test for nonlinear dependence because it is not affected by linear dependencies in the data.
3. Results and Discussion
3.1 Summary statistics
The summary statistics of Brown Planthopper (BPH) count data across different locations and seasons reveal substantial variations in population density. The mean BPH count is highest in Maruteru (Rabi) at 4,454.3, followed by Maruteru (Kharif) at 2,228.6, indicating that this location experiences severe infestations, particularly in the Rabi season. Nellore (Kharif), Bapatla (Kharif), and Ragolu (Kharif) also show moderate mean BPH counts, whereas the lowest mean count is observed in Ragolu (Rabi) at 78.3. The median values are significantly lower than the means in most cases, suggesting the presence of extreme values. This is further supported by high standard deviations, indicating substantial variability in BPH counts. The coefficient of variation (CV%) is exceptionally high, exceeding 200% in most cases, which underscores the inconsistency in infestation levels. Maruteru (Rabi) exhibits the highest dispersion (SD = 9,455.1), highlighting extreme BPH outbreaks. The data exhibit strong positive skewness across all locations and seasons, with the highest skewness in Ragolu(Kharif) (6.54) and Nellore (Rabi) (5.5). This suggests that the distribution is heavily right-skewed, meaning that most observations are low but a few extreme values inflate the mean. High kurtosis values, particularly in Ragolu (Kharif) (66.6) and Nellore (Rabi) (43.4), indicate that these distributions have heavy tails, with occasional extreme BPH outbreaks. The presence of zero as the minimum value in all cases indicates that in some observations, no BPH was recorded. The first and third quartiles further highlight the uneven distribution, with the upper quartiles showing large values in high-infested regions like Maruteru and Nellore, while locations like Nandyal and Ragolu (Rabi) have much lower upper quartiles. Overall, these statistics suggest that BPH populations are highly variable and location-dependent. Maruteru (Rabi) is the most affected, while Ragolu (Rabi) experiences the least infestation. The extreme values and high variability indicate that BPH outbreaks are sporadic but can be severe, necessitating region-specific pest management strategies.
Table 1. The descriptive statistics of the BPH data in five locations based during kharif and rabi
	Summary Statistics of BPH count data 

	Location
	Nellore
	Maruteru
	Bapatla
	Ragolu
	Nandyal

	Season
	Kharif
	Rabi
	Kharif
	Rabi
	Kharif
	Kharif
	Rabi
	Kharif

	Mean
	451.6
	247.7
	2228.6
	4454.3
	546.2
	261.7
	78.3
	106.3

	Median
	215
	82
	488
	706
	154
	91.5
	33
	52

	Mode
	0
	0
	0
	2400
	19
	0
	0
	0

	SD
	690.0
	596.0
	4059.2
	9455.1
	1233.9
	549.0
	169.8
	154.6

	Skewness
	2.883
	5.580
	3.226
	3.783
	4.685
	6.539
	5.055
	2.820

	Kurtosis
	12.06
	43.41
	15.58
	20.35
	27.65
	66.61
	35.06
	12.09

	Minimum
	0
	0
	0
	0
	0
	0
	0
	0

	1st Q
	85
	15
	129.7
	158.2
	41
	19.2
	0
	19

	3rd Q 
	460
	159.5
	2463.7
	3976.5
	527.2
	258.5
	80
	116

	Maximum
	4000
	5700
	28820
	77725
	9540
	6600
	1600
	986

	CV%
	152.7
	240.5
	182.1
	212.2
	225.9
	209.7
	216.7
	145.3



The below figure 2 shows the year-wise time series plots of the BPH population in five locations during two seasons i.e kharif and rabi except for Bapatla and Nandyal it shows only the kharif season.
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Figure 2: Time series plots of BPH Population in five locations.


3.2 Correlation Analysis

Table 2. Pearson correlation coefficients between BPH populations and considered climatological variables.
	Location
	Season
	
	BPH
	TMAX
	TMIN
	RF
	RHM
	RHE

	BAPATLA
	Kharif
	TMAX
	0.034 
	
	
	
	
	

	
	
	TMIN
	-0.037 
	-0.139*
	
	
	
	

	
	
	RF
	0.126*
	0.072 
	0.307* 
	
	
	

	
	
	RHM
	0.111*
	-0.311*
	-0.134*
	0.076 
	
	

	
	
	RHE
	0.236*
	0.005 
	0.267*
	0.307*
	-0.067
	

	
	
	SSH
	0.038 
	-0.038 
	-0.205*
	-0.073 
	-0.031 
	-0.088 

	NANDYAL
	Kharif
	TMAX
	0.108 
	
	
	
	
	

	
	
	TMIN
	-0.046 
	0.410*
	
	
	
	

	
	
	RF
	-0.129 
	-0.123 
	0.317*
	
	
	

	
	
	RHM
	-0.132*
	-0.445*
	-0.177* 
	0.157* 
	
	

	
	
	RHE
	-0.162*
	-0.326*
	0.528* 
	0.364* 
	0.311*
	

	
	
	SSH
	0.331*
	0.263* 
	-0.275* 
	-0.381* 
	-0.204* 
	-0.322*

	NELLORE
	Kharif
	TMAX
	-0.099
	
	
	
	
	

	
	
	TMIN
	-0.097 
	0.635*
	
	
	
	

	
	
	RF
	-0.020 
	0.033 
	0.211*
	
	
	

	
	
	RHM
	0.141*
	-0.503* 
	-0.392* 
	-0.524* 
	
	

	
	
	RHE
	0.100
	-0.456* 
	-0.191* 
	0.507* 
	0.162*
	

	
	
	SSH
	-0.062* 
	0.344* 
	0.061* 
	0.020* 
	-0.164* 
	-0.147*

	
	Rabi
	TMAX
	-0.079*
	
	
	
	
	

	
	
	TMIN
	-0.023 
	0.205*
	
	
	
	

	
	
	RF
	-0.007 
	-0.183* 
	-0.011 
	
	
	

	
	
	RHM
	0.040 
	-0.435* 
	-0.226* 
	0.200*
	
	

	
	
	RHE
	0.068 
	-0.555* 
	-0.472* 
	0.419* 
	0.535* 
	

	
	
	SSH
	-0.059 
	0.193* 
	-0.161* 
	-0.349* 
	-0.019 
	-0.302* 

	MARUTERU
	Kharif
	TMAX
	-0.120*
	
	
	
	
	

	
	
	TMIN
	-0.075 
	0.527*
	
	
	
	

	
	
	RF
	-0.051
	-0.124*
	0.143*
	
	
	

	
	
	RHM
	0.129* 
	-0.334* 
	-0.196* 
	0.203* 
	
	

	
	
	RHE
	0.046 
	-0.370* 
	0.150* 
	0.233* 
	0.401* 
	

	
	
	SSH
	0.102* 
	0.212* 
	-0.242* 
	-0.342* 
	-0.147 *
	-0.357* 

	
	Rabi
	TMAX
	0.209* 
	
	
	
	
	

	
	
	TMIN
	0.204* 
	0.81* 
	
	
	
	

	
	
	RF
	0.107 
	0.111* 
	0.162*
	
	
	

	
	
	RHM
	0.043 
	-0.138* 
	-0.215*
	-0.026
	
	

	
	
	RHE
	0.038 
	-0.358*
	-0.156*
	0.046
	0.152*
	

	
	
	SSH
	0.144* 
	0.261* 
	0.131*
	-0.147* 
	0.021* 
	-0.130* 

	RAGOLU
	Kharif
	TMAX
	-0.048*
	
	
	
	
	

	
	
	TMIN
	-0.088 
	0.140*
	
	
	
	

	
	
	RF
	-0.127* 
	-0.337* 
	0.018* 
	
	
	

	
	
	RHM
	-0.074 
	0.069 
	-0.010 
	-0.080 
	
	

	
	
	RHE
	-0.218* 
	-0.173* 
	0.180* 
	0.355* 
	-0.120*
	

	
	
	SSH
	0.131* 
	0.122* 
	-0.153*
	-0.138*
	-0.134* 
	-0.219* 

	
	Rabi
	TMAX
	-0.056*
	
	
	
	
	

	
	
	TMIN
	-0.048 
	0.911* 
	
	
	
	

	
	
	RF
	-0.023* 
	0.151* 
	0.026* 
	
	
	

	
	
	RHM
	-0.083 
	0.836* 
	0.917* 
	-0.008 
	
	

	
	
	RHE
	-0.043 
	0.892* 
	0.952* 
	0.172* 
	0.915* 
	

	
	
	SSH
	-0.050 
	-0.040 
	0.055 
	-0.334* 
	0.072 
	-0.018 


*Significance at 5% level 
Further correlation analysis were carried out. The Table 2 shows the correlation coefficients between meteorological parameters and Brown Planthopper (BPH) incidence across different locations and seasons revealed significant associations. In Bapatla (Kharif season), rainfall (RF), relative humidity at morning (RHM), and relative humidity at evening (RHE) were positively correlated with BPH incidence, while maximum temperature (TMAX), minimum temperature (TMIN), and sunshine hours (SSH) showed no significant impact. Similarly, in Nandyal (Kharif season), (SSH), RHM, and RHE exhibited significant correlations with BPH incidence. In Nellore (Kharif season), a positive significant correlation was observed between RHM and BPH. However, during the Rabi season, BPH incidence was not significantly influenced by any of the weather parameters. In Maruteru (Kharif season), TMAX showed a significant negative correlation with BPH, while  RHM and SSH were significant positive factors. The Rabi season exhibited a stronger influence of TMAX, TMIN, RF, and SSH on BPH, with mixed impacts from relative humidity. In Ragolu (Kharif season)  RF, RHE, and SSH were significantly correlated with BPH, but no clear trend was observed for RHM and TMAX. In the Rabi season, none of the weather parameters showed significant correlation with BPH incidence. These findings indicate that temperature, relative humidity, and rainfall play a crucial role in influencing BPH incidence, with variations across seasons and locations. The significant positive correlations of RHE with BPH in multiple locations highlight the potential role of high evening humidity in BPH proliferation. Conversely, SSH exhibited both positive and negative correlations depending on the location, suggesting that its effect on BPH is complex and possibly influenced by other environmental factors.
3.3 Step wise regression analysis
The results of the stepwise regression analysis were depicted in Tables 3(a) and 3(c).
Table 3(a). Stepwise Regression results of Bapatla and Nandyal during kharif
	BPT-kharif
Model
	Predictor
	Unstandardized Coefficients (B)
	Std. Error
	Standardized Coefficients (Beta)
	t
	Sig.

	1
	(Constant)
	-1875.097
	526.842
	 
	-3.559
	0.000

	
	RHE
	33.53
	7.243
	0.236
	4.629
	0.000

	2
	(Constant)
	-3935.685
	975.34
	 
	-4.035
	0.000

	
	RHE
	34.748
	7.208
	0.245
	4.821
	0.000

	
	RHM
	23.795
	9.506
	0.127
	2.503
	0.013

	NDL-kharif
Model
	
	
	
	
	
	

	1
	(Constant)
	-50.341
	31.486
	 
	-1.599
	0.111

	
	SSH
	26.09
	4.983
	0.331
	5.235
	0.000



In Table 3(a) the stepwise regression analysis for BPT_BPH and NDYL_BPH identifies the most significant predictors influencing BPH. For BPT_BPH, the model progresses in two steps. Initially, RHE is included as a significant predictor (β=0.236, p<0.001), showing a moderate positive effect on BPH. In the second step, RHM is added, slightly increasing the explanatory power of the model, In which RHE with a higher standardized coefficient (β=0.245, p<0.001), indicating that RHE has a slightly stronger influence than RHM(β=0.127, p=0.013). The stepwise process ensures that only significant variables remain, refining the model for better interpretability. In contrast, for NDYL_BPH, only SSH is identified as a significant predictor (β=0.331, p<0.001), with no additional variables contributing significantly. The constant term in this model is non-significant (p=0.111), suggesting that SSH alone explains a considerable portion of the variance in BPH. Overall, the stepwise regression method effectively selects the most relevant predictors, ensuring an optimal balance between model simplicity and explanatory power.
Table 3(b): Stepwise Regression results of Maruteru during Kharif and Rabi
	MTU-kharif Model
	Predictor
	Unstandardized Coefficients (B)
	Std. Error
	Standardized Coefficients (Beta)
	t
	Sig.

	1
	(Constant)
	-8148.78
	3220.36
	 
	-2.53
	0.012

	
	RHM
	119.15
	36.93
	0.129
	3.227
	0.001

	2
	(Constant)
	-10833.52
	3314.33
	 
	-3.269
	0.001

	
	RHM
	135.97
	37.08
	0.147
	3.667
	0.001

	
	SSH
	249.92
	80.05
	0.124
	3.087
	0.002

	3
	(Constant)
	-2172.10
	4656.33
	 
	-0.466
	0.641

	
	RHM
	103.94
	38.85
	0.113
	2.675
	0.008

	
	SSH
	287.52
	81.84
	0.143
	3.514
	0.000

	
	TMAX
	-199.26
	75.61
	-0.112
	-2.635
	0.009

	MTU-rabi
Model
	
	
	
	
	
	

	1
	(Constant)
	-16605.67
	4839.71
	 
	-3.431
	0.001

	
	TMAX
	672.89
	153.96
	0.209
	4.371
	0.000

	2
	(Constant)
	-27561.91
	6452.51
	 
	-4.271
	0.000

	
	TMAX
	822.36
	163.84
	0.255
	5.019
	0.000

	
	RHE
	102.12
	40.26
	0.13
	2.536
	0.012

	3
	(Constant)
	-30840.82
	6621.29
	 
	-4.658
	0.000

	
	TMAX
	742.38
	167.75
	0.231
	4.426
	0.000

	
	RHE
	105.49
	39.98
	0.134
	2.638
	0.009

	
	SSH
	731.84
	354.92
	0.101
	2.062
	0.040



In Table 3(b), the stepwise regression analysis for MTU_K_BPH and MTU_R_BPH identifies the most significant predictors influencing BPH in each case. For MTU_K_BPH, the model evolves in three steps. Initially, RHM is included as the most significant predictor (β=0.129, p=0.001), showing a strong positive effect on BPH. In the second step, SSH is introduced (β=0.124, p=0.002), further improving the model’s explanatory power. In the third step, TMAX is added, but with a negative effect (β=−0.112, p=0.009), suggesting that an increase in maximum temperature might reduce BPH levels. In contrast, for MTU_R_BPH, TMAX is the first predictor included, with a significant positive influence on BPH (β=0.209, p=0.000). In the second step, RHE is introduced, slightly increasing the model’s explanatory power (β=0.130, p=0.011). Finally, SSH is added as the third predictor, also positively influencing BPH (β=0.101, p=0.040). The presence of TMAX in both models indicates its importance in affecting BPH, though its influence differs between the two varieties. The stepwise regression effectively selects the most relevant predictors, ensuring an optimal balance between simplicity and predictive accuracy.
Table 3(c) : Stepwise Regression results of Nellore and Ragolu during Kharif 
	NLR-kharif
Model
	Predictor
	Unstandardized Coefficients (B)
	Std. Error
	Standardized Coefficients (Beta)
	t
	Sig.

	1
	(Constant)
	18.04
	216.67
	 
	0.083
	0.934

	
	RHM
	5.85
	2.85
	0.141
	2.051
	0.042

	RGL- kharif
Model
	
	
	
	
	
	

	1
 
	(Constant)
	961.23
	188.73
	 
	5.093
	0.000

	
	RHE
	-9.53
	2.53
	-0.218
	-3.760
	0.000



In  Table 3(c), the stepwise regression analysis for NLR_K_BPH, NLR_R_BPH, RGL_K_BPH, and RGL_R_BPH provides insights into the significance of different predictors for BPH. For NLR_K_BPH, the model includes RHM as the only significant predictor (β=0.141, p=0.042), indicating a moderate positive effect on BPH, while the constant is non-significant (p=0.934), suggesting that other potential predictors did not meet the selection criteria. In contrast, for NLR_R_BPH, no variables were entered into the equation, meaning that none of the predictors had a statistically significant impact on BPH based on the stepwise selection process. Similarly, for RGL_K_BPH, RHE is the only significant predictor, but with a negative impact on BPH (β=−0.218, p=0.000), implying that an increase in RHE may reduce BPH levels. The constant is significant (p=0.000), indicating that some baseline variation in BPH exists independent of RHE. For RGL_R_BPH, no variables were entered into the equation, suggesting that none of the tested predictors significantly influenced BPH in this case. Overall, the stepwise regression effectively identifies relevant predictors while excluding non-significant variables, ensuring an optimized model for each dataset. In the same manner, P Minruhi et al. (2023) studied that the weather parameter influences the best at a higher extent and needs to be known before the prediction of pests as per the weather parameters. To effectively manage the pest populations in fields, it is essential to develop accurate predictive models that can assist farmers in implementing targeted pest control strategies. 
3.4 INGARCHX model using Negative Binomial distribution 
The INGARCHX model is like a multivariate regression model but allows one to take advantage of autocorrelation that may be present in residuals of the regression to improve the accuracy of a forecast. INGARCHX based on Negative Binomial distribution is performed for all major pests in both the seasons in five locations of Andhra Pradesh and results are summarized in table.4.
Table 4. Parameter estimation of the INGARCHX model for BPH populations at study locations
	Location
	Season
	Parameter
	Estimate
	S.E.
	Z-value
	P-value
	Box pierce test of residuals

	BAPATLA
	Kharif
	(Intercept)
	1.10E+02
	4.02E+02
	0.2733
	0.78459
	Chi-squared = 154.4, df = 1,p-value < 2.2e-16

	
	
	beta_3
	8.15E-01
	1.50E-01
	5.42
	5.959e-08 ***
	

	
	
	alpha_3
	5.38E-12
	4.44E-02
	0
	1
	

	
	
	TMAX
	1.56E-07
	4.22E+00
	0
	1
	

	
	
	TMIN
	8.92E-07
	4.25E+00
	0
	1
	

	
	
	RF
	1.15E+00
	7.00E-01
	1.6484
	0.09927
	

	
	
	RHM
	2.34E-08
	3.21E+00
	0
	1
	

	
	
	RHE
	1.51E-01
	2.23E+00
	0.0678
	0.94596
	

	
	
	SSH
	1.60E-06
	8.56E+00
	0
	1
	

	
	
	sigmasq
	9.61E-01
	 
	 
	 
	

	NANDYAL
	Kharif
	(Intercept)
	3.27E-07
	2.20E+02
	0
	1
	Chi-squared =90.786, df = 1, p-value < 2.2e-16

	
	
	beta_3
	5.63E-01
	1.56E-01
	3.6177
	0.0002973 ***
	

	
	
	alpha_3
	1.64E-03
	1.14E-01
	0.0143
	0.9885538
	

	
	
	TMAX
	1.74E-06
	5.93E+00
	0
	0.9999998
	

	
	
	TMIN
	4.07E-03
	3.79E+00
	0.0011
	0.9991421
	

	
	
	RF
	8.58E-02
	1.49E-01
	0.5765
	0.5642547
	

	
	
	RHM
	1.31E-07
	1.64E+00
	0
	0.9999999
	

	
	
	RHE
	5.53E-07
	1.01E+00
	0
	0.9999996
	

	
	
	SSH
	8.56E+00
	3.30E+00
	2.5915
	0.0095550 **
	

	
	
	sigmasq
	1.20E+00
	 
	 
	 
	

	NELLORE
	Kharif
	(Intercept)
	1.84E+02
	1.26E+03
	0.1467
	0.88337
	Chi-squared =20.558, df = 1,p-value =5.784e-06 

	
	
	beta_4
	2.17E-01
	1.24E-01
	1.7445
	0.08106
	

	
	
	alpha_4
	2.41E-04
	3.09E-01
	0.0008
	0.99938
	

	
	
	TMAX
	5.88E-08
	3.55E+01
	0
	1
	

	
	
	TMIN
	6.84E-13
	3.34E+01
	0
	1
	

	
	
	RF
	1.34E-01
	1.07E+00
	0.1253
	0.90031
	

	
	
	RHM
	1.63E+00
	4.53E+00
	0.3594
	0.71933
	

	
	
	RHE
	7.93E-01
	5.88E+00
	0.1349
	0.89267
	

	
	
	SSH
	2.26E-03
	2.28E+01
	0.0001
	0.99992
	

	
	
	sigmasq
	2.25E+00
	 
	 
	 
	

	
	Rabi
	(Intercept)
	2.28E+02
	1.35E+04
	0.0169
	0.9866
	Chi-squared =61.147,df = 1,p-value =5.329e-15

	
	
	beta_1
	1.64E-03
	9.65E-02
	0.017
	0.9864
	

	
	
	alpha_1
	2.97E-05
	5.85E+01
	0
	1
	

	
	
	TMAX
	4.69E-09
	2.20E+01
	0
	1
	

	
	
	TMIN
	7.62E-10
	3.33E+00
	0
	1
	

	
	
	RF
	2.19E-08
	9.35E-01
	0
	1
	

	
	
	RHM
	2.86E-11
	8.06E+00
	0
	1
	

	
	
	RHE
	1.23E-08
	7.11E+00
	0
	1
	

	
	
	SSH
	7.87E-07
	1.80E+01
	0
	1
	

	
	
	sigmasq
	6.81E+00
	 
	 
	 
	

	MARUTERU
	Kharif
	(Intercept)
	2.24E+03
	4.00E+04
	0.0561
	0.9553
	Chi-squared = 276.9,    df = 1,p-value < 2.2e-16

	
	
	beta_2
	2.93E-03
	4.83E-02
	0.0606
	0.9517
	

	
	
	alpha_2
	4.27E-13
	1.73E+01
	0
	1
	

	
	
	TMAX
	1.72E-09
	1.07E+02
	0
	1
	

	
	
	TMIN
	2.00E-09
	8.35E+01
	0
	1
	

	
	
	RF
	9.20E-07
	3.86E+00
	0
	1
	

	
	
	RHM
	2.88E-08
	4.38E+01
	0
	1
	

	
	
	RHE
	7.35E-09
	2.20E+01
	0
	1
	

	
	
	SSH
	1.17E-07
	9.91E+01
	0
	1
	

	
	
	sigmasq
	3.30E+00
	 
	 
	 
	

	
	Rabi
	(Intercept)
	4.56E+03
	1.06E+04
	0.4279
	0.66876
	Chi -squared =246.51,df = 1,p-value < 2.2e-16

	
	
	beta_4
	2.53E-01
	1.19E-01
	2.1329
	0.03294 *
	

	
	
	alpha_4
	1.04E-10
	2.70E-01
	0
	1
	

	
	
	TMAX
	5.17E-07
	2.91E+02
	0
	1
	

	
	
	TMIN
	1.71E-04
	2.60E+02
	0
	1
	

	
	
	RF
	1.53E-04
	3.63E+01
	0
	1
	

	
	
	RHM
	2.26E-07
	8.75E+01
	0
	1
	

	
	
	RHE
	5.68E-07
	3.91E+01
	0
	1
	

	
	
	SSH
	2.23E-05
	3.51E+02
	0
	1
	

	
	
	sigmasq
	2.59E+00
	 
	 
	 
	

	RAGOLU
	Kharif
	(Intercept)
	5.83E+01
	2.30E+02
	0.2541
	0.79945
	Chi -squared =3.5021,df = 1, p-value = 0.06129

	
	
	beta_1
	2.49E-01
	1.43E-01
	1.7435
	0.08125
	

	
	
	alpha_1
	3.65E-01
	2.67E-01
	1.363
	0.17289
	

	
	
	TMAX
	6.31E-06
	6.84E+00
	0
	1
	

	
	
	TMIN
	1.52E-07
	4.34E+00
	0
	1
	

	
	
	RF
	2.37E-06
	3.13E-01
	0
	0.99999
	

	
	
	RHM
	1.90E-08
	5.37E-01
	0
	1
	

	
	
	RHE
	1.86E-07
	1.41E+00
	0
	1
	

	
	
	SSH
	3.81E+00
	6.58E+00
	0.5784
	0.56301
	

	
	
	sigmasq
	3.04E+00
	 
	 
	 
	

	
	Rabi
	(Intercept)
	3.00E+01
	5.30E+01
	0.5657
	0.5716
	Chi -squared =20.533, df = 1,p-value = 5.86e-06

	
	
	beta_1
	4.89E-01
	3.16E-01
	1.546
	0.1221
	

	
	
	alpha_1
	5.56E-02
	2.64E-01
	0.2104
	0.8333
	

	
	
	TMAX
	6.14E-05
	8.16E-01
	0.0001
	0.9999
	

	
	
	TMIN
	9.57E-03
	1.81E+00
	0.0053
	0.9958
	

	
	
	RF
	4.64E-05
	7.65E-01
	0.0001
	1
	

	
	
	RHM
	2.20E-10
	2.71E-01
	0
	1
	

	
	
	RHE
	9.24E-08
	7.05E-01
	0
	1
	

	
	
	SSH
	3.67E-01
	6.74E+00
	0.0545
	0.9565
	

	
	
	sigmasq
	6.75E+00
	 
	 
	 
	



In Table 4, the results of the INGARCH model for different locations and seasons provide insights into the autoregressive nature of the dependent variable and its relationship with meteorological factors. Across all locations and seasons, most meteorological variables, including maximum temperature (TMAX), minimum temperature (TMIN), rainfall (RF), morning relative humidity (RHM), evening relative humidity (RHE), and sunshine hours (SSH), exhibited high p-values close to 1.000, indicating their lack of statistical significance in explaining the variations in the dependent variable. However, certain autoregressive parameters (β) were found to be statistically significant, highlighting the importance of past values in predicting the current observations. For instance, in Bapatla during the Kharif season, β₃ was estimated at 0.8153 with a p-value less than 0.001, while in Nandyal during Kharif, β₃ was 0.5630 with a p-value of 0.0003, indicating strong autoregressive effects in these locations. Similarly, in Maruteru during the Rabi season, β₄ was found to be significant (p = 0.0329), suggesting season-dependent variations in the time series. The Box-Pierce test was conducted to assess the adequacy of the model residuals for each season and location. The results indicated significant autocorrelation in most cases, with p-values below 2.2e-16 for Bapatla, Nandyal, and Maruteru, implying that the residuals exhibit dependency structures not fully captured by the model. This suggests potential room for improvement in the model specification, possibly by incorporating higher-order autoregressive components or alternative modeling approaches. However, in Ragolu during the Kharif season, the Box-Pierce test result (p = 0.06129) indicated that the residuals were not significantly autocorrelated, suggesting a relatively better model fit in that instance. 
These findings highlight the critical role of autoregressive effects in explaining variations in the dependent variable, while meteorological variables appear to have limited direct influence. The presence of significant residual autocorrelation suggests that additional refinements, such as incorporating more complex dependency structures or alternative time series models, may be necessary to improve the predictive accuracy of the INGARCH model. Additionally, seasonal variations in parameter significance indicate that different models may be required for different cropping seasons to better capture the underlying patterns in the data. 
3.4 Machine Learning Models and Two stage modelling (Hybrid models) 
Further, machine learning models like Artificial neural network (ANN), Support vector regression (SVR) and Extreme learning machine (ELM) for forecasting major pests in rice were considered to compare the performance of the forecasting models. In this study, in addition to INGARCH, ANN, SVR and ELM models and the two-stage models like INGARCH-ANN, INGARCH-SVR and INGARCH-ELM were developed to forecast pest populations. The two-stage methodology combines both significant original count time series linear and nonlinear significant residuals components to provide an aggregate forecast. As explained in the methodology section, the first step was to test the autocorrelation in the residuals by Box-Pierce test along with confirmation of non-linearity by BDS test. The Box-Pierce tests revealed that residuals obtained by INGRACH models are autocorrelated and are nonlinear also as confirmed by the BDS test. As the residuals were nonlinear, they are predicted using nonlinear and machine-learning models like ANN, SVR and ELM. The ANN, SVR and ELM were used for forecasting INGARCH residuals in this study separately. The residuals predicted these models were combined with the predicted values obtained from INGARCH models separately and the residual analysis of the all models was summarized in table.5. 

Table 5. Comparison criteria for different models for BPH populations in training and testing data sets
	Location
	Season
	Models
	Train
	Test
	Box-Pierce test for  autocorrelation on residuals

	
	
	
	MSE
	RMSE
	MSE
	RMSE
	

	BAPATLA
	Kharif
	INGARCH
	803089
	896.1
	47048.6
	216.9
	p-value < 2.2e-16


	
	
	ANN
	75899.9
	275.4
	8939
	94.5
	p-value = 0.9182


	
	
	SVR
	2039.8
	45.1
	9537773
	3088.3
	p-value = 0.5964


	
	
	ELM
	1328136
	1152.4
	221128
	470.2
	p-value < 2.2e-16


	
	
	INGARCH-ANN
	62279.9
	249.5
	29556.5
	171.9
	p-value = 0.2635


	
	
	INGARCH-SVR
	101
	10
	68.5
	8.2
	p-value = 0.7586


	
	
	INGARCH ELM
	44957.2
	212
	106.1
	10.3
	p-value = 1.318e-06



	NANDYAL
	Kharif
	INGARCH
	16900.9
	130
	5218.1
	72.2
	p-value < 2.2e-16


	
	
	ANN
	3291.5
	57.3
	2315.6
	48.1
	p-value = 0.5766


	
	
	SVR
	628.8
	25
	44770
	211.5
	 p-value < 2.2e-16



	
	
	ELM
	20572.7
	143.4
	11304.2
	106.3
	p-value < 2.2e-16


	
	
	INGARCH-ANN
	3108.7
	55.7
	7640.4
	87.4
	p-value = 0.4956


	
	
	INGARCH-SVR
	1.5
	1.2
	0.92
	0.96
	p-value = 0.7233


	
	
	INGARCH ELM
	1.3
	1.1
	38.4
	6.2
	p-value = 9.796e-05


	MARUTERU
	Kharif
	INGARCH
	16626709
	4077.5
	2845905
	1686.9
	p-value < 2.2e-16


	
	
	ANN
	3956299
	1989
	15107217
	3886.8
	p-value = 0.7292

	
	
	SVR
	29862.5
	172.8
	13376426
	3657.3
	p-value < 2.2e-16


	
	
	ELM
	15520045
	3939.5
	4422319
	2102.9
	 p-value < 2.2e-16


	
	
	INGARCH-ANN
	8032242
	2834.1
	40751775
	6383.7
	p-value = 0.6972


	
	
	INGARCH-SVR
	1389.2
	37.2
	441.1
	21
	p-value = 8.394e-09


	
	
	INGARCH ELM
	3676936
	1917.5
	293773.4
	542
	p-value = 5.404e-05


	
	Rabi
	INGARCH
	84253088
	9178.9
	25717633
	5071.2
	p-value < 2.2e-16


	
	
	ANN
	353940
	594.9
	2741582
	1655.7
	p-value = 1.293e-06


	
	
	SVR
	1791970
	1338.6
	5.43E+08
	23305.9
	p-value = 0.9129

	
	
	ELM
	85558967
	9249.8
	14885498
	3858.1
	p-value < 2.2e-16


	
	
	INGARCH-ANN
	3476249
	1864.4
	34170001
	5845.5
	p-value = 0.8261

	
	
	INGARCH-SVR
	12785.9
	113
	3699.5
	60.8
	p-value = 0.2578


	
	
	INGARCH ELM
	29011166
	5386.2
	340885
	583.8
	p-value < 2.2e-16


	NELLORE
	Kharif
	INGARCH
	477829.4
	691.2
	7081.1
	84.1
	 p-value = 5.784e-06


	
	
	ANN
	84344.3
	290.4
	68732.7
	262.1
	 p-value = 5.784e-06


	
	
	SVR
	1369.5
	37
	1339062
	1157.1
	p-value = 0.4234


	
	
	ELM
	449300.5
	670.2
	132620
	364.1
	p-value = 6.108e-05


	
	
	INGARCH-ANN
	403607.9
	635.3
	29450
	171.6
	p-value = 0.7773


	
	
	INGARCH-SVR
	52.6
	7.2
	7.9
	2.8
	p-value = 0.2236


	
	
	INGARCH ELM
	1219
	34.9
	151.3
	12.3
	p-value = 0.9704


	
	Rabi
	INGARCH
	345581.4
	587.8
	486079.8
	697.1
	p-value = 5.329e-15


	
	
	ANN
	271206.5
	520.7
	639374
	799.6
	p-value = 0.03075



	
	
	SVR
	422.8
	20.5
	1072383
	1035.5
	p-value = 0.818


	
	
	ELM
	311325.9
	557.9
	542342.1
	736.4
	p-value = 1.236e-12



	
	
	INGARCH-ANN
	189039.4
	434.7
	562630.1
	750
	p-value = 0.9736


	
	
	INGARCH-SVR
	25.7
	5
	17
	4.1
	p-value = 1.471e-13


	
	
	INGARCH ELM
	6615.7
	81.3
	4396.8
	66.3
	p-value = 0.01145



	RAGOLU
	Kharif
	INGARCH
	257605.6
	507.5
	67536.4
	259.8
	p-value = 0.06129

	
	
	ANN
	36664.2
	191.4
	201456.8
	448.8
	p-value = 0.482

	
	
	SVR
	31.4
	5.6
	838286
	915.5
	p-value = 0.7476


	
	
	ELM
	235783
	485.5
	17979.9
	134
	p-value = 3.508e-07


	
	
	INGARCH-ANN
	142341.7
	377.2
	68610.1
	261.9
	p-value = 0.6485


	
	
	INGARCH-SVR
	2465.7
	49.6
	12.4
	3.5
	p-value = 0.03909


	
	
	INGARCH ELM
	9742.9
	98.7
	949.2
	30.8
	p-value = 0.03521


	
	Rabi
	INGARCH
	18374.5
	135.5
	2271.7
	47.6
	p-value = 5.86e-06


	
	
	ANN
	2745.5
	52.3
	798.6
	28.2
	p-value = 0.0904


	
	
	SVR
	18616.6
	136.4
	20.2
	4.5
	 p-value = 1.793e-13


	
	
	ELM
	19765.7
	140.5
	10227.5
	101.1
	p-value = 3.086e-14



	
	
	INGARCH-ANN
	11879
	108.9
	2198.7
	46.8
	p-value = 0.3578


	
	
	INGARCH-SVR
	1.2
	1.1
	0.6
	0.8
	p-value = 0.003426


	
	
	INGARCH ELM
	0.04
	0.21
	0.05
	0.24
	p-value = 0.6815







In Table 5, The predictive performance of different models across various locations and seasons was assessed using MSE and RMSE values for both training and testing datasets. Among all models tested, INGARCH-SVR consistently demonstrated superior predictive performance, achieving the lowest error values in most cases. In locations such as Bapatla (Kharif), Nandyal (Kharif), Maruteru (Rabi) and Nellore (Kharif) INGARCH-SVR outperformed the other models having no autocorrelation among the residuals and lowest error metrics. Whereas in case of Ragolu (Rabi) INGARCH-ELM outperformed the other models having lowest performance metrics and no autocorrelation among the residuals. Machine Learning models like SVR and ANN performed better than the other models in few cases. In Nellore (Rabi) and Ragolu (Kharif) SVR outperformed the models which with no autocorrelation among the residuals and lowest RMSE, MSE. In Maruteru ( Kharif) ANN model performed better than the other models having no significant autocorrelation among the residuals along with lowest erroe metrics. Based on  Box-pierce test the following models which have no significant autocorrelation among the residuals and also comparatively least performance metrics are selected as the best models.



Table 6. Best models along with Box Pierce Test values on their residuals.
	Research station
	Season
	Years of  data availability
	SMW
	Frequency of SMW
	Total no.of observations
	Training data set
	Testing data set
	 Best model 
	Training data set
	 
	Testing data set 
	 
	Box-Pierce test for  autocorrelation on residuals

	
	
	
	
	
	
	
	
	
	RMSE
	MSE
	RMSE
	MSE
	Chi-square
	P-value

	Nellore(NLR)
	Kharif
	2013-2023
	27 to 45
	19
	209
	0.1799
	200:209
	NBINGARCH-SVR
	7.25
	52.64
	2.81
	7.93
	1.48
	0.22

	
	Rabi
	2013-2023
	46 to 10
	17
	187
	0.1646
	178:187
	SVR
	20.56
	422.82
	1035.56
	1072383
	0.052
	0.82

	Ragolu(RGL)
	Kharif
	2011-2023
	26 to 47
	22
	286
	0.2333
	277:286
	SVR
	5.6
	31.41
	915.57
	838286
	0.1
	0.74

	
	Rabi
	2011-2023
	48 to 17
	22
	286
	0.2333
	277:286
	NBINGARCH-ELM
	0.21
	0.04
	0.24
	0.05
	0.16
	0.68

	Maruteru(MTU)
	Kharif
	2002-2023
	25 to 52
	28
	616
	0.4625
	607:616
	ANN
	1989.05
	3956299
	3886.8

	15107217

	0.12
	0.73

	
	Rabi
	2003-2023
	1 to 20
	20
	420
	0.3264
	411:420
	NBINGARCH-SVR
	113.07
	12785.96
	60.82
	3699.59
	1.28
	0.25

	Bapatla(BPT)
	Kharif
	2011-2023
	32 to 7
	28
	364
	0.2875
	355:364
	NBINGARCH-SVR
	10.05
	101
	8.27
	68.54
	0.09
	0.75

	Nandyala(NDL)
	Kharif
	2014-2022
	33 to 5
	25
	225
	0.1910
	216:225
	NBINGARCH-SVR
	1.24
	1.56
	0.96
	0.92
	0.13
	0.72



The results presented in Table 6 highlight the best-performing models for forecasting Brown Planthopper (BPH) pest populations at various research stations and seasons, along with their corresponding error metrics and residual autocorrelation tests. The study considered multiple years of data from different locations, including Nellore (NLR), Ragolu (RGL), Maruteru (MTU), Bapatla (BPT), and Nandyala (NDL) for both Kharif and Rabi seasons. In Nellore (NLR), the NBINGARCH-SVR, SVR model was identified as the most effective in kharif and Rabi seasons respectively. For Kharif, it achieved a training RMSE of 7.25 and MSE of 52.64, while in testing, the RMSE decreased to 2.81 with an MSE of 7.93, indicating improved predictive accuracy. In Rabi, the model performed well, with a training RMSE of 20.56 and MSE of 422.82, whereas the testing RMSE increased to 1035.56 and MSE to 1072383, reflecting a moderate rise in error. The Box-Pierce test for residual autocorrelation confirmed no significant autocorrelation in Kharif (p = 0.22), while in Rabi (p = 0.82).
For Ragolu (RGL), the best-performing models varied by season. In Kharif, the SVR model showed the lowest error, achieving a training RMSE of 5.6 and MSE of 31.41. However, the testing RMSE increased drastically to 915.57 with an MSE of 838286, indicating potential overfitting or high variability in pest populations. In Rabi, the NBINGARCH-ELM model provided better performance, with a training RMSE of 0.21 and MSE of 0.04, while in testing, RMSE remained low at 0.24 and MSE at 0.05, indicating strong predictive accuracy. The Box-Pierce test confirmed no significant autocorrelation in residuals for both seasons (p = 0.74 in Kharif and p = 0.68 in Rabi). 
At Maruteru (MTU), the NBINGARCH-SVR model was optimal for rabi season while ANN was optimal for kharif season, but with considerable variation in error metrics. In Kharif, the training RMSE was 1989.05 and MSE was 3956299, while testing RMSE improved to 3886.8 and MSE to 15107217, indicating a reasonable fit. However, in Rabi, the model exhibited higher error rates, with training RMSE of 113.07 and MSE of 12785.96, while the testing RMSE remained high at 60.82 with an MSE of 3699.59, suggesting possible variability in pest infestation levels. The Box-Pierce test confirmed no significant autocorrelation in residuals.
For Bapatla (BPT) Kharif, the NBINGARCH-SVR model was the best choice, achieving a training RMSE of 10.03 and MSE of 101, with a testing error (RMSE = 8.27, MSE = 68.54). The Box-Pierce test suggested no significant autocorrelation (p = 0.75). 
In Nandyal (NDL) Kharif, the NBINGARCH-SVR model outperformed others, with a training RMSE of 1.24 and MSE of 1.56, while testing RMSE decreased to 0.96 and MSE to 0.92, indicating some loss of accuracy in the testing phase. The Box-Pierce test suggested no significant autocorrelation, indicating that residuals were  completely random. 
Overall, the findings highlight that NBINGARCH-SVR and SVR models performed well in most locations, with NBINGARCH-ELM, ANN also proving effective in specific cases. The error metrics varied by station and season, with some instances of overfitting or high variability in testing datasets, as reflected in increased RMSE and MSE values. The Box-Pierce test results indicated no significant autocorrelation .
[image: ]

Figure 3: Actual vs. fitted plots of BPH population.
Conclusions
The study successfully integrated statistical and machine learning approaches to forecast Brown Planthopper (BPH) populations across various rice-growing locations in Andhra Pradesh. The results demonstrated that, particularly NBINGARCH-SVR and SVR, consistently outperformed other models in terms of predictive accuracy. The analysis highlighted the strong influence of climatic factors such as temperature, humidity, and rainfall on BPH dynamics, with notable variations across seasons and locations. While the NBINGARCH-ELM, ANN  model showed promising performance in specific cases. The Box-Pierce test confirmed that no residual autocorrelation in most cases, validating the reliability of the selected models. These findings emphasize the potential of hybrid statistical-ML models, ML models in improving pest forecasting, which can aid in timely and effective pest management strategies. Future research could further refine these models by incorporating additional environmental and agronomic variables to enhance their robustness and applicability across diverse agro-climatic conditions.
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