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	ABSTRACT	
Yellow	Stem	Borer	(YSB)	(Scirpophaga	incertulas)	is	one	of	the	most	destructive	pests	affecting	rice	production	in	India,	causing	
signi�icant	yield	losses	across	different	agro-climatic	regions.	Accurate	forecasting	of	YSB	populations	is	crucial	for	timely	pest	
management	and	minimizing	crop	damage.	This	study	evaluates	the	performance	of	statistical	and	machine	learning	models	for	
predicting	YSB	populations	using	weekly	pest	 incidence	data	collected	 from	�ive	research	stations	 in	Andhra	Pradesh	(Nellore,	
Maruteru,	 Bapatla,	 Ragolu,	 and	 Nandyal)	 over	 multiple	 years.	 The	 study	 employs	 Integer-Valued	 Generalized	 Autoregressive	
Conditional	Heteroskedastic	(INGARCH)	models	along	with	Arti�icial	Neural	Networks	(ANN),	Support	Vector	Regression	(SVR),	
Extreme	Learning	Machines	(ELM),	and	their	hybrid	counterparts	(INGARCH-ANN,	INGARCH-SVR,	and	INGARCH-ELM)	to	improve	
forecasting	accuracy.	Results	indicate	that	hybrid	models,	particularly	NBINGARCH-ELM,	consistently	outperformed	standalone	
models	in	terms	of	Mean	Squared	Error	(MSE)	and	Root	Mean	Squared	Error	(RMSE)	across	different	locations	and	seasons.	The	
�indings	reveal	that	YSB	populations	are	signi�icantly	in�luenced	by	climatic	factors	such	as	temperature,	relative	humidity,	and	
rainfall,	with	 distinct	 seasonal	 patterns.	 The	Box-Pierce	 test	 con�irmed	minimal	 autocorrelation	 in	 residuals	 for	most	models,	
validating	their	reliability.	These	results	highlight	the	potential	of	hybrid	statistical	machine	learning	models	for	pest	forecasting,	
providing	valuable	insights	for	integrated	pest	management	(IPM)	strategies.	Future	research	can	further	enhance	these	models	by	
incorporating	additional	environmental	and	agronomic	variables	for	improved	precision	in	pest	outbreak	predictions.
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Introduction
Rice (Oryza	sativa) is a staple crop that serves as the primary 
food source for more than half of the world's population and 
plays a crucial role in global food security. However, rice 
cultivation is severely affected by insect pests, among which the 
Yellow Stem Borer (Scirpophaga	incertulas Walker) (YSB) is one 
of the most destructive pests, particularly in South and 
Southeast Asia. 
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In India, YSB is a major pest affecting rice production, leading to 
signi�icant yield losses across diverse agro-climatic regions.
YSB is a monophagous pest that feeds exclusively on rice plants, 
attacking crops at all growth stages. The larvae bore into rice 
stems, disrupting nutrient and water transport, leading to "dead 
heart" symptoms in the vegetative stage and "white earhead" 
symptoms in the reproductive stage. These damages 
signi�icantly reduce yield potential and grain quality. The life 
cycle of the yellow stem borer consists of four stages: egg, larva, 
pupa, and adult. The total duration of the life cycle (egg-adult) 
can vary between 32 to 45 days depending on temperature [9]. 
Female moths lay eggs in masses of 100 to 200 eggs near the tip 
of leaf blades. Eggs hatch in 6 to 8 days under warm conditions. 
The larva is the damaging stage and undergoes six instars in 21 
to 29 days. Pupation takes place inside the stem, usually in the 
lowest node of the plant or just above the water level. The pupal 
period lasts about 5 to 7.5 days depending on temperature. The 
female moth is larger than the male with forewings that are 
bright yellowish brown with a distinct black spot in the center. 
Moths are active at night; a female can lay up to three egg masses 
during her 6 to 10-day life span. YSB populations are strongly 
in�luenced by climatic factors such as temperature, relative 
humidity, rainfall, and sunshine hours, along with agronomic 
practices like continuous rice cropping, absence of crop 
rotation, and the presence of alternative hosts. Peak infestations 
typically occur during the monsoon (July–September) and post-
monsoon (October–November) seasons, coinciding with high 
humidity (above 80%) and temperatures ranging from 22°C to 
30°C. Persistent infestations often occur in rice �ields that 
experience overlapping crop cycles,  facilitating the 
uninterrupted proliferation of YSB populations.
Despite its economic signi�icance, the ability to predict YSB 
outbreaks remains a challenge due to the highly variable and 
nonlinear nature of its population dynamics. Conventional 
statistical models such as multiple linear regression and 
autoregressive integrated moving average (ARIMA) models 
have been widely used for pest forecasting but are often 
ineffective in capturing autocorrelated, over-dispersed, and 
nonlinear patterns in insect population data. Count time series 
models, such as the Integer-Valued Generalized Autoregressive 
Conditional Heteroskedastic (INGARCH) model, offer a better 
alternative for modeling YSB population dynamics as they 
account for integer-valued autocorrelated count data, making 
them more suitable for insect pest forecasting.
In recent years, machine learning (ML) techniques have gained 
prominence in agricultural forecasting, demonstrating superior 
performance in handling complex datasets with nonlinear 
dependencies. Arti�icial Neural Networks (ANN), Support 
Vector Regression (SVR), and Extreme Learning Machines 
(ELM) have been successfully applied to various domains, 
including crop yield prediction, disease forecasting, and pest 
modeling. These ML models can ef�iciently capture intricate 
relationships between YSB populations and climatological 
parameters, offering more accurate forecasting capabilities. 
Recognizing the limitations of standalone statistical and ML 
models, this study proposes the integration of INGARCH with 
ANN, SVR, and ELM i.e INGARCH-ANN, INGARCH-SVR, and 
INGARCH-ELM to enhance forecasting accuracy by leveraging 
the strengths of both approaches.
This research was conducted in Bapatla, Nandyal, Nellore, West 
Godavari (Maruteru), and Srikakulam (Ragolu)districts of 
Andhra Pradesh, where YSB infestations are frequently 
observed. 

Weekly cumulative YSB population data were collected using 
solar light traps, while meteorological parameters, including 
temperature, rainfall, relative humidity, and sunshine hours, 
were recorded from automatic weather stations in and around 
the study locations. The study evaluates the predictive 
performance of INGARCH, ANN, SVR, and ELM models and their 
hybrid versions; INGARCH-ANN, INGARCH-SVR, and INGARCH-
ELM using Mean Squared Error (MSE) and Root Mean Squared 
Error (RMSE) as comparative measures.
By integrating statistical and machine learning-based 
approaches, this study aims to improve the accuracy of YSB 
population predictions and provide timely pest management 
recommendations. The �indings will help farmers in Andhra 
Pradesh adopt effective pest control strategies, reduce crop 
losses, and ensure sustainable rice production.

2.	Materials	and	Methods
2.1.	Data	Collection
Secondary data on light trap catches of major pests in rice was 
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 the Kharif 
and Rabi seasons. At Nellore (NLR), data is available from 2009 
to 2023, with 285 observations in Kharif (SMW 27–45) and 255 
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 
c o l l e c t e d .  Te n - w e e k  o b s e r v a t i o n s  w e r e  u s e d  a s 
testing/validation sets, and the remaining observations were 
used as the training data set.

2.2.	Statistical	Models
Statistical modeling started with descriptive statistical 
parameters encompassing mean, standard error (SE), 
skewness, kurtosis, minimum observation, maximum 
observation, and coef�icient of variations (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	 Generalized	 Autoregressive	
Conditional	Heteroscedastic	(INGARCH)	Model
The time series following the generalized linear model (GLM) 
framework was elaborated by [7]. INGARCH models are a class 
of GLM mentioned in [6] and [2], 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 [17].
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Additional details into the estimation of INGARCH models using 
conditional likelihood methods, particularly regarding their 
asymptotic properties, can be found in the works of [6] and [3]. 
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 
in�luenced 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 �lexible structure for modeling time series 
data with external in�luences [8].

2.2.2.	Arti�icial	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 the implicit functional representation of 
time. The general expression for the �inal output    of a multi-
layer feed-forward autoregressive neural network is expressed 
as follows:

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

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.
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The Box-Pierce test essentially accumulates the squared sample 
autocorrelations up to lag m, scaled by the sample size n, to 
detect any signi�icant 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 unspeci�ied alternative. The test enables one to test 
for nonlinear dependence because it is not affected by linear 
dependencies in the data.

2.4	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.

2.2.4.	Extreme	Learning	Machine	(ELM)

Figure	1:	Single	layer	feed	forward	network
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3.	Results	and	Discussion	
3.1	Summary	statistics
The summary statistics of Yellow Stem Borer (YSB) count data 
across �ive locations: Nellore, Maruteru, Bapatla, Ragolu, and 
Nandyal during Kharif and Rabi seasons reveal signi�icant 
spatial and temporal variability in pest populations. The mean 
YSB count was highest in Maruteru (Kharif: 532.17, Rabi: 
1216.63), indicating that this location experiences the most 
severe infestations, particularly in the Rabi season. In contrast, 
Bapatla kharif (56.78), Nellore kharif(176), and Ragolu Rabi 
(25.60) recorded moderate to low mean populations, while 
Nandyal (kharif 6.76) exhibited the least infestation levels. The 
median YSB counts across all locations were substantially lower 
than the mean, signifying a highly skewed distribution where 
most observations had low YSB counts, but occasional 
outbreaks caused extreme values. This is further emphasized by 
the mode (0) for all locations, indicating that YSB was often 
absent for many weeks, reinforcing the erratic nature of 
infestations. The standard deviation (SD) and coef�icient of 
variation (CV%) suggest a high degree of �luctuation in YSB 

populations across locations. Maruteru (Rabi) exhibited the 
highest variability (SD: 2376.84, CV%: 195.36), followed by 
Bapatla (Kharif: SD: 123.55, CV%: 217.59), implying that YSB 
infestations in these regions are unpredictable and subject to 
extreme spikes. The high CV% (>100%) across all locations 
indicates substantial population �luctuations, making 
forecasting challenging. The data also exhibited strong positive 
skewness, with values exceeding 6.9 in Bapatla and Maruteru, 
con�irming that YSB populations are dominated by periods of 
low counts with occasional outbreaks of exceptionally high 
numbers. Furthermore, kurtosis values were extremely high, 
particularly in Maruteru (Kharif: 76.65) and Bapatla (Kharif: 
65.04), signifying a highly peaked distribution with rare but 
severe infestations. The minimum values (0) across all locations 
highlight that YSB populations were absent for several weeks, 
while the quartile values (Q1 and Q3) demonstrate that 25% of 
observations recorded low counts, with the upper quartile (Q3) 
and maximum values revealing extreme outbreaks. The highest 
recorded infestation (20,648 in Maruteru Rabi) underscores the 
severity of these outbreaks and the need for an effective early 
warning system.

Table	1:	Descriptive	statistics	of	the	YSB	data	in	all	the	�ive	locations	in	kharif	and	rabi

Table	2.	Pearson	correlation	coef�icients	between	YSB	populations	and	climatological	variables
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*Signi�icant	at	5%	level,	**	signi�icant	at	1%	level,	NS-Not	signi�icant
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Figure	2.	Time	series	plots	of	YSB	Population	in	�ive	locations

The below �igure 2 shows the year-wise time series plots of the YSB population in �ive locations during two seasons i.e kharif and rabi 
except for Bapatla and Nandyal as the pest counts were recorded only for kharif season.
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Table	3.	Parameter	estimation	of	the	INGARCHX	model	for	YSB	populations	at	study	locations

3.2	Correlation	Analysis
In Bapatla (BPT) during Kharif, YSB incidence showed a 
signi�icant negative correlation with TMAX (r = -0.113, p = 
0.0306), TMIN (r = -0.184, p = 0.0004), and RF (r = -0.164, p = 
0.0017), indicating that higher temperatures and rainfall tend to 
reduce YSB infestation, while RHM had a signi�icant positive 
correlation (r = 0.126, p = 0.0162), suggesting that increased 
morning humidity favors pest development. TMIN had a 
signi�icant negative correlation with TMAX (r = -0.139, p = 
0.0080), while RF was positively correlated with TMIN (r = 
0.307, p = 0.0000). RHE showed signi�icant positive correlations 
with TMIN (r = 0.267, p = 0.0000) and RF (r = 0.307, p = 0.0000), 
while SSH had a signi�icant positive correlation with YSB (r = 
0.250, p = 0.0000) and a negative correlation with TMIN (r = -
0.205, p = 0.0001). However, SSH was not signi�icantly 
correlated with TMAX, RHE, RF, RHM (p > 0.05), and RHE was 
not signi�icantly correlated with YSB, TMAX, or RHM suggesting 
limited in�luence of evening humidity and sunshine hours on 
these weather parameters. In Nandyal (NDYL) YSB incidence in 
Kharif was signi�icantly negatively correlated with TMAX (r = -
0.289, p < 0.0001) and TMIN (r = -0.197, p = 0.0029), reinforcing 
the trend that higher temperatures suppress pest activity. 
However, TMIN had a strong positive correlation with RHE (r = 
0.528, p < 0.0001), suggesting that warmer nights combined 
with high humidity might create favorable conditions for YSB 
survival. Rainfall did not exhibit a signi�icant correlation (p > 
0.05). In Nellore (NLR) during Kharif, TMAX did not show a 
signi�icant correlation with YSB infestation (p = 0.4508), while 
TMIN displayed a strong positive correlation (r = 0.601, p < 
0.0001) with TMAX, suggesting that warmer nights promote 
infestation. Rainfall showed inconsistent effects, with one 
signi�icant negative correlation (r = -0.147, p = 0.0133) with 
TMAX. RHM and RHE are not signi�icantly correlated with YSB 
incidence. In Rabi, TMAX was positively correlated (r = 0.179, p = 
0.0042), suggesting that higher temperatures might favor 
infestation during the dry season. In Maruteru (MTU) during 
Kharif, TMAX did not signi�icantly in�luence YSB (p = 0.4943), 
but TMIN showed a negative correlation (r = -0.236, p < 0.0001), 
suggesting that cooler nights reduce infestation. Rainfall 
displayed mixed effects, with both positive and negative 
correlations, depending on interaction with other climatic 
variables. Notably, RHE exhibited a signi�icant negative 
correlation with YSB (r = -0.225, p < 0.0001), indicating that 
lower evening humidity may favor infestation. In Rabi, TMAX,

 TMIN, and SSH were positively correlated with YSB, suggesting 
that higher temperatures along with sunshine hours contribute 
to increased pest incidence in the dry season. RHM and RHE 
showed a negative signi�icant correlation with YSB incidence. In 
Ragolu (RGL) the YSB incidence during Kharif was negatively 
correlated with TMAX (r = -0.138, p = 0.0195) and TMIN (r = -
0.276, p < 0.0001), similar to other locations. RHM and RHE 
showed negatively signi�icant correlations with YSB incidence. 
SSH shows a positive correlation with YSB. Rainfall did not 
signi�icantly affect infestation (p > 0.05), while RHE and SSH 
exhibited a combination of signi�icant positive and negative 
correlations, with other weather parameters suggesting an 
intricate in�luence of microclimatic factors on pest dynamics. In 
Rabi, TMIN had a negative correlation (r=-0.159,p = 0.0072) 
with YSB incidence. TMIN had a strong positive correlation (r = 
0.911, p < 0.0001) with TMAX, reinforcing the hypothesis that 
higher nighttime temperatures favor infestation.
The results indicate that temperature, humidity, and rainfall 
play crucial roles in determining YSB incidence, with distinct 
seasonal and locational variations. Higher maximum (TMAX) 
and minimum (TMIN) temperatures are generally associated 
with reduced infestation during Kharif but contribute to 
increased infestation in Rabi. Relative humidity, both in the 
morning (RHM) and evening (RHE) exhibits complex 
interactions, with morning humidity often showing a positive 
correlation with YSB incidence. Rainfall has an inconsistent 
effect, with signi�icant positive correlations in some locations 
while being negative or nonsigni�icant in others. Additionally, 
sunshine hours (SSH) display signi�icant negative correlations 
with YSB in multiple locations, suggesting that increased solar 
radiation may suppress infestation levels. These �indings 
highlight the intricate relationships between climatic factors 
and YSB dynamics, emphasizing the need for location-speci�ic 
pest management strategies.

3.3	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 �ive 
locations of Andhra Pradesh and results are summarized in 
table.3.
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The INGARCHX model was �itted to analyze the time series data incorporating exogenous climatological variables. The estimated 
model parameters were found to be signi�icant at various locations and seasons, with β coef�icients indicating a strong dependence of 
current values on past observations. However, none of the climatological variables (TMAX, TMIN, RF, RHM, RHE, SSH) were 
consistently signi�icant 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, con�irming the heterogeneous and over-dispersed 
nature of the data, following a Poisson or negative binomial distribution. The estimated dispersion values were 2.47 (Bapatla-
Kharif), 0.55 (Nandyal-Kharif), 1.33 (Nellore-Kharif), 1.11 (Nellore-Rabi), 4.55 (Maruteru-Kharif), 1.97 (Maruteru-Rabi), 1.52 
(Ragolu-Kharif), and 1.10 (Ragolu-Rabi) (Table 3). Diagnostic checking of residuals using the Box-Pierce test revealed that residuals 
were signi�icantly autocorrelated (p < 2.2 × 10⁻¹⁶) at most locations, indicating that the model did not fully account for all 
dependence structures. 
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Notably, for Kharif at Nellore, the residuals showed relatively lower autocorrelation (p = 0.0043), suggesting a comparatively better 
model �it in that season at this location. However, in Rabi at Nellore (p < 2.2 × 10⁻¹⁶), Kharif and Rabi at Maruteru (p < 2.2 × 10⁻¹⁶), and 
Kharif and Rabi at Ragolu (p < 2.2 × 10⁻¹⁶), the residuals exhibited signi�icant autocorrelation, indicating potential model 
re�inements are necessary (Table 3). Overall, while the INGARCHX 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.

3.4	Machine	Learning	models	and	Two-stage	modeling	(Hybrid	models)	
In this study, in addition to INGARCH, Arti�icial neural network (ANN), Support vector regression (SVR), and Extreme learning 
machine (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 signi�icant original count time series linear and nonlinear signi�icant 
residual components to provide an aggregate forecast. As explained in the methodology section, the �irst step was to test the 
autocorrelation in the residuals by the Box-Pierce test along with conformation of non-linearity by the BDS test. The Box-Pierce tests 
revealed that residuals obtained by INGRACH models are autocorrelated and are nonlinear also as con�irmed by the BDS test. As the 
residuals were nonlinear, they were 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.4. 

Table	4.	Comparison	criteria	for	different	models	for	YSB	populations	in	training	and	testing	data	sets
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The results of modeling and predicting yellow 
stem borer (YSB) populations at different study 
locations were evaluated using MSE and RMSE for 
both training and testing datasets. Among the 
various models that were tested in INGARCH-
ELM consistently demonstrated superior 
predictive performance across most of the 
locations and seasons, achieving the lowest error 
values and effectively capturing the complex 
temporal dependencies of YSB population 
dynamics. In Bapatla (Kharif ) the SVR model 
outperformed the other models as it has the 
lowest performance metrics along with no 
autocorrelation among the residuals. Whereas, in 
Nandyal (Kharif), Nellore (Kharif, Rabi), and 
Ragolu (Kharif) INGARCH-ELM outperformed 
t h e  o t h e r  m o d e l s  w i t h  n o  s i g n i � i c a n t 
autocorrelation among the residuals and lowest 
RMSE and MSE values. In Ragolu (Rabi) among 
the models with no autocorrelation in the 
residuals, ANN performed better with the lowest 
error metrics(RMSE, MSE). In Maruteru (kharif) 
among the models with no autocorrelation in the 
residuals SVR model had the lowest performance 
metrics. In contrast, for Maruteru (Rabi) 
INGARCH-SVR was the best model having the 
lowest error metrics and no autocorrelation 
among the residuals. Overall, these �indings 
suggest that hybrid approaches integrating 
INGARCH with machine learning techniques, 
particularly extreme learning machines (ELM), 
signi�icantly enhance predictive accuracy, 
supporting more effective pest management 
strategies and data-driven decision-making in 
integrated pest control programs. Further, only 
those models with no autocorrelation among 
residuals and lowest performance metrics were 
considered as the best model which are 
mentioned in table 5.
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The results presented in table 5 highlight the 
best-performing models for forecasting Yellow 
Stem Borer (YSB) populations at various research 
stat ions  and seasons ,  a long  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 Nandyal (NDL) for 
both Kharif and Rabi seasons. In Nellore (NLR), 
the NBINGARCH-ELM model was the most 
effective in both seasons. For Kharif, it achieved a 
training RMSE of 4.60 and MSE of 21.13, while in 
testing, the RMSE and MSE increased to 8.09 and 
65.42, respectively, indicating a moderate rise in 
error. In Rabi, the model performed exceptionally 
well, with a training RMSE of 0.38 and MSE of 
0.15, and a testing RMSE of 0.31 and MSE of 0.09, 
demonstrating strong predictive accuracy. The 
Box-Pierce test for residual autocorrelation 
con�irmed no signi�icant autocorrelation in both 
seasons, as indicated by p-values of 0.60 (Kharif) 
and 0.71 (Rabi). 

For Ragolu (RGL), the NBINGARCH-ELM model, 
ANN emerged as the best model in kharif and rabi 
season respectively. In Kharif, it achieved an 
RMSE of 0.02 and MSE of 0.00 for training, and an 
RMSE of 0.02 and MSE of 0.00 for testing, 
re�lecting minimal error. In Rabi, the model's 
performance was slightly lower but still effective, 
with a training RMSE of 13.99 and MSE of 195.92, 
and a testing RMSE of 4.67 and MSE of 21.81. The 
Box-Pierce test results suggested no signi�icant 
autocorrelation in the Kharif season (p = 0.870), 
but mild autocorrelation was detected in Rabi (p = 
0.83). At Maruteru (MTU), the results varied by 
season. In Kharif, the SVR model was the best 
performer in training, achieving an RMSE of 12.78 
and MSE of 163.42. However, in testing, the RMSE 
drastically increased to 1188.62 and MSE to 
1,412,822, suggesting potential over�itting. In 
Rabi, the NBINGARCH-SVR model was the best 
model, achieving a training RMSE of 18.31 and	
MSE of 335.39, and a testing RMSE of 8.95and 
MSE of 80.08. The Box-Pierce test indicated no 
residual autocorrelation in Rabi (p = 0.057), 
whereas in Kharif (p = 0.089), the residuals were 
mostly uncorrelated. For Bapatla (BPT), the SVR 
model was the best-performing model in Kharif, 
with a training RMSE of 1.24 and MSE of 1.54, and 
a testing RMSE of 124.21 and MSE of 15427.08. 
However, the Box-Pierce test revealed no 
signi�icant autocorrelation in residuals (p = 
0.344). 

13.99
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At Nandyal (NDL), the NBINGARCH-ELM model achieved the best results in Kharif, with a training RMSE of 0.01 and MSE of 0.00, and 
a testing RMSE of 0.01 and MSE of 0.00. The Box-Pierce test showed no signi�icant autocorrelation (p = 0.232), con�irming the model's 
reliability in this location. Overall, the �indings indicate that the NBINGARCH-ELM model consistently outperformed other models, 
particularly in Nellore, Ragolu, Bapatla, and Nandyal, while the NBINGARCH-SVR model performed well in Maruteru (Rabi season). 
The SVR model, despite its low training error in Maruteru (Kharif season), exhibited a large gap between training and testing errors, 
suggesting over�itting. The Box-Pierce test results across locations, showed no signi�icant autocorrelation. Ultimately, these �indings 
reinforce that hybrid NBINGARCH-based models effectively capture YSB population dynamics, making them valuable tools for pest 
management and forecasting in different agricultural environments

Figure	3.	Actual	vs.	�itted	plots	of	YSB	population
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Conclusion
The study successfully integrated statistical and machine 
learning approaches to forecast Yellow Stem Borer (YSB) 
populations across various rice-growing locations in Andhra 
Pradesh. The results demonstrated that hybrid models 
( N B I N GA RC H - E L M ,  N B I N GA RC H -SV R ) ,  p a r t i c u l a r ly 
NBINGARCH-ELM, consistently outperformed standalone 
models in terms of predictive accuracy. The analysis highlighted 
the strong in�luence of climatic factors such as temperature, 
humidity, and rainfall on YSB dynamics, with notable variations 
across seasons and locations. While the SVR model showed 
promising performance in speci�ic cases, it also exhibited signs 
of over�itting, reinforcing the need for hybrid approaches. The 
Box-Pierce test con�irmed no residual autocorrelation, 
validating the reliability of the selected models. These �indings 
emphasize the potential of hybrid statistical-ML models in 
improving pest forecasting, which can aid in timely and effective 
pest management strategies. 

Future	Scope:
Future research can enhance model precision by integrating 
additional environmental variables such as wind speed and soil 
conditions, as well as agronomic factors like sowing dates, crop 
stages, and varietal resistance. Further, the development of real-
time forecasting systems and mobile-based advisory tools can 
bridge the gap between model predictions and farmer-level 
decision-making.
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