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Regression Neural Network—GRNN) #Afsel & #Tedd ¥ Rffea Tads R{Avanit 3k waa 399 & &g
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RSM) #fsel &1 qefalm 3 GRNN #Hisel & YaiofAld 1 Tl # GUR fhar| saar Aed @@ 3fe (MSE)
0.011-0.017, Fer e o & (RMSE) 0.090-0.109 2T R? &7 AT 0.91-0.94 % €T Tl GRNN #rser
& 3uder favg & fafdes sionfas && & @A a1 307 wHe i 39S F qagA & fav fmar
HAT &1 37 IROTAT & Favewor ¥ RREe, N et AR dtuedr AT sRer F O ey aar
AT 3cUTe U 3A% TAAT WIT A S5k o1 § THST Tohd &1

ABSTRACT. Food production is under pressure to fulfill the demands of growing populations. An accurate crop
yield prediction helps in agricultural production planning in such a situation. Due to the inadequate prediction
performance of the traditional linear models, the evolution of a crop yield prediction model is necessary. The prediction
model should be easy to understand and precise and require less time during the training and validation stages. For these
reasons, the current study emphasizes developing an accurate nonlinear model that is flexible and simple for crop yield
prediction. An experimental nonlinear relationship between various independent attributes and crop yield has been
derived from the novel General Regression Neural Network (GRNN) model. Numerous agro-climatic factors have been
considered across diverse geographical regions influencing rice and wheat yield production. Key environmental and soil
input parameters viz. water level, average temperature, humidity levels, and nitrogen content are considered as for rice
yield prediction, whereas soil moisture, precipitation levels, average temperature, and sunlight hours are listed for wheat
yield prediction. It has been observed that the model shows improvement in the prediction accuracy with mean square
error (MSE) between 0.011-0.017, root mean square error (RMSE) between 0.090-0.109, and R? value between 0.91-0.94
compared to the corresponding response surface methodology (RSM) model. The GRNN model can predict different
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crops from the same or other geographical regions worldwide. Farmers, agronomists, and researchers can better
understand the interrelationship between different attributes and how they might impact overall production by analyzing

these results.

Key words — Crop yield, prediction, nonlinear model, general regression neural network, response surface

methodology.

1. Introduction

Agriculture is particularly a vulnerable sector due to
varying climate patterns. The researchers predict yield to
determine the proper policy response (Kumari et al.,
2023). However, predicting agricultural production is
challenging since it involves natural factors (like weather)
and farmers’ decisions or actions (such as acreage, crop
rotation, and water irrigation). Crop vyield exhibits
nonlinear behavior in terms of both geographical and
temporal variation (Drummond et al., 2003). The most
popular techniques, such as crop simulation and data-
driven models, are commonly used to estimate inputs
affecting agricultural yield. However, statistical models
consider the underlying eco-physiological conditions and
forecast crop yields using historical climate, soil data, and
observational yield data (Schlenker & Roberts, 2009).
Process-based models generate more accurate results than
statistical models, although statistical models are powerful
in terms of the variety of data, volume, and velocity
(Roberts et al., 2017). A better alternative to conventional
regression models is statistical models implemented using
machine learning models, which also come with tools for
gaining deeper insights into the data. For crop vyield
prediction, a variety of machine learning models have
been employed, from deep learning algorithms (Khaki et
al.,, 2021; Rao &Manasa, 2019; Wang et al., 2018) to
linear regression and decision trees (Jeong et al., 2016;
Ranjan & Parida, 2019; Shah Hosseini et al., 2020;
Vashisth et al., 2024; Bhatt et al., 2024).

RSM is considered a sophisticated mathematical tool
for evaluating the correlation between multiple
independent input parameters and the output responses. It
can also optimize these input parameters for the best
results (Taoufik et al., 2022). However, the nonlinear
approach of RSM limits the range of input variables (Xue
et al., 2023). Machine learning (ML) approaches address
the nonlinear relationship between crop production and
climate by mathematically expanding the objective
function. According to Zeroual et al. (2009); Yonaba et al.
(2010), and Zeroual et al. (2024); artificial neural network
(ANN) is the most widely used machine learning
technique that uses nonparametric structure. Safa and
Samarasinghe (2011) used the ANN and, subsequently,
the linear regression model to predict energy consumption
in wheat production. Iran's paddy yield showed similar
results (Abrougui et al. 2019; Taheri-Rad et al., 2017)
using the ANN and multiple linear regression (MLR)
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techniques to evaluate the potato yield prediction behavior
utilizing tillage schemes and soil parameters. As a result,
the neural network model shows higher accuracy in
figuring out how tillage, soil characteristics, and potato
yield are related. In other research, viz. corn and soybean
yield (Kaul et al., 2005), wheat yield (Guo et al., 2014),
and dry matter yield(Majkovi¢ et al.,2016) have all been
predicted using ANN models using agricultural data.
Linear models are now less compatible due to increased
exposure to uneven climate conditions. A hybrid MLR-
ANN model has already been used in some earlier

research (Gopal and Bhargavi, 2019; Safa &
Samarasinghe, 2011).
Because of the complex and unpredictable

mechanism, predicting crop production using traditional
methods is difficult. The outstanding ability of some
advanced soft computing techniques, such as ANN,
GRNN, and others, to depict the interaction and nonlinear
relationship with input variables and learning from
experimental data makes them noteworthy for their ability
to predict these responses with great success (Yadav et al.,
2015; Ozener et al., 2013; Ouz et al., 2010). The
probabilistic GRNN, a learning approach for function
approximation, was first presented by Donald Specht in
1991 (Specht, 1991). The ability of GRNN to rapidly
assess continuous variables during the training phase has
made it preferred among several soft computing
approaches. Additionally, it uses training data to evaluate
the function immediately, eliminating the need to repeat
the training set (Bendu et al., 2017). Any regression issue
in which linearity is not justified can be handled with
GRNN, a memory-based one-pass learning algorithm.
Probabilistic neural networks, such as GRNN, are more
valuable than other neural networks because when there
are few training trials available, they can converge to the
underlying function of the data (Jiang et al., 2024). The
amount of additional information required for GRNN is
minimal, and it can be executed without any additional
information by the user (Liu et al. 2023; Zhang et al.
2024).

Because of all these factors, GRNN is a helpful tool
in real-world applications for predicting and evaluating
the performance of any system. When there are more
redundant inputs, it is not recommended to use GRNN
since it cannot overlook those irrelevant inputs without
significant modifications to the fundamental algorithm
(Srinivasarao et al. 2025). In the fields of non-
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conventional machining (Pradhan and Das, 2015; Das and
Pradhan, 2014), electrical (Chen et al., 2009), medical
(Land et al., 2012), image processing (Polat and Yildirim,
2008), and various other fields (Chelgani and Jorjani,
2011; Rooki, 2016; Kumar and Malik, 2016; Cheng and
Xiong, 2017; Yao et al., 2024; Dai et al., 2024; lzonin et
al., 2024), only few researchers effectively used GRNN.
Even though artificial data augmentation is used daily for
these neural networks, most of them are utilized in image
processing, machining, medicine, and electrical
applications. However, one of the most important
scientific and technical issues is developing numerical
data augmentation techniques for resolving several
agricultural issues.

Selecting the optimal parameters for accurate
prediction, desired responses, and ongoing process
monitoring are all crucial to meeting the demands of the
global agricultural sector. However, selecting the optimal
climate and agricultural factors is difficult due to the wide
range of choices and the conflicting nature of multiple
responses. It is clear from previous research that minimal
work has been done to achieve the aforementioned goals.
However, little consideration has been given to choosing
the optimal conditions for jointly predicting rice and
wheat crop yields using the innovative GRNN-RSM
technique. Thus, there is a significant need to build a
suitable model to improve agricultural performance and
predict the best crop yield with the least error. This study
is exclusive since it fills up these gaps in the literature.
Thus, a GRNN model is built to generate rice and wheat
crop yields as the output, climate variables, and
agricultural inputs. The model's prediction accuracy has
been compared with statistical models like Response
Surface Methodology.

2. Data and methodology

RSM and GRNN models have been adopted for crop
yield prediction and both models' prediction accuracy has
been evaluated in the next section. Both the models were
deployed and validated using MSE, RMSE, and
coefficient of determination (R?) values. The sub-sections
below have showcased detailed discussions on the
agricultural features considered. Fig.1 depicts the detailed
methodology for this proposed research work.

2.1. Data acquisition

Datasets for model development have been collected
from the IEEE database (Karthick Raghunath K.M., 2023).
The datasets include records for two of the most widely
grown crops: rice and wheat across diverse region. The
dataset covers several crop growth seasons up to 2023,
which ensure to help readers understand the temporal
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Fig. 1. Methodology of proposed work

coverage. The datasets offer thorough insights into the
range of environmental and soil-related factors that are
conventionally important in determining crop yield.

2.2. Data preprocessing

The research aimed to predict the impact of various
agro-climatic factors on yield of two widely produced
crops, i.e., rice and wheat. Water level (WL), average
temperature (AT), humidity levels (HL), nitrogen content
(NC) has been considered for rice yield prediction.
Similarly, soil moisture (SM), precipitation levels (PL),
and sunlight hours (SH) and average temperature (AT) for
wheat yield prediction. The sample of size 100, from a
population as large as 5000 observations, was selected
through the division of the entire range into equal
intervals. Equal intervals were chosen to ensure that each
part of the range was represented uniformly. This method
minimized the potential for sampling bias, covering every
section of the range equally. Data points were then
collected at these evenly spaced intervals,
comprehensively  representing the overall range.
Significant variations in data observations lead to issues
during calibration. During the model's development, data
normalization aids in resolving this issue and improves
convergence.

23. RSM

RSM is a statistical and mathematical approach used
to produce, improve, and optimize issues where several
influencing variables impact a response variable. Analysis
was set at a significance level of 5% and a confidence
level of 95%. Fig. 2 shows workflow diagram for RSM
model.
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Fig. 2. RSM Workflow

Eg. (1) measured the optimum response Y, following the
quadratic model or second-order polynomial.

Y =B, + Z Bx; + z Bﬁx%+i Z Byxix; 5 (i)
i=1 i=1

i=1 j=2

where S, is a constant; x;and x; are the input variables.
The linear, quadratic, and interactive coefficients are
denoted by S;, B;;, and f;; respectively.

ey

2.4. GRNN method

A neural network is originally inspired by biological
systems composed of neurons. The model uses a
supervised learning method to determine the expected
outcome. The architecture is parallel-conveyed and has
many neurons and connections between them. There is a
weight associated with each connection that connects one
hub to the next (Esme et al., 2009). Initially, data was
collected and preprocessed, and the normalized data was
segregated into training, testing and validation phases,
respectively. The prediction model has been developed by
employing the training set with an error correction
mechanism, with the remaining being used for model
testing and validation. Fig. 3 shows workflow diagram for
GRNN model.

Input, pattern, regression, and output are the four
layers that make up GRNN. The structure-provided data is
shown as input in the input layer. These data are then
processed collectively at the pattern layer. Thus, all of the
experiments associated with training are the same as the
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total number of neurons (lzonin et al., 2024). The output
layer estimates the yield, whereas the regression layer's
extra neuron calculates the probability density function.
According to Rooki, 2016; the GRNN model requires
fewer training sets than traditional ANN models. Fig. 4
shows the architecture of the GRNN model representing
four layers, respectively. Y;

X, Y exp[-D?/20?%]

P exp[-DF/207]

rx) = )

where, (X;Y))= sample of (X,Y); D?= Scalar
function; o= Square of Gaussian RBF kernel bandwidth
(Zhang et al. 2024); m = no. of testing patterns;

Df = (X —X)" (X - X}) 3)

The following is an outline of the GRNN model
implementation (Zhang et al. 2024; Gao et al. 2025):

1%t Step: At first, a total of 100 experimental datasets
have been initialized. The model was trained on 60
datasets, validated on 20 datasets, and the predictive
model was tested on the remaining 20 datasets. All the
datasets have been chosen arbitrarily to maintain
consistency.

2" Step: The smoothening parameter was obtained
using the cross-validation technique. The grid search
method has been used to determine the optimum adaptive
parameter (o2) for achieving the nominal cross-validation
error.
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Fig. 4. Architecture of GRNN model

3" Step: After that, a Scalar function (D?) has been
generated for each experimental setting (i = 1-100) using

Eq. (3)

4™ Step: By substituting o and (D?) in Eq. (2), the
coefficient was obtained.

5t Step: In the pattern layer, the actual output value,
Yiwas multiplied by the exponential term.

Step 6: An extra neuron in the regression layer
estimated the output probability density function.

Step 7: Within the experience space, a weighted
average of the GRNN-processed output was determined.

Step 8: Using the remaining 40% datasets, the
effectiveness of the proposed model was investigated
using a validation and testing methodology.

In GRNN, the only adaptive criterion is kernel width
(o). Therefore, overfitting of the data is offered by a
smaller value of 6, while over-smoothing is produced by a
larger value of o (Dwivedi and Tajer, 2024). Therefore,
for the generalization ability and prediction accuracy of
GRNN (Bendu et al., 2017), the value of the smoothening
parameter is significant. The grid search approach was
employed to get the optimal kernel width value. For the
cross-validation execution, the kernel width needed to
obtain "N" values using Eq. 4. The optimal adaptive
parameter (o2) value for this research is 3.64 (see Fig. 5).

) Ohigh —Olow
N

o=0,y +(p—-1 )]

where, p = 1,2,3,....1; 01py, = 1; Opign = 10; N = 10
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2.5.  Model interpretation and comparison

MSE and RMSE have been calculated to compare
the available output value with all the generated outputs
using the model (Eg. 5-6). Using Eq. (4), the R? or
Coefficient of determination value is calculated (Eq. 7).
The predicted model performs better when MSE, and
RMSE, values are lower.

™ (Outyps — Outeg)?
MSE = <Zl—1( ob:l est) ) (5)
™ (Outyps — Outpgt)?
RMSE = sqrt <Zl_1( Ob:l est) > (6)
2 (Z?:ﬂoutobs —Outops) (Outest _Outest))z
R*= (7

T, (Outops —0utops)? Ll (Outese —Outege)?

where Outops and Outes represent the expected yield and
estimated yield, respectively. There is a ‘n’ number of
patterns for testing. Any value between 0 and 1 can be
taken in R2 This indicates how well the data is fitted by
the model. The higher the value of R?, the better the model
fits the data.

3. Results and discussion
The correctness of prediction by GRNN has been
compared with the RSM.

3.1. Yield prediction using RSM

RSM is a statistical technique that is helpful in
modeling and analyzing real-life challenges. Several
agricultural input features and performance metrics are
correlated using RSM. This model is developed ata 95%



MAUSAM, 77, 4 (October 2026), Part-II

750
700
650
600
550 3.64
500

450

Cross Validation Error

400

350

Sigma

Fig. 5. Cross-validation curve for GRNN model

confidence level. RSM has been used to establish the
former equations in MINITAB 17 software. The quadratic
model was employed to predict the response values, as
shown in Egs. 8 and 9.

Yield (Rice) = 14887-171.7WL-947.2AT+51.8HL-831NC
-0.254WL*WL+9.69AT*AT-0.8008HL*HL+545.2NC*
NC+4.830WL*AT+0.152WL*HL+35.31WL*NC+3.430
AT*HL+11.6AT*NC-26.22HL*NC (8)

Yield(Wheat) -6362+ 190.87SM+304.4AT+62.93PL-
509.2SH-0.3987 SM*SM-2.230AT*AT-0.13624PL*PL+

39.93SH*SH-1.014SM*AT-0.6547SM*PL-5.627SM*SH-
0.5659AT*PL-9.783AT*SH+0.237PL*SH 9)

where WL, AT, HL, NC, SM, PL, and SH are water
level, average temperature, humidity levels, nitrogen
content, soil moisture, precipitation levels, and sunlight
hours, respectively.

Probability plots are employed to evaluate whether a
dataset adheres to a particular distribution, typically the
normal distribution. If the data elements are
approximately aligned with a straight line, the data
follows the specified distribution. The actual yield closely
resembles the predicted yield, exhibiting an approximately
normal distribution. With minimal deviation between
predicted and actual values, the prediction model appears
to be robust. A few rare or outlier cases are suggested by
only minor deviations at the tails, which is common in
numerous real-world datasets. Fig. 6(a)—(b) depicts the
Probability plots of actual and estimated values for both
crop yields.

The best-fitted data are examined for the model, and
S and R? values have been studied. Higher R? values are
obtained using a generalized regression model, where R
stands for correlation coefficient, and lower S values,
where S stands for the sample's standard errors.
The previously developed model shows that calculated
S values for rice are 4.486 and wheat yield is 1.85,
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Fig. 6(a). Actual vs Estimated crop yield (rice) values in RSM model
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Fig. 6(b). Actual vs Estimated crop yield (wheat) values in RSM model

respectively. The corresponding R? values for both
responses are 80.56% and 85.67%, respectively. A brief
analysis will reveal that the established model best fits the
collected data.

An ANOVA (Analysis of variance) result for
multiple crop yields has been presented in Tables 1 and 2.
ANOVA’s significance test assessed the impact of the
independent variable on the dependent variable. The
model is highly significant, as indicated by its F-value of
53.98 and 254.54, and the p-value is less than 0.01, as
shown in Tables 1 and 2.

3.2.  Yield prediction using GRNN

The GRNN model has been implemented using
experimental data where input parameters WL, AT, HL,
NC for rice yield and SM, PL, AT, SH for wheat yield
serve in the input layer and the corresponding crop yield
component in the output layer. MATLAB R2015b
software codes were used to simulate on a LENEVO
computer (configuration: Intel Core i7-4" generation, 3.9
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TABLE 1

ANOVA for rice yield

Source Degrees of Freedom (DF) The Sum of square (SS) F-Value P-Value
Model 14 15211.1 53.98 0.000
Linear 4 3764.8 46.76 0.000
WL 1 683.2 33.94 0.000
AT 1 1177.9 58.52 0.000
HL 1 1368.0 67.96 0.000
NC 1 716.5 35.60 0.000
Square 4 4805.1 59.68 0.000
WL*WL 1 64.6 3.21 0.077
AT*AT 1 1740.1 86.45 0.000
HL*HL 1 2399.1 119.20 0.000
NC*NC 1 905.2 44.97 0.000
2-Way Interaction 6 6386.3 52.88 0.000
WL*AT 1 2172.7 107.95 0.000
WL*HL 1 213 1.06 0.306
WL*NC 1 1235.7 61.39 0.000
AT*HL 1 1744.4 86.67 0.000
AT*NC 1 17.9 0.89 0.348
HL*NC 1 1024.8 50.92 0.000
Error 85 1710.8
TABLE 2
ANOVA for wheat yield
Source Degrees of Freedom (DF) The Sum of square (SS) F-Value P-Value
Model 14 12089.7 254.54 0.000
Linear 4 22176 163.42 0.000
SM 1 411.7 121.35 0.000
AT 1 453.2 133.59 0.000
PL 1 147.6 43.50 0.000
SH 1 1369.7 403.73 0.000
Square 4 3976.0 292.99 0.000
SM*SM 1 101.2 29.83 0.000
AT*AT 1 448.1 132.08 0.000
PL*PL 1 2415.1 711.89 0.000
SH*SH 1 786.5 231.84 0.000
2-Way Interaction 6 4588.9 225.44 0.000
SM*AT 1 138.5 40.83 0.000
SM*PL 1 2667.8 786.38 0.000
SM*SH 1 3115 91.82 0.000
AT*PL 1 606.6 178.81 0.000
AT*SH 1 388.3 114.46 0.000
PL*SH 1 8.6 2.54 0.115
Error 85 288.4
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Fig.7b. Plot of residuals for the overall GRNN values (Wheat Yield)

GHz CPU, and 8 GB RAM). The models' results were
compared against experimental data to evaluate their
adequacy. The GRNN model used 100 processed data sets
for training, validation, and testing. Of these, the network
was trained using 60% of the datasets, testing was
conducted using next 20%, and the model was validated
using the remaining 20%.

A maximum inaccuracy of 9.30% has been found
when comparing the experimentally observed and GRNN-
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predicted crop yield values, as shown graphically in Fig.
7. Residual analysis is a primary diagnostic tool to
evaluate the model efficiency. Figs 7a and 7b show a
histogram of the standardized residual as a normal
probability plot against the fitted value and observation
order. Additionally, it is clear that there is no outlier, and
the process follows normal distribution. Fig. 7a and 7b
show that the plot between the observed levels and the
standardized residuals does not follow a noticed pattern
i.e., structureless. It is clear from Figs. 7a and 7b that a
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linear approximation between values predicted by GRNN
and the experimental data has been revealed. This implies
that GRNN can accurately predict crop responses with
minimal error. Therefore, it can be said that the model
performs satisfactorily.

During the training phase of GRNN, a maximum
9.30% error and a minimum -7.49% error were observed.
Fig. 8 illustrates the error percentages within the training
datasets. After training, the developed GRNN model
underwent testing and validation before being compared
with experimental results. Fig. 9 displays the error
percentages observed during the testing phase, with an
utmost error of 9.05% and a lowest of -7.95%. During the
validation phase, the error percentage depicted in Fig. 10
ranged from a minimum of -5.40% to a maximum of
7.29%. These findings indicate that the GRNN model's
predictions closely align with the experimental data.
Based on the results obtained from the training, validation,
and testing phases, it can be concluded that the GRNN
model is suitable for predicting or analyzing crop
responses with an acceptable error margin of £10%.

3.3. Comparison of RSM and GRNN

Error analysis plays a crucial role in the research,
offering valuable insights into how precise and
dependable the predictive models are. The graphical
representations of MSE, RMSE, and R? values are shown
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Fig. 10. Visual depiction of error percentage in GRNN validation data

in Figs. 11-14, respectively. Figs. 11 and 13 show the
RMSE values for rice and wheat crop yields. MSE and R?
values are shown in Figs. 12 and 14, respectively. During
the training and testing phases, the GRNN model
predicted crop yields with notably superior accuracy over
the traditional RSM model for both crops. Using the
GRNN model, the training phase RMSE value for rice
was found to be 0.090. However, the RMSE value using
RSM was 0.285. This is in good agreement with previous
studies (Thurkkaivel et al. 2021; Son et al. 2022; Satpathi
et al. 2023; and Yu et al. 2023). It is noted that there is a
slight discrepancy between the RMSE values calculated in
this study and earlier similar studies; this discrepancy may
result from modifications to the variable specification and
the caliber of the testing pattern used.

For wheat, the training phase RMSE value was 0.070
using the GRNN model, whereas the same for the RSM
model was 0.307. These results are in good agreement
with the previous study (Basso and Liu, 2019; Srivastava
et al., 2022; Kaur 2023). A minor disagreement has been
seen between the RMSE values computed in other
pertinent studies and the current study; this discrepancy
may result from differences in the definition of the
variable and the caliber of the testing pattern used. Figures
12 & 14 show the R? values, which indicate the estimated
models' goodness of fit. Using the GRNN model, the R?
values for rice and wheat yields fall between 0.91 and
0.94, whereas the RSM model's R? values fall between
0.80 and 0.85. A comparison of R? values for both crops
also shows that the GRNN model outperforms the
regression model regarding goodness of fit.

The aforementioned observation indicates that,
compared to the conventional RSM approach, the GRNN
model predicts crop yield with noticeably more accuracy.
Thus, compared to the RSM, GRNN shows significantly
higher capacity in terms of generalization. While RSM
can only approximate a second-order polynomial, the
GRNN can approximate the system's nonlinearity
universally, which accounts for its superior predictive
accuracy.
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Fig. 13. RMSE comparison of GRNN and RSM models (wheat yield)

3.3.1. Trend analysis

The predictive performance comparison between
RSM and GRNN has been illustrated via trend analysis in
Figs. 15 and 16. Because RSM uses a fixed quadratic
surface, that can underfit if the yield relationship is more
complex than a parabola. Whereas, GRNN is non-
parametric and adjusts to local variances, identifying
complex patterns that RSM misses.

In both graphs (Figs. 15 and 16) the GRNN curve
more closely resembles the actual yield line than the RSM
curve, indicating that GRNN predictions are more in line
with reality. It is visually evident from the plots that
GRNN would be the better option in practical
applications. Better fit in yield prediction results in
more reliable recommendation for climate-resilient
farming.

Fig. 14. MSE and R-Square comparison of GRNN and RSM models
(wheat yield)

4,  Conclusions

The agricultural system requires the application of
nonlinear methods of yield prediction. The application is
necessary due to the nonlinear feature of numerous
environmental parameters that influence the efficiency of
crop yield. Hence, more accurate prediction techniques
must be used than traditional statistical modeling methods.
In this work, the RSM and GRNN models were
developed, and their performances in terms of modeling
and predictive abilities were compared. Even with fewer
testing patterns, the GRNN outperformed the RSM with
higher accuracy and predictive ability. Because of the
well-organized structure, RSM is still helpful for
immediately gaining insight into the system (e.g.,
relationships between features). However, GRNN has
consistently done better than RSM in both category of
yield. With an MSE of 0.017, 0.011, RMSE of 0.109,
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Fig. 16. Trends of GRNN - RSM along testing patterns (Wheat yield)

0.104 and an R? value of 0.91 and 0.94, respectively, the
GRNN model was able to forecast the production of rice
and wheat simultaneously. The model can be extended to
other regions of the country by adding more input
features, which will be helpful for many researchers in
future studies.

4.1. Future scope

Although the suggested GRNN-based method shows
potential for predicting multi-crop output, there are a few
things to remember in future research. The method
excludes domain-specific agronomic knowledge due to
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confidentiality agreements, which could improve the
robustness and dependability of the model. Last but not
least, although being selected for its capacity to represent
nonlinear interactions, GRNN's relative performance
could be evaluated more broadly by comparing with other
machine learning based methods. Future research should
concentrate on resolving these issues by enhanced data
preprocessing, hybrid modeling, and thorough comparison
with other approaches.

Despite all the limitations, there are some practical
strategies that might strengthen the real-world
applicability of the model. The GRNN based model has
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been developed by employing datasets from diverse
regions so that it can predict different crops from the same
or other geographical regions worldwide. For instance, if
predicted yield is not as expected in heavy rainfall or
drought affected area, farmers can adopt intensive crop
cultivation by using modern machinary, presticide and
fertilizer optimization, irrigation scheduling to produce
estimated yield in such vulnerable areas. Decision makers
may even follow crop rotation to avoid risk arising of
insufficient production and promote food safety.
Moreover, the selection of key agro-climatic input
parameters has been used to identify high-risk areas for
declining yield production under various environmental
conditions. The proper selection of input factor plays a
vital role to build up the proposed GRNN model robust
and accurate. Because of its high accuracy and low
processing cost, it can give policymakers information on
the gaps in the future food supply as Climate-resilient crop
planning is supported by policy, which is relevant to SDG
2 (Zero Hunger). In order to increase model robustness
and dependability, future work will combine GRNN
modeling with expert-driven feature engineering and
region-specific agronomic knowledge as per India
Meteorological Department (IMD) guidelines.
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