Modeling and Predicting Rice Gall Midge Populations Using Climate Data and Machine Learning Techniques in Andhra Pradesh


ABSTRACT
The Asian rice Gall midge (Orseolia oryzae (Wood-Mason)) is a major insect pest affecting rice cultivation in South and Southeast Asia, leading to significant yield losses. Developing a reliable system for the timely prediction of this insect is crucial for effective pest management. In this study, Gall midge insect populations were recorded using solar light traps from three locations-Nellore, Maruteru, and Ragolu in Andhra Pradesh for the past 10 to 20 years.  At the same time, climatological parameters (maximum temperature, minimum temperature, rainfall, morning relative humidity, evening relative humidity, and sunshine hours) were recorded from automatic weather stations near these study locations. Weekly cumulative Gall midge populations and weekly averages of climatological data were analysed using count time series models (Integer-valued Generalized Autoregressive Conditional Heteroscedastic - INGARCH) and machine learning models (Artificial Neural Network - ANN, Support Vector Regression - SVR, and Extreme Learning Machine - ELM). Additionally, hybrid models (INGARCH-ANN, INGARCH-SVR, INGARCH-ELM) were developed to enhance predictive accuracy. Model performance was evaluated using Mean Squared Error (MSE) and Root Mean Squared Error (RMSE). The results indicated that the hybrid models, particularly INGARCH-SVR and INGARCH-ELM, outperformed standalone models in predicting Gall midge populations. The findings highlight the potential of integrating time series modeling with machine learning techniques to improve pest forecasting and aid in proactive, site-specific pest management strategies, thereby minimizing economic losses and ensuring sustainable rice production.
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Introduction
Rice (Oryza sativa) is the primary food source for more than half of the world's population and serves as a cornerstone of global food security. However, its cultivation is significantly threatened by insect pests, among which the Asian rice Gall midge (Orseolia oryzae Wood-Mason) (Diptera: Cecidomyiidae) is a major concern, particularly in South and Southeast Asia. In India, it ranks as the third most destructive rice pest after the stem borer and plant hoppers, affecting nearly 30–70% of the total rice-growing area. Infestation is most prevalent in states such as Andhra Pradesh, Telangana, Tamil Nadu, Kerala, Goa, Karnataka, Maharashtra, Madhya Pradesh, Bihar, Odisha, Assam, Manipur and certain regions of West Bengal and Uttar Pradesh.
The Gall midge undergoes complete metamorphosis, progressing through egg, larval, pupal, and adult stages, with its life cycle completing in approximately 19-23 days under optimal conditions of 22-28°C temperature and 85% relative humidity. Female Gall midges lay eggs on the leaf surface of rice plants, with hatching occurring within 2-3 days. The neonate larvae migrate towards the shoot meristem, burrowing into the growing point of rice tillers. As they feed, their saliva induces abnormal plant growth, leading to the formation of characteristic tubular Galls known as "silver shoots," which prevent the affected tillers from producing panicles. The larval stage lasts about 10-12 days, followed by pupation within the Gall itself. Adult midges emerge in 3-4 days and have a short lifespan of only 1-2 days, during which they mate and lay eggs, continuing the infestation cycle.
Gall midge populations are highly influenced by seasonal climatic conditions. Pre-monsoon rains in India during April and May create a favorable microclimate for pest proliferation in rice stubble, self-sown rice, and alternate hosts. Peak infestations typically occur between late August and early October, particularly in late-planted rice fields. The pest survives on alternative host plants, including graminaceous weeds such as Leersia hexandra and Echinochloa crus-Galli, as well as wild rice species like Oryza nivara, O. barthii, and O. rufipogon, which act as reservoirs for its population (Rathod, et.al., 2022).
The extent of yield loss caused by Gall midge varies based on the severity of infestation, crop growth stage, and environmental conditions. Damage is most severe when infestations occur during the early vegetative phase, as affected tillers fail to produce panicles, ultimately reducing yield. Under extreme conditions, total crop failure is possible. Studies indicate that yield losses can range from 10% to 100%, with an estimated economic impact of about 0.8% of total rice production in Southern India alone, equating to nearly US$80 million in losses annually (Bentur, et.al., 2003).
While the reproductive potential of the insect determines its survival and spread, abiotic factors such as temperature, humidity, rainfall, and cropping practices play a significant role in population dynamics. Prolonged wet conditions with high humidity (above 85%) and temperatures ranging from 22°C to 28°C create an ideal environment for Gall midge outbreaks. Continuous rice cultivation without crop rotation and the presence of alternate host plants further contribute to persistent infestations.
Given the substantial yield losses associated with Gall midge, an efficient early warning system is essential for predicting outbreaks and enabling timely pest management interventions. The development of predictive models using advanced statistical techniques and machine learning algorithms can help forecast Gall midge population dynamics, allowing farmers to implement proactive control measures. Integrated pest management (IPM) approaches, including resistant rice varieties, cultural practices, and biological control strategies, are critical for sustainable pest control. A deeper understanding of the ecological and biological aspects of the Gall midge is essential for developing site-specific pest management strategies that minimise economic losses while ensuring sustainable rice production.
Count time series modelling is a widely used statistical approach that considers integer-valued autocorrelated discrete count observations, often assumed to follow Poisson or negative binomial distributions. In agricultural research, particularly in crop pest modelling, count time series models have been extensively utilised to analyse and forecast daily or weekly insect population counts, which inherently exhibit autocorrelation. Despite their applications in various domains, including stock exchange data, industrial claims, labour strikes, infectious disease outbreaks, dengue incident predictions, and network traffic analysis, the use of count time series models in pest forecasting remains relatively unexplored. Machine learning techniques, which have been successfully employed in agricultural fields such as oilseed production, banana and rice yield predictions, and pest forecasting, offer a novel approach for predicting Gall midge (Orseolia oryzae) populations. Accurate forecasting of Gall midge populations based on climatological parameters plays a crucial role in implementing preventive pest management strategies to minimize crop losses. However, previous research on insect pest population forecasting has predominantly relied on classical statistical techniques like multiple regression and traditional time series models, which may not be well-suited for highly heterogeneous and nonlinear data.
For count data that follows non-Gaussian distributions such as Poisson and Negative binomial, transforming the data to normality often fails to enhance predictive accuracy. The integrated generalized autoregressive conditional heteroskedasticity (INGARCH) model, designed for handling count data, is more suitable for pest modeling but has seen limited applications in agricultural research. Traditional approaches like multiple linear regression and autoregressive integrated moving average (ARIMA) models have been reported as less effective for highly variable and nonlinear datasets. Machine learning models, such as support vector regression (SVR) and artificial neural networks (ANN), have demonstrated superior performance in such cases due to their data-driven and assumption-free nature. Recognizing these limitations, the present work aims to develop a robust statistical framework for predicting Gall midge populations based on critical climatological variables using count time series and machine learning models. The methodology integrates descriptive statistics, correlation analysis, and stepwise regression to establish relationships between Gall midge populations and weather parameters.
In addition to the INGARCH model, the study incorporates an innovative approach by integrating the Extreme Learning Machine (ELM), Support Vector Regression (SVR) and Artificial Neural Network (ANN) models, which offer rapid learning capability and high generalisation performance. Furthermore, advanced hybrid models, INGARCH-ELM, INGARCH-ANN and INGARCH-SVR, are developed to enhance prediction accuracy by leveraging the strengths of both statistical and machine learning techniques. While the INGARCH model effectively captures autocorrelation in count data, ELM, ANN, and SVR compensate for nonlinear relationships and complex interactions among input variables. The hybrid models, particularly INGARCH-ELM, INGARCH-ANN and INGARCH-SVR, are applied for the first time in insect pest modeling, demonstrating their potential in forecasting Gall midge (Orseolia oryzae) populations in Indian hotspots. The proposed models aim to facilitate informed decision-making and optimize pest control strategies, ultimately contributing to sustainable rice production and reducing economic losses caused by Gall midge infestations.
2. Materials and Methods
2.1. Data Collection
Secondary data on light trap catches of major pests in rice was collected from major Agricultural Research Stations located at Nellore, Maruteru and Ragolu of Andhra Pradesh. Insect count data on Gall Midge (GM) on a daily basis for Kharif and Rabi seasons at Nellore for the years 2009-2023, at Ragolu for the years 2011-2023 and at Maruteru for Kharif from 2002-2023 and Rabi from 2003-2023 were collected. Further, the weather data on maximum temperature (TMAX), minimum temperature (TMIN), rainfall (RF), morning relative humidity (RHM), evening relative humidity (RHE) and sunshine hours (SSH) were collected from nearby automatic weather stations. Standard meteorological week (SMW) - wise cumulative catches of Gall midge and weekly averages of climatological parameters were considered for this study. Ten-week observations were used as testing/validation sets, and the remaining observations were used as the training data set.
2.2. Statistical Models
Statistical modelling started with descriptive statistical parameters encompassing mean, standard error (SE), skewness, kurtosis, minimum observation, maximum observation, and coefficient of variation (CV), which are important in depicting the nature of the studied data. Apart from the descriptive statistics, data were depicted graphically with time series plots. Pearson’s product-moment correlation analysis was carried out to determine the interrelationship among the variables used in the study. Various time series models, machine learning models and hybrid models were considered as mentioned below. 
2.2.1. Integer-Valued Generalised Autoregressive Conditional Heteroscedastic (INGARCH) Model
The time series following the generalised linear model (GLM) framework was elaborated by Kedem, B, et al. (2002). INGARCH models are a class of GLM mentioned in Heinen, A. (2003) and 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, generalised 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 generalised model form is expressed as follows: 
[bookmark: _Hlk200561006][bookmark: _Hlk200560994]                                     … (1)
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
                          									                                 … (2)
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.; & Fokianos, K. (2014). It is assumed that the Poisson distribution is a limiting case of the negative binomial distribution by the assumption:

[bookmark: _Hlk200561102]                                                                   …  (3
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) and 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 (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 modelled 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:
                                                      … (4)

are the model parameters, also called the synopsis weights, is the number of input nodes,  is the number of hidden nodes, and  is the activation function. The training part in ANN minimises the error function between actual and predicted values. The error function of an 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., & 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]                                                                                                … (5)
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]                                                             … (6)
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]                                                                               … (7)
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., & 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:
​                                                                                      … (8)
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:
​                                                                                       … (9)
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:
​                                                                                    … (10)
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]                                                                                   … (11)
RMSE is also known as standard error of estimate in regression analysis, and is given as:
[bookmark: _Hlk200561603]                                                                             … (12)
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
                                                                                                              …(13)
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 against an unspecified alternative. The test enables one to test for nonlinear dependence because it is not affected by linear dependencies in the data.
2.5 Software used
The time series plots, INGARCH, ANN, ELM, SVR, INGARCH-ANN, INGARCH-SVR and INGARCH-ELM models along with the Correlation analysis were carried out in R software.

3. RESULTS AND DISCUSSION 
[bookmark: _GoBack]3.1 Summary Statistics
Table 1:Summary Statistics of GALL MIDGE count data
	Location
	Nellore
	Maruteru
	Ragolu

	Season
	Kharif
	Rabi
	Kharif
	Rabi
	Kharif
	Rabi

	Mean
	60.89474
	70.59216
	157.4773
	204.8595
	103.1324
	22.8986

	Median
	13
	30
	18
	58.5
	5
	7

	Mode
	0
	0
	0
	0
	0
	0

	SD
	140.8265
	117.6499
	465.7184
	422.885
	342.3036
	35.95592

	Skewness
	7.179277
	3.600269
	6.311662
	3.60342
	5.934405
	2.697231

	Kurtosis
	70.82857
	18.92127
	53.7382
	17.18486
	42.83767
	13.35341

	Minimum
	0
	0
	0
	0
	0
	0

	1ST Q
	0
	3
	0
	15
	0
	0

	3rd  Q 
	76
	87
	92.25
	162
	44.5
	31

	Maximum
	1615
	835
	5187
	3000
	3030
	270

	CV%
	231.2622
	166.6615
	295.7369
	206.4268
	331.9069
	157.0223



Summary statistics of the dependent variable (Gall midge population) was calculated and presented in Table 1. For instance, the mean population of Gall midges at Nellore, Maruteru, and Ragolu was 60.89, 157.47, and 103.13 during the Kharif season and 70.59, 204.86, and 22.89 during the Rabi season, respectively. The population size oscillates within a wide range (0-5187), leading to a high CV% (157.02-331.90) and an abnormality of data, as skewness (2.69-7.18) and kurtosis (13.35-70.83) are out of the normal range. As the median values across all the locations is less than mean and mode is zero at all the locations this depicts that the distribution is positively skewed. The highest GM infestation was found in Maruteru Kharif.
[image: ]
Figure2. Time series plots of Gall Midge Population in all the locations
The above figures show the year-wise time series plots of the GM population in all the locations during two seasons i.e kharif and rabi.
Table2. Pearson Correlation coefficients between Gall midge populations and considered climatological variables
	LOCATION
	SEASON
	VARIABLES
	GM
	TMAX
	TMIN
	RF
	RHM
	RHE

	MTU
	KHARIF
	TMAX
	0.030NS (p=0.4637) 
	
	 
	 
	 
	 

	
	
	TMIN
	0.005NS  (p=0.9036)
	0.527** (p=0.0000)  
	 
	 
	 
	 

	
	
	RF
	-0.069NS  (p=0.0876) 
	-0.124** (p=0.0021) 
	0.143** (p=0.0004) 
	
	 
	 

	
	
	RHM
	-0.083* (p=0.0386) 
	-0.334** (p=0.0000) 
	-0.196** (p=0.0000) 
	0.203** (p=0.0000) 
	 
	 

	
	
	RHE
	-0.017NS  (p=0.6662) 
	-0.370** (p=0.0000) 
	0.150** (p=0.0002) 
	0.233** (p=0.0000) 
	0.401** (p=0.0000) 
	

	
	
	SSH
	0.108** (p=0.0075) 
	0.212** (p=0.0000) 
	-0.242** (p=0.0000) 
	-0.342** (p=0.0000) 
	-0.147** (p=0.0003) 
	-0.357** (p=0.0000) 

	
	RABI
	TMAX
	0.128** (p=0.0087) 
	
	
	
	
	

	
	
	TMIN
	0.190** (p=0.0001) 
	0.811** (p=0.0000) 
	
	
	
	

	
	
	RF
	-0.031NS  (p=0.5295) 
	0.111* (p=0.0235) 
	0.162** (p=0.0009) 
	
	
	

	
	
	RHM
	-0.168** (p=0.0005) 
	-0.138** (p=0.0048) 
	-0.215** (p=0.0000) 
	-0.026NS  (p=0.5892) 
	
	

	
	
	RHE
	-0.013NS  (p=0.7898) 
	-0.358** (p=0.0000) 
	-0.156** (p=0.0013) 
	0.046NS  (p=0.3513) 
	0.152** (p=0.0018) 
	-

	
	
	SSH
	0.037NS  (p=0.4466) 
	0.261** (p=0.0000) 
	0.131 **
(p=0.0071) 
	-0.147** (p=0.0026) 
	0.021NS  (p=0.6671) 
	-0.130** (p=0.0075) 

	NLR
	KHARIF
	TMAX
	-0.066NS  (p=0.2655) 
	
	
	
	
	

	
	
	TMIN
	-0.091NS  (p=0.1257) 
	0.601** (p=0.0000) 
	
	
	
	

	
	
	RF
	0.269** (p=0.0000) 
	-0.147* (p=0.0133) 
	0.086NS  (p=0.1477) 
	
	
	

	
	
	RHM
	-0.198** (p=0.0008) 
	-0.501** (p=0.0000) 
	-0.423** (p=0.0000) 
	-0.321** (p=0.0000) 
	
	

	
	
	RHE
	0.185** (p=0.0017) 
	-0.564** (p=0.0000) 
	-0.258** (p=0.0000) 
	0.560** (p=0.0000) 
	0.252** (p=0.0000) 
	

	
	
	SSH
	-0.069NS  (p=0.2429) 
	0.340** (p=0.0000) 
	0.043NS  (p=0.4707) 
	-0.077NS  (p=0.1976) 
	-0.173** (p=0.0034) 
	-0.218** (p=0.0002) 

	
	RABI
	TMAX
	0.031NS  (p=0.6258) 
	
	
	
	
	

	
	
	TMIN
	-0.047NS  (p=0.4509) 
	0.231** (p=0.0002) 
	
	
	
	

	
	
	RF
	-0.076NS  (p=0.2291) 
	-0.162** (p=0.0094) 
	0.005NS  (p=0.9373) 
	
	
	

	
	
	RHM
	0.099NS  (p=0.1163) 
	-0.220** (p=0.0004) 
	-0.222** (p=0.0003) 
	0.140** (p=0.0252) 
	
	

	
	
	RHE
	-0.027NS  (p=0.6681) 
	-0.381** (p=0.0000) 
	-0.440** (p=0.0000) 
	0.411** (p=0.0000) 
	0.436** (p=0.0000) 
	

	
	
	SSH
	0.149** (p=0.0171) 
	0.074NS  (p=0.2388) 
	-0.186** (p=0.0028) 
	-0.353** (p=0.0000) 
	0.131* (p=0.0372) 
	-0.262** (p=0.0000) 

	RGL
	KHARIF
	TMAX
	-0.026NS  (p=0.6584) 
	
	
	
	
	

	
	
	TMIN
	-0.173** (p=0.0034) 
	0.140** (p=0.0181) 
	
	
	
	

	
	
	RF
	-0.029NS  (p=0.6293) 
	-0.337** (p=0.0000) 
	0.018NS  (p=0.7599) 
	
	
	

	
	
	RHM
	-0.250** (p=0.0000) 
	0.069NS  (p=0.2454) 
	-0.010NS  (p=0.8659) 
	-0.080NS  (p=0.1771) 
	
	

	
	
	RHE
	-0.023 NS (p=0.7009) 
	-0.173** (p=0.0034) 
	0.180** (p=0.0023) 
	0.355** (p=0.0000) 
	-0.120* (p=0.0434) 
	

	
	
	SSH
	0.134* (p=0.0238) 
	0.122* (p=0.0394) 
	-0.153** (p=0.0094) 
	-0.138* (p=0.0193) 
	-0.134* (p=0.0233) 
	-0.219** (p=0.0002) 

	
	RABI
	TMAX
	-0.036NS  (p=0.5406) 
	
	
	
	
	

	
	
	TMIN
	-0.031NS  (p=0.5975) 
	0.911** (p=0.0000) 
	
	
	
	

	
	
	RF
	0.039NS  (p=0.5134) 
	0.151* (p=0.0107) 
	0.026NS  (p=0.6625) 
	
	
	

	
	
	RHM
	-0.049NS  (p=0.4118) 
	0.836** (p=0.0000) 
	0.917** (p=0.0000) 
	-0.008NS  (p=0.8893) 
	
	

	
	
	RHE
	-0.024NS  (p=0.6879) 
	0.892** (p=0.0000) 
	0.952** (p=0.0000) 
	0.172** (p=0.0035) 
	0.915** (p=0.0000) 
	

	
	
	SSH
	-0.079NS  (p=0.1835) 
	-0.040NS  (p=0.4957) 
	0.055NS  (p=0.3542) 
	-0.334** (p=0.0000) 
	0.072NS  (p=0.2271) 
	-0.018NS  (p=0.7638) 



In the study of Gall midge populations across Maruteru, Nellore, and Ragolu during the Kharif and Rabi seasons, various meteorological parameters displayed differing correlation patterns. In Maruteru, weak negative correlations were observed between Gall midge populations and morning relative humidity (RHM), along with weak positive correlations with sunshine hours (SSH) during Kharif. In contrast, Rabi season data revealed significant positive correlations with both maximum  (TMAX) and minimum temperatures (TMIN). In Nellore, increased rainfall (RF) and RHE showed a significant positive correlation with Gall midge infestations during Kharif, while higher morning humidity(RHM) levels appeared to suppress populations. 
In Ragolu, a low negative correlation was found between minimum temperature (TMIN) and Gall midge populations. RHM and GM population also showed a negative correlation among them, but showed a positive correlation with sunshine hours(SSH) during Kharif. During the Rabi season, however, all the weather parameters showed no significant correlations with Gall midge prevalence. Overall, the results suggest that higher temperatures and lower humidity tend to favour Gall midge populations, though the relationships vary based on location and season.
Table 3. Parameter estimation of the INGARCHX model for Gall midge populations at study locations.
	LOCATION
	SEASON
	PARAMETER
	ESTIMATE
	Standard
Error
	Z
VALUE
	P
VALUE
	Box-Pierce Test For Residuals

	NLR
	KHARIF
	(Intercept)
	9.7301e-05
	4.8788e+01
	0.0000
	0.9999984
	X2=0.85026
p-value=0.3565

	
	
	beta_1
	8.3569e-01
	2.5036e-01
	3.3379
	0.0008441 ***
	

	
	
	alpha_1
	6.1635e-03
	1.9295e-02
	0.3194
	0.7493952
	

	
	
	TMAX
	3.5595e-05
	8.2404e-01
	0.0000
	0.9999655
	

	
	
	TMIN
	1.6071e-07
	1.4029e+00
	0.0000
	0.9999999
	

	
	
	RF
	3.6574e-02
	4.9816e-02
	0.7342
	0.4628448
	

	
	
	RHM
	1.5305e-03
	1.8017e-01
	0.0085
	0.9932221
	

	
	
	RHE
	3.0539e-06
	2.2080e-01
	0.0000
	0.9999890
	

	
	
	SSH
	1.6809e+00
	6.9378e-01
	2.4228
	0.0154004 *
	

	
	
	sigmasq
	2.67e+00
	
	
	
	

	
	RABI
	(Intercept)
	1.4756e+01
	3.9959e+01
	0.3693
	0.711917
	X2=91.676
p-value
 < 2.2*10-16

	
	
	beta_3
	3.2205e-01
	1.2325e-01
	2.6129
	0.008977 **
	

	
	
	alpha_3
	3.0503e-01
	2.1063e-01
	1.4482
	0.147565
	

	
	
	TMAX
	2.3335e-05
	1.4977e+00
	0.0000
	0.999988
	

	
	
	TMIN
	1.5362e-07
	2.4277e-01
	0.0000
	0.999999
	

	
	
	RF
	1.5260e-07
	8.5617e-02
	0.0000
	0.999999
	

	
	
	RHM
	1.7471e-04
	6.0881e-01
	0.0003
	0.999771
	

	
	
	RHE
	1.6549e-07
	5.9883e-01
	0.0000
	1.000000
	

	
	
	SSH
	1.1647e+00
	1.3443e+00
	0.8664
	0.386271
	

	
	
	sigmasq
	1.60
	
	
	
	

	MTU
	KHARIF
	(Intercept)
	6.5147e-02
	5.2480e+01
	0.0012
	0.99901
	X2= 58.998
p-value = 1.577*10-14

	
	
	beta_2
	6.6910e-01
	2.8356e-01
	2.3597
	0.01829 *
	

	
	
	alpha_2
	1.5989e-01
	1.5919e-01
	1.0044
	0.31518
	

	
	
	TMAX
	6.9608e-06
	2.6857e+00
	0.0000
	1.00000
	

	
	
	TMIN
	1.5501e-03
	2.4259e+00
	0.0006
	0.99949
	

	
	
	RF
	1.0188e-01
	1.3091e-01
	0.7782
	0.43644
	

	
	
	RHM
	1.3564e-09
	8.4182e-01
	0.0000
	1.00000
	

	
	
	RHE
	5.7416e-05
	6.3957e-01
	0.0001
	0.99993
	

	
	
	SSH
	4.9737e+00
	2.5624e+00
	1.9410
	0.05226
	

	
	
	sigmasq
	5.58e+00
	
	
	
	

	
	RABI
	(Intercept)
	1.8413e+01
	1.4004e+02
	0.1315
	0.8954
	X2 = 47.777
p-value = 4.775*10-12

	
	
	beta_2
	7.8564e-01
	1.9884e-01
	3.9512
	7.776e-05 ***
	

	
	
	alpha_2
	1.2568e-11
	5.9087e-02
	0.0000
	1.0000
	

	
	
	TMAX
	9.9752e-03
	3.5059e+00
	0.0028
	0.9977
	

	
	
	TMIN
	1.6996e-01
	3.4710e+00
	0.0490
	0.9609
	

	
	
	RF
	4.0223e-09
	3.6475e-01
	0.0000
	1.0000
	

	
	
	RHM
	5.0247e-07
	1.4656e+00
	0.0000
	1.0000
	

	
	
	RHE
	1.9651e-02
	5.6555e-01
	0.0347
	0.9723
	

	
	
	SSH
	1.0291e+00
	3.9828e+00
	0.2584
	0.7961
	

	
	
	sigmasq
	2.83e+00
	
	
	
	

	RGL
	KHARIF
	(Intercept)
	8.2928e+00
	3.1493e+02
	0.0263
	0.9790
	X2 = 154.44,
p-value
 < 2.2*10-16


	
	
	beta_4
	1.1666e-02
	6.5817e-02
	0.1772
	0.8593
	

	
	
	alpha_4
	6.4798e-03
	3.3220e-01
	0.0195
	0.9844
	

	
	
	TMAX
	8.0693e-07
	7.8249e+00
	0.0000
	1.0000
	

	
	
	TMIN
	3.0846e-08
	4.6132e+00
	0.0000
	1.0000
	

	
	
	RF
	3.0846e-08
	4.6132e+00
	0.0000
	1.0000
	

	
	
	RHM
	3.1753e-09
	4.7473e-01
	0.0000
	1.0000
	

	
	
	RHE
	7.6600e-07
	1.5766e+00
	0.0000
	1.0000
	

	
	
	SSH
	1.6438e+01
	9.8159e+00
	1.6747
	0.0940
	

	
	
	sigmasq
	1.08e+01
	
	
	
	

	
	RABI
	(Intercept)
	1.5038e+01
	1.3338e+01
	1.1275
	0.25955
	X2 = 71.182,
p-value 
< 2.2*10-16

	
	
	beta_3
	2.4403e-01
	1.3044e-01
	1.8709
	0.06136 .
	

	
	
	alpha_3
	.9495e-02
	3.2272e-01
	0.1224
	0.90260
	

	
	
	TMAX
	1.4202e-09
	1.8871e-01
	0.0000
	1.00000
	

	
	
	TMIN
	1.5861e-04
	4.2863e-01
	0.0004
	0.99970
	

	
	
	RF
	7.1859e-02
	2.3590e-01
	0.3046
	0.76066
	

	
	
	RHM
	3.2231e-10
	7.9356e-02
	0.0000
	1.00000
	

	
	
	RHE
	3.3357e-05
	1.8841e-01
	0.0002
	0.99986
	

	
	
	SSH
	1.9578e-08
	1.6472e+00
	0.0000
	1.00000
	

	
	
	sigmasq
	3.19e+00
	
	
	
	


The NBINGARCH model was fitted to analyse the time series data, incorporating exogenous climatological variables. The estimated model parameters were found to be significant at various locations and seasons, with β coefficients indicating a strong dependence of current values on past observations. However, none of the climatological variables (TMAX, TMIN, RF, RHM, RHE, SSH) were consistently significant across all hot-spot locations, suggesting their minimal contribution to the variation in the dependent variable. The over-dispersion parameters varied across locations and seasons, confirming the heterogeneous and over-dispersed nature of the data, following a negative binomial distribution. The estimated dispersion values were 2.67 (NLR-Kharif), 1.60 (NLR-Rabi), 5.58 (MTU-Kharif), 2.83 (MTU-Rabi), 10.8 (RGL-Kharif), and 3.19(RGL-Rabi) (Table 3). Diagnostic checking of residuals using the Box-Pierce test revealed that residuals were significantly autocorrelated (p < 0.01) at most of the locations, indicating that the model did not fully account for all dependence structures. Notably, for Kharif at Nellore, the residuals were uncorrelated and random (p = 0.3565 i.e. p > 0.05), suggesting an adequate model fit in that season at this location. However, in Rabi at Nellore (p < 0.01), Kharif and Rabi at Maruteru (p < 0.01), and Kharif and Rabi at Ragolu (p < 0.01), the residuals exhibited significant autocorrelation, indicating potential model refinements are necessary. Overall, while the NBINGARCH model successfully captured over-dispersion and temporal dependence in the data, further improvements may be required to eliminate residual autocorrelation, possibly through additional covariates, interaction terms, or model adjustments.
TABLE 4. Comparison criteria for different models for Gall midge populations in training and testing data sets.

	LOCATION
	SEASON
	MODELS
	TRAIN
	TEST
	Box-Pierce Test on Residuals 

	
	
	
	MSE
	RMSE
	MSE
	RMSE
	

	MTU
	KHARIF
	INGARCH
	180035.5
	424.3
	15983.83
	126.42
	p-value = 1.577e-14

	
	
	ANN
	2388.14
	48.86
	44889.7
	211.87
	p-value = 0.6515

	
	
	SVR
	539.8
	23.23
	75392.05
	274.57
	p-value = 0.7122

	
	
	ELM
	208879.6
	457.03
	19054.18
	138.03
	p-value = 2.2e-16

	
	
	INGARCH-ANN
	7156.47
	84.59
	88834.21
	298.05
	p-value = 0.349

	
	
	INGARCH-SVR
	31.12
	5.57
	14.86
	3.85
	p-value = 0.9563

	
	
	INGARCH ELM
	2849.89
	53.38
	835.18
	28.89
	p-value = 0.002664

	
	RABI
	INGARCH
	122856.1
	350.5
	8943.09
	94.56
	p-value = 4.775e-12

	
	
	ANN
	24135.91
	155.35
	1783.4
	42.23
	p-value = 0.8231

	
	
	SVR
	1680.346
	40.99
	629084.2
	793.14
	p-value = 0.9618

	
	
	ELM
	167487.9
	409.25
	13934.25
	118.04
	p-value = 2.2e-16

	
	
	INGARCH-ANN
	11246.69
	106.05
	6896.007
	83.04
	p-value = 0.09906

	
	
	INGARCH-SVR
	3.14
	1.77
	5.61
	2.37
	p-value = 1.98e-11

	
	
	INGARCH ELM
	611.17
	24.72
	77.55
	8.8
	p-value = 0.7857

	NLR
	KHARIF
	INGARCH
	14912.33
	122.11
	8109.46
	90.05
	p-value = 0.3565

	
	
	ANN
	1097.97
	33.13
	6758.86
	82.21
	p-value = 0.7875

	
	
	SVR
	12.01
	3.46
	28814.92
	169.74
	p-value = 0.3888

	
	
	ELM
	11135.27
	105.52
	7380.29
	85.9
	p-value = 2.097e-07

	
	
	INGARCH-ANN
	6578.13
	81.11
	7637.46
	87.39259
	p-value = 0.02973

	
	
	INGARCH-SVR
	1434.41
	37.87
	0.54
	0.74
	p-value = 0.9322

	
	
	INGARCH ELM
	0.17
	0.41
	0.42
	0.65
	p-value = 0.4431

	
	RABI
	INGARCH
	9894.01
	99.46
	8495.69
	92.17
	p-value = 2.2e-16

	
	
	ANN
	502.58
	22.41
	14097.18
	118.73
	p-value = 0.8299

	
	
	SVR
	131.66
	11.47
	8296.56
	91.08
	p-value = 0.6075

	
	
	ELM
	12855.05
	113.38
	6901.27
	83.07
	p-value =2.2e-16

	
	
	INGARCH-ANN
	238.86
	15.45
	12891.2
	113.53
	p-value = 0.2513

	
	
	INGARCH-SVR
	1.29
	1.13
	0.33
	0.57
	p-value = 0.0564

	
	
	INGARCH ELM
	1.57
	1.25
	1.42
	1.19
	p-value = 0.869

	RGL
	KHARIF
	INGARCH
	118813.3
	344.6931
	90.45
	9.51
	p-value = 2.2e-16

	
	
	ANN
	100910.1
	317.6635
	179726.9
	423.94
	p-value = 0.1884

	
	
	SVR
	11.99
	3.46
	112097.8
	334.81
	p-value = 0.4403

	
	
	ELM
	56354.83
	237.39
	43611.97
	208.8348
	p-value = 2.113e-13

	
	
	INGARCH-ANN
	16287.78
	127.62
	2924.71
	54.08
	p-value = 0.2216

	
	
	INGARCH-SVR
	8.03
	2.83
	0.58
	0.76
	p-value = 5.551e-16

	
	
	INGARCH ELM
	88.17
	9.38
	7503.35
	86.62
	p-value = 0.0002

	
	RABI
	INGARCH
	1165.12
	34.13
	2611.65
	51.1
	p-value = 2.2e-16

	
	
	ANN
	242.39
	15.56
	440.84
	20.99
	p-value = 0.9191

	
	
	SVR
	731.94
	27.05
	1148.71
	33.89
	p-value = 2.375e-12

	
	
	ELM
	1145.72
	33.84
	2306.29
	48.02
	p-value = 2.2e-16

	
	
	INGARCH-ANN
	636.95
	25.23
	2924.23
	54.07
	p-value = 0.9252

	
	
	INGARCH-SVR
	0.05
	0.23
	0.05
	0.23
	p-value = 0.2493

	
	
	INGARCH ELM
	0.02
	0.14
	0.03
	0.17
	p-value = 0.0142



The results of modelling and predictions of the Gall midge population at the examined study sites, obtained using different models, were compared in terms of MSE and RMSE for both training and testing datasets, as presented in Table 4. Among the evaluated models, the hybrid-based models demonstrated superior predictive performance compared to traditional time series and machine learning models.
The INGARCH-SVR model achieved the lowest MSE and RMSE values across different locations and seasons, indicating its strong ability to capture the complex temporal dependencies in the Gall midge population dynamics. Similarly, the INGARCH-ELM model exhibited competitive accuracy, outperforming conventional models such as INGARCH, ANN, and SVR. The SVR model also performed well, though its predictive capability was slightly lower than that of INGARCH-SVR and INGARCH-ELM.
Conversely, traditional models such as INGARCH, ANN, SVR and ELM showed relatively higher errors, suggesting that standalone time series and machine learning approaches may not be sufficient for modelling Gall midge outbreaks. INGARCH, which accounts for conditional heteroscedasticity, was not as effective, likely due to the influence of external environmental factors that were not directly incorporated into the model. ANN and SVR models, while widely used in predictive analytics, exhibited inconsistent performance across locations and seasons.
The results indicate that INGARCH-SVR and INGARCH-ELM provide the most reliable predictions, making them potentially useful tools for forecasting Gall midge outbreaks. The findings suggest that hybrid approaches integrating INGARCH with machine learning techniques can enhance predictive accuracy, which may help in better pest management and decision-making.








TABLE 5. 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 on Residuals 

	
	
	
	
	
	
	
	
	
	RMSE
	MSE
	RMSE
	MSE
	Chi-square
	P-value

	Nellore (NLR)
	Kharif
	2009–2023
	27–45
	19
	285
	0.2326
	276:285
	NBINGARCH-ELM
	0.41
	0.17
	0.65
	0.42
	0.588
	0.4431

	
	Rabi
	2009–2023
	46–10
	17
	255
	0.2118
	246:255
	NBINGARCH-SVR
	1.13
	1.29
	0.57
	0.34
	3.638
	0.0564

	RAGOLU (RGL)
	Kharif
	2011–2023
	26–47
	22
	286
	0.2333
	277:286
	SVR
	3.46
	11.99
	334.81
	112097
	0.595
	0.4403

	
	Rabi
	2011–2023
	48–17
	22
	286
	0.2333
	277:286
	NBINGARCH-SVR
	0.23
	0.05
	0.23
	0.05
	1.327
	0.2493

	Maruteru (MTU)
	Kharif
	2002–2023
	25–52
	28
	616
	0.4625
	607:616
	NBINGARCH-SVR
	5.57
	31.12
	3.85
	14.86
	0.003
	0.9563

	
	Rabi
	2003–2023
	1–20
	20
	420
	0.3264
	411:420
	NBINGARCH-ELM
	24.72
	611.17
	8.8
	77.55
	0.073
	0.7857



The Table 5 presents the results of the best-performing models for forecasting at different research stations and seasons, along with their respective error metrics and autocorrelation tests on residuals. The study utilized data from multiple years across different locations, including Nellore (NLR), Ragolu (RGL), and Maruteru (MTU), for both Kharif and Rabi seasons. For Nellore, the NBINGARCH-ELM model performed best in the Kharif season, achieving an RMSE of 0.41 and MSE of 0.17 for the training set, and an RMSE of 0.65 and MSE of 0.42 for the testing set. In the Rabi season, the NBINGARCH-SVR model demonstrated strong performance, with an RMSE of 1.13 and MSE of 1.29 for training, and an RMSE of 0.57 and MSE of 0.34 for testing. The Box-Pierce test results suggest no significant autocorrelation in residuals, as indicated by the p-values of 0.4431 and 0.0564, respectively. For Ragolu, the SVR model was the best for Kharif, yielding an RMSE    
of 3.46and MSE of 11.99 in training, while testing results showed an RMSE of 334.81  and MSE of 112097. The NBINGARCH-SVR model outperformed in the Rabi season with training RMSE and MSE values of 0.23 and 0.05, and testing RMSE and MSE of 0.23 and 0.05, respectively. The Box-Pierce test for Kharif and Rabi at Ragolu indicated no autocorrelation among the residuals. At Maruteru, the NBINGARCH-ELM model provided optimal results for Rabi, with training RMSE of 24.72 and MSE of 611.17, while testing RMSE and MSE were 8.80 and 77.55, respectively. The NBINGARCH-SVR model excelled in Kharif, recording an RMSE of 5.57 and MSE of 31.12 in the training data set, with a p-value of 0.9563, indicating no significant autocorrelation in residuals. Overall, the results indicate that NBINGARCH-SVR and NBINGARCH-ELM models effectively captured pest infestation dynamics across different locations and seasons in most cases, with varying levels of autocorrelation in residuals. The model performance varied across locations due to differences in data availability and seasonal characteristics.
[image: ]

Figure 3. Actual vs. fitted plots of Gall midge population

CONCLUSION
The study evaluated various modelling approaches for predicting Gall midge (GM) population dynamics in relation to weather parameters across different locations and seasons. The results demonstrated that hybrid INGARCH-based models integrated with machine learning techniques, particularly NBINGARCH-SVR and NBINGARCH-ELM, provided the most accurate predictions compared to traditional time series and standalone machine learning models.
Location-specific analyses further confirmed that NBINGARCH-SVR, NBINGARCH-ELM models were the best-performing approaches, effectively capturing the influence of weather parameters on GM outbreaks, but the SVR model performed better in Ragolu (Kharif). The minimal autocorrelation in residuals for most cases suggests that these models adequately accounted for dependencies in the data. However, differences in model performance across locations and seasons highlight the role of site-specific climatic conditions and data variability.
Overall, the findings emphasise the potential of hybrid models in improving pest forecasting accuracy, which could support more effective pest management strategies. Future research could focus on incorporating additional weather variables and testing model generalizability across broader geographical regions to enhance forecasting reliability.
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