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S Ts gles3M3e Selie (2020-2022) WX Tcdd fohar amr oar|  9gRome 3f&id #&ad § & ANN &
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g1 TR & @, oFT #, ANN =1 2491.28 To/geaR T RMSE 3N 3.57% H1 MAPE 9red e, &
#H, RMSE 8139.02 ca/goemR 3R MAPE 9.92% T, ardr &, RMSE 3630.44 ca/geea® 3R MAPE
4.43% 1| AGENT #F o Arser ¥ 5388.97 TARFEI & RMSE 3R 8.55% & MAPE & &1 30T et
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A RFR 3 SVR & @@ 3R ardh & sgcaqt IRt & @y Bfda ofom Ram, o e
aRadaelierdr & gof A # gHlfadl 9 e sied &1 fadvar #ged favawor (Feature importance
analysis) & gdr @em & #HEd e @ (Weather Variables), i @maféies 3méar (Relative Humidity)
3R aw (Rainfall), F8f el & 397 qaleqAal & fAT #e@ Ageaqul qalegae (Predictors) &1 31eadet
5F 9 W o T ¢ fF ReAle dRer (Remote Sensing) 3er &t #Htgadm @« =T (Meteorological
Variables) & &I TIhd (Integrate) el & Hisel T Hhal H Sooled FUR AT ST Fehell &, AW
T & SMLR (RUass Aedlud ehfeiar Raere) Alsel & fAT| eqaqeT & 3ER, @& (Bharuch), §Id
(Surat) 3R At (Tapi) e & ANN (F35 AT dcash) e & 3957 1 YElAE oo & faw st
39gFd ¢, Safh AqaNr (Navsari) el & fw SMLR 31 3ugerd oram a1a1| ¥ fasey aleat &1 derar
¥ qaiE Afsd # GUR A, RS F qemst 1 @ a3k G e qur S seee
# M AT B wErar W F AT Aeaae e yaret aa g

ABSTRACT. Accurate crop yield forecasting is essential for sustainable agricultural management and food
security. This study leverages meteorological parameters and machine learning techniques to develop a robust yield
prediction model for sugarcane in the major sugarcane growing district of Gujarat. This study evaluates the performance
of Stepwise Multiple Linear Regression (SMLR) and three machine learning (ML) models: "Avrtificial Neural Networks
(ANN)," "Random Forest Regression (RFR)," and "Support Vector Regression (SVR)" for predicting sugarcane yield in
four districts of Gujarat, India (Navsari, Bharuch, Surat, and Tapi). Historical yield data (2001-2019) and weather
variables were used to train and test the models, with validation performed on a holdout dataset (2020—2022). Results
indicate that ANN outperformed other models in most districts, achieving the lowest errors and highest predictive
accuracy. Specifically, in Bharuch, ANN achieved an RMSE of 2491.28 t/ha and MAPE of 3.57%; in Surat, the RMSE

was 8139.02 t/ha and MAPE 9.92%; in Tapi, the RMSE was 3630.44 t/ha and MAPE 4.43%. In Navsari, the model also
performed well with an RMSE of 5388.97 t/ha and MAPE of 8.55%. SMLR demonstrated strong performance in Navsari
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but required further optimization in other regions. RFR and SVR showed mixed results, with significant errors in Surat
and Tapi, highlighting challenges in capturing regional variability. Feature importance analysis revealed that weather
variables, such as relative humidity and rainfall, were critical predictors across all districts. The study underscores the
importance of integrating remote sensing data with meteorological variables to enhance model accuracy, particularly for
SMLR. ANN is recommended for yield forecasting in Bharuch, Surat, and Tapi, while SMLR is suitable for Navsari.
These findings provide valuable insights for improving sugarcane yield prediction models, supporting sustainable
agricultural practices, and aiding policymakers in resource allocation and risk management.

Key words — Machine learning, Meteorology, Yield forecasting, Sugarcane, ANN and SMLR.

1. Introduction

Sugarcane (Saccharum officinarum) is a vital crop
globally due to its widespread use in daily life and its
economic importance in both dietary and industrial sectors
(Zulu et al., 2019). India ranks as the world's second-
largest producer of sugar, following Brazil, and its sugar
industry is also the country's second-biggest agro-
processing sector (Tyagi et al., 2023). With the population
steadily growing, the demand for transportation has
surged, leading to a rise in greenhouse gas emissions.
Moreover, limitations in renewable energy production
could pose challenges in meeting the energy needs of
electric vehicles (Tarei et al., 2021). In response to these
challenges, biofuels have gained attention as a sustainable
alternative in the transport sector. The Indian government
launched the National Policy on Biofuels in 2018, which
permitted the utilization of sugarcane juice for ethanol
production (Azad et al., 2024). As a result, sugarcane has
become a key crop for both sugar and ethanol
manufacturing.

Sugarcane is a vital cash crop in South Gujarat, but
its cultivation faces intertwined climatic, infrastructural,
and socio-economic challenges. Despite high rainfall,
uneven distribution, and poor drainage cause waterlogging
in low-lying areas, while upland regions suffer from
falling groundwater and unreliable canal irrigation. Small
landholdings further hinder timely adoption of modern
practices. Socio-economic issues also impact productivity-
farmers report low procurement rates by co-operative
societies, high labour costs and shortages, dishonest
weighing, and high transport costs. Delays in harvesting,
late payments, lack of mechanization, and poor advisory
services worsen the situation (Chaudhari and Trivedi,
2023). In conclusion, farmers primarily face challenges
related to low procurement prices, high labour costs,
labour scarcity, and dishonest practices at the
weighbridge.

Crop yield forecasting is a crucial yet challenging
task, especially in countries like India that experience
unpredictable weather patterns (Paudel et al., 2021).
Accurate mid-season yield prediction is essential for
supporting farmers, policymakers, agronomists, and other
stakeholders in the agricultural supply chain (Chipanshi et
al., 2015). Several methods are employed for yield
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forecasting, including field surveys, crop simulation
models (CSM), and empirical approaches such as
regression models (Basso and Liu, 2019). Field surveys,
though effective, are labor-intensive, time-consuming, and
prone to errors due to inadequate sampling and reliance on
farmers' responses. Empirical models establish statistical
relationships between predictors and crop yield, while
mechanistic models use equations to simulate crop growth
based on environmental conditions (Dimov et al., 2022).
However, the application of CSM on a regional scale is
limited due to insufficient data and challenges in
validating model outputs (Dhakar et al., 2022). Regression
models, on the other hand, are widely used in agricultural
monitoring due to their simplicity and lack of the complex
calibration process required for mechanistic models
(Lobell and Asseng, 2017; Mathieu and Aires, 2018).
Additionally, advancements in remote sensing and
machine learning are enhancing yield prediction accuracy
by integrating satellite-derived data and climatic variables
(Virani et al., 2024).

Various  empirical  techniques have  been
implemented to enhance the accuracy of sugarcane yield
estimation, showcasing significant progress in predictive
modeling. SMLR has been effectively used to establish
relationships between variables (Kumar et al., 2014;
Dubey et al., 2018; Verma et al., 2020; Kumar et al.,
2022). SVR has gained recognition for managing
nonlinear data patterns (Nihar et al., 2022; Abebe et al.,
2022). ANN have demonstrated the ability to capture
intricate data patterns (Abebe et al., 2022; Krupavathi et
al., 2022). RFR is widely acknowledged for its robustness
and efficiency in handling large datasets (Singla et al.,
2020; Shendryk et al., 2021; Nihar et al., 2022).
Moreover, Extreme Gradient Boosting (XGBoost) has
emerged as a powerful technique for improving prediction
accuracy (Nihar et al., 2022; Zhu et al., 2023). These
diverse methodologies reflect ongoing advancements in
improving the precision and reliability of sugarcane yield
forecasting.

2. Data and methodology

2.1. Study area

The key sugarcane-growing districts of South Gujarat
were selected for this study due to their significant
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Fig. 1. Map showing the forecasting districts (Navsari, Surat, Bharuch, and
Tapi) of South Gujarat

contributions to the state's sugarcane cultivation (Fig. 1).
These four districts-Bharuch, Surat, Tapi, and Navsari-
collectively account for approximately 83% of Gujarat's
total sugarcane area and production. Bharuch district
emerged as the leader in sugarcane cultivation, with the
largest planting area of 68.7 thousand hectares. However,
Surat district recorded the highest production, reaching
6,577 thousand metric tonnes. Despite having a
comparatively smaller cultivation area and lower
production, Navsari district made a modest contribution to
the state's sugarcane output. Notably, Tapi district achieved
the highest productivity at 83,175 t/ha, closely followed by
Surat district with 81,827 t/ha, reflecting superior crop
management and favorable agro-climatic conditions in
these regions.

2.2. Datasets

The study employed meteorological data collected
over a 2l-year period (2001-2021), which included
variables such as maximum temperature (Tmax), Minimum
temperature (Twmin), rainfall (RF), morning and afternoon
relative humidity (RH | and RH 1), and bright sunshine
hours (BSSH). Historical sugarcane yield data for the same
period was obtained from the Directorate of Agriculture,
Gujarat. For the analysis, it was assumed that biophysical
conditions, soil characteristics, and agricultural practices
were consistent across the districts. The yield data served as

793

| Weekly Weather indices ‘

v—'—v

Weighted Unweighted
Weather indices Weather indices

District wise crop Yield
data

Regression Analysis

Navsari, Surat, Bharuch, Tapi

v ¥

Stepwise Machine
regression learning

[ ]
v

District wise sugarcane yield prediction
model

Fig. 2. Workflow employed for sugarcane yield estimation

the dependent variable, while the meteorological
parameters were used as independent variables to develop
the forecasting model. The dataset used in this study is
complete with no missing values. Therefore, no imputation
or data cleaning for missing data was required prior to
model development and analysis.

2.3. Methodology used for yield forecast
2.3.1. Generation of weather indices

Daily meteorological observations were converted
into weekly averages to develop weather indices. The
unweighted indices were formed by simply summing these
weekly means. For the weighted indices, correlation
coefficients-reflecting the strength of association between
weekly weather parameters and sugarcane yield-were used
as weights to enhance the relevance of each variable.
(Panwar et al., 2018). A total of 42 indices were calculated,
comprising 21 weighted and 21 unweighted indices. This
set included 6 weighted weather indices, 15 weighted
interaction indices, 6 unweighted weather indices, and 15
unweighted interaction indices (Table 1). The calculations
were performed using the formulas outlined by Azfar et al.,
2015.

2.3.2. Yield forecasting models development
2.3.2.1. SMLR

“Stepwise regression is a technique for constructing
regression models where the selection of predictive
variables is automated.” At every stage, variables were
assessed for addition or removal from the pool of
explanatory variables based on specific selection criteria
(Dubey et al., 2018). The complete SMLR analysis was
performed using SPSS software.



MAUSAM, 77, 3 (July 2026)

TABLE 1

Unweighted and weighted weather indices

Unweighted Weather Indices Weighted Weather Indices
Parameter
Tmax ~ Tmin RF RH-1  RH-II BSSH  Tmax  Tmin RF RH-1  RH-lI BSSH
Tmax Z10 Z11
Tmin 7120 720 7121 721
RF (rainfall) 7130 7230 Z30 Z131 7231 Z31
RH-Imorning Z140 7240 Z340  Z40 Z141 7241 Z341 741
RH-1Hatternoon Z150 7250 Z350 Z450 Z50 Z151 7251 Z351 7451 Z51
BSSH Z160 7260 Z360 Z460 7560 Z60 Z161 7261 Z361  Z461 7561 zZ61
TABLE 2
Statistics of sugarcane yield variability in the forecasting districts
o . o Shapiro-Wilk Test
District Mean Maximum Minimum Std CV (%) —
Statistic p Value
Navsari 65907 73380 57731 4565.70 6.92 0.954 0.315
Bharuch 68352 74640 61420 4482.89 6.56 0.911 0.051
Surat 72883 78820 65550 3420.48 4.69 0.971 0.728
Tapi 65731 85260 44350 10030.39 15.26 0. 950 0.263
TABLE 3
Sugarcane yield prediction equations using SMLR for different districts of Gujarat during 2023
District Regression Equation Weather variable in the Equation R? Adjusted R? F
Navsari Y =8536.126+ (Z2121*12.53) + (2351*0.134) Timax™ Tmin, RFFRH 11 0.712 0.659 13.57
Y =69558.945 + (Z451*2.196) + (Z2130*0.194) + RH I*RH 1, Trax*Rf, RH 1,
Bharuch (240%-29.79) + (Z120*1.712) Ton*Toin 0.898 0.857 21.93
. Y =151028.691 + (Z151*3.568) + (Z41*157.232) + . .
Tapi (220*-151.015) Trnax*RH 1, RH I, Trin 0.852 0.824 30.60
Surat Y = 6000063 + (2131*0.625) + (2451*2.406) + Tra*RE, RH |, RH 11 0.883 0.851 27.70

(2450%0.091)

TABLE 4

District-wise error percentage of sugarcane yield (kg/ha) validated for the years 2020, 2021, and 2022 using a SMLR model

2020 2021 2022
District predicted Yield Observed Yield Error Predicted Yield Observed Yield Error Predicted Yield Observed Yield Error
(kg/ha) (kg/ha) (%) (kg/ha) (kg/ha) (%) (kg/ha) (kg/ha) (%)
Navsari 66009 63773 3.3 64771 74690 -15.0 67351 68100 -1.1
Bharuch 65159 71000 -8.9 64763 70360 -8.6 74147 67800 8.5
Surat 72588 85000 -17.0 67784 86560 -27.0 74783 74420 0.4
Tapi 61837 76000 -22.0 84450 84200 0.30 94455 85230 9.7
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Fig. 3. Architecture of ANN model

2.3.2.2. ML model

The research utilized three machine learning
algorithms-RFR, SVR, and ANN-each known for their
unique strengths. The selection of these models was
guided by the specific features and complexity of the
dataset. Since no single algorithm is optimal for every
scenario due to varying performance across different data
types, it is essential to compare multiple approaches.
Therefore, all three models were implemented to
determine which was best suited for predicting sugarcane
yield under the given conditions. Fig. 4 and Fig. 5 display
the pseudocode used for building the RFR, SVR, and
ANN models (Fig. 3), respectively. Additionally, Fig. 2
presents the procedural flowchart for sugarcane vyield
forecasting.

The models were developed using Python 3.11
within the Jupyter Notebook environment. The RFR and
SVR were implemented through the “scikit-learn 1.2.2”
library, while the ANN models were constructed and
trained using “Keras 2.11.0” For handling numerical
computations efficiently, the “NumPy 1.24.2” library was
employed. To optimize the performance of RFR and SVR,
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hyperparameter  tuning was carried out using
“GridSearchCV,” which explores a predefined set of
parameters to determine the most effective configuration.
For ANN, hyperparameter tuning was carried out using
the “Keras Tuner 1.3.5” ensuring optimal model
configuration and improved predictive accuracy. The
description of the hyperparameters used for the ANN,
SVR, and RFR models is provided in Table 5.

Data visualization, including the generation of
feature importance plots, was carried out using the
“Matplotlib 3.7.1” library. The “Pandas 1.5.3” library was
essential for data preprocessing, manipulation, and
cleaning throughout the workflow. To evaluate model
performance, the dataset was split into training and testing
subsets in an 80:20 ratio. The models were trained by
feeding 80% dataset and after model fitting, the accuracy
assessment was conducted based on 20% testing data and
further assessed using an additional three years of holdout
data (validation dataset) (2020-2022), which was
completely unseen data for models. The validation dataset
consists of data from three recent years (e.g., 2020-2022),
selected to capture a representative range of interannual
climate variability characteristic of South Gujarat. This
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# Importing necessary libraries

import pandas as pd

import tensorflow as tf

from tensorflow. keras import layers. Sequential

from  tensorflow.keras.layers import Dense,
BatchNormalization

from tensorflow.keras.optimizers import Adam, SGD
from tensorflow.keras. utils import plot_model
import keras_tuner as kt

from scikcras.wrappers import KerasRegressor

from sklearn.model_selection import train_test_split
from sklearn.metrics import mean_squared_error,
mean_absolute _error, mean _absolute percentage error

import numpy as np

import kcras

import matplotlib.pyplot as plt

from tensorflow.keras import layers

from sklearn.inspection import permutation_importance

from kerastuner.tuners import RandomSearch

Dropout,

# Make predictions on the new/holdout data
predicted_vield = best_model.predict(new_data)
print(f'Predicted Yield: {predicted_yield[0]}")

A

# Enter the new data/holdout data for upcoming
prediction
new data = f
Teaturel': [valuel],
Teature2": [value2],
TeatureN': [valueN] })

A

2

# Define custom metrics for Keras
defrmse. . ...

def mape

defr squared .. .

# Evaluate the final model

loss, mae. rmse_value, mape_value, r_squared =
best_model.evaluate(X_test. y_test)

print(fMean Absolute Error: {mac}")
print(fRMSE: {rmse_value}'

print(fMATPE: {mape_value}'

print(f'r_squarcd: {r_squared}’)

A

# Load dataset
data = pd.read csv(r'C:\LscriMODIS csv')
("Dataset loaded successfully.")

# Train the final model
history = best_model.fit(
X _train, y_train,
epochs=250.
validation data=(X_test. yv_test),
batch_size=32)

v
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# Separating dependent and independent variables
X = data.drop('Yicld', axis=I)
v = data|'Yicld']

# Training the model with best hyperparameters
best_modcl =
build_model(tuner.get_best_hyperparameters(num
_trials=1D)[0])

v

# Splitting data into fraining (80%) and testing sets (20%)
X_train, X_test, y_train, y_test = train_test_split(X. v,
test size=0.2. random_state=412)

L

# Getting the best hyperparameters

best hps=

tuner.get _best hyperparameters(num_trials=1)[{}]
A

v

# Define a function to build the model
def build_model(hp):
model = keras.Sequential()

# Search for the best hyperparameters
tuner.search(X_train. y_train, epochs=200,
validation_data=(X_test, y_test), batch_size=32)

A

v

# Input layer
model.add(layers.Dense(3 1 inpul_dim=31, activation='relu"))

v

# Hyperparameters for hidden layers
for i in rangechp. Intnum_lavers', 1. <4)):
model.add(layers.Dense(units=hp.Int(Munits_{i}
min_value=1, max_value=201), step=1).
aclivation='relu' ))
# Output layer
model.add(layers.Dense(1, activation="lincar"))

# Initialize the tuner

tuncr = kt.RandomSearch(

build_model, objective="val_loss',
max_trials=10, executions_per_trial=3,
directory="meteoTapi2_dir',
project_name='hyperparameter_tuning')

tuner.search space summary()

A

v

# Compile the model
model.compile(optimizer=optimizer,loss="mean_sq
uared_error', metrics=['mean_absolute_error', rmse
mape. r_squared ])

return model

X

# Choose optimizer and learning rate
optimizer_choice = hp.Choice('optimizer', ["Tadam’, 'sgd'[)}
if optimizer_choice

= 'adam': optimizer = Adam(learning_rate=hp.Choice('learning_rate', values=|le-2, 1e-3, Le-4]) )

clif optimizer_choice == 'sgd": optimizer = SGD(learning_rate=hp.Choice('learning_rate', values=[1c-2, le-3, Le-4]))

Fig. 4. Pseudocode for building RFR and SVR model
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# Importing necessary libraries
import pandas as pd

from sklearn. model selection import

train_test_split, GridSearchCV # Make predictions on the new/holdout data
from sklearn.ensemble import predicted_yield = best_model.predict(new_data)
RandomForestRegressor print(f"Predicted Yield: {predicted_yield[0]}")
from sklearn.svm import SVR 7Y

from sklearn.metrics import

mean_squared_error, r°_score

v # Enter the new data’holdout data for upcoming
# Load dataset prediction
data = e ) ) new_data = (4
pd.read csv(r'C:\UserMODIS. csv') ‘feature ' [valuel].
("Dataset loaded successfully.™) ‘feature?': [value2],
L 2 ‘featureN'": [valueN] })
# Separating dependent and independent A

variables
X = data.drop('Yield', axis=1)
y =data['Yield']

# Calculating and printing evaluation metrics

v

# Splitting data into training (80%) and
testing sets (20%)

X_train, X_test, y_train, y_test =
train_test_split(X, v, test_size=0.2,
random_state=42)

rmse
squared=False)

r2=r2_score (y_test, y_pred)

print ("model name RMSE: rmse")

(v test. y pred.

print ("model name R*: r2")

A 0200
v
# Defining dictionary of models with hyperparameters
Sor GridSearchCV
models = {
'Random Forest":
(RandomForestRegressor(), §{'n estimators': |50, 80],

'‘max_depth"; |None, 10[, 'min_samples splits 2, 3].
'min_samples leaf’: |1, 2], 'max_features': |'sqrt, 'log2’,
None|. 'bootstrap”: [True, False]}).

'Support Vector Regression': (SVR, { 'C'; [0.1. 1, 10],
'kernel'; ['linear’, rbt’, 'poly']. 'epsilon’: [0.01, 0.1, 1] })

v

E——

# Performing GridSearchCV with the model
and hyperparameters
grid_search = (estimator =

model. param_grid = params, ¢v = 3. scoring =

'neg mean_squared error’, verbose = 3. n_jobs
=-1)

grid_search.tit (X_train, y_train)

# Perform K-fold eross-validation (Optional)

kt'=KFold (n_splits = 5. shuffle=True,
random state = 42)

A
# Making predictions on the test set
y_pred = best_model. (X_test)

A

v

# Training the model with best

# Getting the best hyperparameters
best_params = grid_search.best_params_

("Best Hyperparameters: best_params™)

hyperparameters best_model =

0.

best model.

(**best_params)
(X_train, y_train)

7y

Fig. 5. Pseudocode for building ANN model
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TABLE 5

Description of hyperparameters of ANN, SVR and RFR model

ST Name of Description
No.  hyperparameter P
1 Number of Layers & Determines the network’s capacity to learn complex patterns, where more
Neurons layers and neurons can increase learning capability but also risk overfitting
. The learning rate controls how fast the model learns, while the optimizer
Learning Rate & . ) . . .
2. Optimi helps adjust the model’s settings to improve its performance based on errors
ptimizer - -
made during training.
The number of epochs determines how many times the model will go
3. epochs through the entire training dataset. More epochs can help the model learn
better, but too many can lead to overfitting.
The batch size is the number of training examples used to update the model
. weights in one iteration. A larger batch size can speed up training but
4. batch size . . : -
requires more memory, while a smaller batch size provides more frequent
updates and can help the model generalize better.
Controls the trade-off between achieving a low error on the training data and
5 c minimizing the model complexity. A higher value of
‘ C emphasizes fitting the training data more accurately, while a lower value
encourages a simpler model.
Determines the influence of a single training example. A low gamma means
6 Gamma that the influence is far, leading to smoother decision boundaries, while a
' high gamma means that the influence is close, leading to more complex
decision boundaries.
Specifies the margin of tolerance where no penalty is given for errors. In
7. Epsilon regression tasks, it defines a tube around the predicted values within which
errors are considered acceptable.
The kernel function transforms the input data into a higher-dimensional
8. Kernel . ]
space where it can be more easily separated.
9. n_estimators The number of trees in the forest.
10 max_deth The maximum depth of each tree. It controls how deep the trees in the forest
' -dep can grow, affecting the model’s complexity and risk of overfitting.
11 min samoles split The minimum number of samples required to split an internal node. It
' _Samples_sp controls whether a node can be further split and can affect overfitting.
The minimum number of samples required to be at a leaf node. It ensures
12.  min_samples_leaf that leaf nodes have a minimum number of samples, which can help prevent
overfitting.
The number of features to consider when looking for the best split. It
13. max_features controls the randomness in the model, with fewer features per split

increasing randomness and potentially reducing overfitting.

timeframe was chosen to ensure the model’s robustness
across diverse weather patterns affecting sugarcane
growth, while maintaining an adequate dataset for
training. Historical climate records confirm that these
years reflect typical fluctuations in rainfall and
temperature relevant to crop yield.

Models training and testing were performed on a
workstation equipped with an NVIDIA GeForce RTX
3080 GPU (10 GB VRAM), Intel Core i7-12700K CPU
(12 cores), and 16 GB RAM, running on Windows 11 Pro
(64-bit). The average training time for ANN models was
approximately 40 minutes, depending on the number of
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epochs and batch size selected during tuning, while RFR
training completed in around 22 minutes, and SVR
training took approximately 13 minutes, including
hyperparameter tuning processes.

2.3.3. Accuracy assessment metrics

To evaluate the model's accuracy, this study
used metrics including "root mean square error
(RMSE)," "mean absolute error (MAE)," "mean bias error
(MBE)," and "mean absolute percentage error (MAPE)" to
assess the differences between predicted and observed
values.



VIRANI et al. METEOROLOGICAL INSIGHTS AND MACHINE LEARNING FOR SUGARCANE YIELD PREDICTION

TABLE 6

Hyperparameter configuration for the ANN

Hyperparameters Extra information
District Number of  Number of ) - Batch  Executions per . i
neuronsin Learning rate  Optimizer epochs ] . Maximum trials
layers | Size trial

ayer
1:40

Navsari 3 2:34 0.01 adam 200 32 5) 10
3:30

Bharuch 1 1:99 0.001 adam 150 32 3 10
1:12

Surat 3 2:73 0.001 adam 250 16 3 50
3:29

Tapi 1 1:147 0.001 adam 250 32 3 10

TABLE 7

District-wise error percentage of sugarcane yield (kg/ha) validated for the years 2020, 2021, and 2022 using ANN model

2020 2021 2022
District predicted Yield Observed Yield Error Predicted Yield Observed Yield Error Predicted Yield Observed Yield Error

(kg/ha) (kg/ha) (%) (kg/ha) (kg/ha) (%) (kg/ha) (kg/ha) (%)
Navsari 69578 63773 8.34 70013 74690 -6.68 62483 68100 -8.99
Bharuch 67555 71000 -5.10 70193 70360 -0.24 70393 67800 3.68
Surat 74417 85000 -14.22 78295 86560 -10.56 78712 74420 5.45
Tapi 74416 76000 -2.13 81511 84200 -3.30 78771 85230 -8.20
. s Tapi) are presented in the Table 2. The maximum
Paly@ — 912 : . le ur
RMSE = 1= (1) yield observed was in Bharuch district (74640 kg ha™),
n while the minimum vyield was recorded in Tapi

district (44350 kg ha™). The yield variability, measured

Yioqly@® — @)l by the standard deviation, ranged from 3420.48

MAE = n () to 10030.39 kg ha™, with the highest variation seen

in Tapi district. The coefficient of variation (CV)

showed the highest yield variability in Tapi (15.26%),

3 followed by Navsari (6.92%), Bharuch (6.56%), and Surat
(4.69%).

EE Z |y(i) - 70)

To assess the normality of the vyield data, the
Shapiro-Wilk test was conducted for each district.

x 100 4)

_1 N\ pi - 90
MAPE = Hx;|T

where n is the “total number of data points,” y(i) is the
“actual value for the i data point,” and 9(i) is the
“predicted value for the i data point.”

3. Results and discussion

3.1. Overview of sugarcane yield variability across
the forecasting districts

The summary statistics for the yield data from the
four districts of Gujarat (Navsari, Bharuch, Surat, and

The findings showed that the yield data for all
districts exhibited a normal distribution, as validated
by the Shapiro-Wilk test, with p-values exceeding
0.05. The normal Q-Q plots also showed that the
data points aligned along a diagonal line, supporting
the assumption of normality. Furthermore,
homoscedasticity in  the data was  assessed
using the Breusch-Pagan (BP) test. The BP test
results indicated p-values greater than 0.05 for
all four districts, confirming that the residuals
exhibit constant variance. These findings validate the
suitability of the data for fitting into parametric model like
SMLR.
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RMSE Comparison for Different Models (Test and Validation Data)
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BN ANN (Test) 23950.00
W SVR (Test)
BN RFR (Test)
N ANN (Validation)
A SVR (Validation)
20000 1 gmms RFR (Validation)
? 15000 A
% 13562.00
=
=
w2
E 10000
6207.00
5000 4
o
District
Fig. 6. RMSE comparison for ML models during testing and validation stage
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Fig. 7. Boxplot representing the average error (%) for the SMLR, ANN, RFR, and SVR models across the four districts during
the validation stage
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Feature Importances (District: Navsari)
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Fig. 8. Feature importance of weather variables in the ANN model for sugarcane yield prediction in Navsari, Bharuch, Surat & Tapi districts

3.2. Sugarcane yield forecasting models
3.2.1. SMLR model

In 2023, sugarcane yields for Navsari, Bharuch,
Surat, and Tapi districts were forecasted using SMLR in
SPSS. The regression equation, influenced by weather
variables, along with R? adjusted R?, and F-statistic
values, are presented in Table 3. The highest adjusted R2
(0.86) was observed in Bharuch, while Navsari had the
lowest (0.66), indicating limited predictive power. The
models for Bharuch, Tapi, and Surat showed strong
predictive capabilities, highlighting the significant impact
of weather variables on sugarcane yield. However, the
Navsari model required further optimization.

The model was validated for the period 2020-2022,
and the district-specific yield deviations from the observed
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values are presented in Table 4. The yields were generally
underestimated, with error percentages for Navsari,
Bharuch, Surat, and Tapi at 3.3%, -15.0%, and -1.1% in
2020, 2021, and 2022, respectively. Bharuch had errors of
-8.9%, -8.6%, and 8.5%, Surat showed -17.0%, -27.0%,
and 0.4%, and Tapi exhibited -22.0%, 0.3%, and 9.7%.
While some districts had minor errors, others, like Surat
and Tapi, showed more significant discrepancies, often
exceeding the acceptable +10% range. Further
adjustments and the inclusion of additional variables are
necessary to enhance model accuracy, especially for
Navsari and Surat.

3.2.2. ANN model
In this study, a feed-forward ANN was developed in

Python for predicting sugarcane yield. The ANN
architecture, including the number of hidden layer
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TABLE 8

Hyperparameter configuration for the RFR

. Hyperparameters
n_estimators max_depth min_samples_split min_sample_leaf Max_features
Navsari 100 100 2 8 log2
Bharuch 900 None 7 1 0.5
Surat 100 100 2 1 0.6
Tapi 600 20 6 1 sqrt
TABLE 9

District-wise error percentage of sugarcane yield (kg/ha) validated for the years 2020, 2021, and 2022 using RFR model

2020 2021 2022

(kgha)  (kg/ha) (%) (kg/ha)  (kg/ha) (%) (kgha)  (kg/ha) (%)

Navsari 65003 63773 203 64562 74600  -1569 64742 68100 5.19
Bharuch 64112 71000 1074 66273 70360 6.17 71808 67800 558
Surat 73090 85000 1629 69931 86560  -2378 75484 74420 141
Tapi 64440 76000 1794 66016 84200  -2754 69543 85230  -22.56

neurons per layer, and other hyperparameters, was fine-
tuned using the "Keras Tuner." The optimized
hyperparameters for each district, including learning rate,
batch size, epochs, and number of neurons, are displayed
in Table 6. The model was trained and tested on data from
2001 to 2019 (80% for training and 20% for testing) and
validated on a holdout dataset from 2020 to 2022 to assess
prediction accuracy.

The ANN model showed varying accuracy across
districts (Table 7). In Navsari, it slightly overestimated
yield in 2020 (8.34%) but underestimated in 2021
(-6.68%) and 2022 (-8.99%). In Bharuch, predictions
were most accurate in 2021 (-0.24%) but had minor
errors in 2020 (-5.10%) and 2022 (3.68%). Surat
showed underpredictions in 2020 (-14.22%) and 2021 (-
10.56%) and a slight overestimation in 2022 (5.45%).
Tapi had small errors in 2020 (-2.13%) and 2021 (-
3.30%), with a larger underestimation in 2022 (-8.20%).
As the error was within the acceptable +10% range for all
districts, the ANN model was considered superior to the
SMLR model.

Fig. 8 highlights feature importance derived from the
ANN model, identifying key predictors for each district.
For Navsari, 2340 and Z341 were the most influential
features. In Bharuch, Z350 and Z341 played a critical role,
while in Surat, Z340 and Z230 were significant. In Tapi,
7350 and Z340 were the primary predictors. These results
emphasize the importance of weather variables, such as
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relative humidity and rainfall, in enhancing yield
forecasting accuracy across all districts.

3.2.3.  RFR model

The configuration of the RFR model, including the
number of trees, maximum depth, and other
hyperparameters (Table 8), was optimized using
“GridSearchCV.” The model was trained and tested on
data from 2001 to 2019 (80% for training and 20% for
testing) and validated on a holdout dataset from 2020 to
2022 to assess its prediction accuracy.

The RFR model's performance varied across
districts. In Navsari, the model achieved minimal error in
2020 (2.03%) but showed higher deviations in 2021
(-15.69%) and 2022 (-5.19%). Bharuch consistently
underpredicted yields in 2020 (-10.74%) and 2021
(-6.17%) but slightly overpredicted in 2022 (5.58%). Surat
experienced significant underestimations in 2020
(-16.29%) and 2021 (-23.78%), with improved accuracy
in 2022 (1.41%). Tapi showed the highest errors, with
deviations of -17.94%, -27.54%, and -22.56% in 2020,
2021, and 2022, respectively (Table 9).

The results indicate that the RFR model struggled to
account for regional factors, especially in Surat and Tapi,
where errors exceeded the acceptable +10% range.
Incorporating additional data, such as soil moisture and
crop health indices, could enhance model accuracy.
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Fig. 9. District-wise average sugarcane yield and predicted yields using a SMLR and ANN during 2023 year

TABLE 10

Hyperparameter configuration for the SVR

o Hyperparameters
District
C gamma epsilon kernel degree
Navsari 10 1le-05 0.0001 linear 2
Bharuch 100 le-05 5 linear 3
Surat 100 1le-05 5 linear 2
Tapi 1000  0.0001 0.001 linear 2
3.2.4. SVR model
The SVR model was fine-tuned through
hyperparameter optimization, including kernel type,
regularization parameter (C), and kernel coefficient

(gamma), as detailed in Table 10. The model's
performance varied across districts, as shown in Table 11.
In Navsari, the SVR model achieved an error of 4.16% in
2020, which increased to -12.75% in 2021 before
improving to -2.81% in 2022. Bharuch showed consistent
under-prediction in 2020 (-8.61%) and 2021 (-6.27%),
followed by a slight over-prediction in 2022 (5.93%).
Surat experienced significant errors in 2020 (-24.59%)
and 2021 (-23.44%) but showed improved accuracy in
2022 (0.62%). Tapi exhibited the highest variation, with
errors of -25.85% in 2020, -16.59% in 2021, and a notable
over-prediction of 30.00% in 2022.

The results indicate that the SVR model performed
reasonably well in Navsari and Bharuch, with errors
within the acceptable range. However, it struggled to
capture complex regional factors in Surat and Tapi, where
errors were significantly higher. The model's performance
highlights the need for further refinement and the
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integration of additional features to enhance prediction
accuracy in these regions.

3.3. Comparison of models for the predictability of
regional sugarcane yield

The comparison of models for predicting regional
sugarcane yield involves evaluating the performance of
different ML algorithms, including SMLR, ANN, RFR,
and SVR. The ML models were trained and tested using
historical data from various districts, with the goal of
assessing their ability to accurately predict sugarcane yield
across diverse agricultural and climatic conditions. The
accuracy achieved during the testing and validation stages
are presented in Fig. 6, with RMSE used as the accuracy
metric. Fig. 6 shows that, in most cases, the accuracy
achieved during the testing stage exceeds that of the
validation stage. However, for the ANN model, higher
accuracy was observed during the validation stage for the
Bharuch, Surat, and Tapi districts.

Fig. 7 represents the average error (%) boxplot for
the SMLR, ANN, RFR, and SVR models across the four
districts during the validation stage (2020 to 2022). This
boxplot visually compares the distribution of errors for
each model, showcasing the spread, median, and potential
outliers in prediction performance. The ANN model
performs well in Surat, Bharuch, and Tapi districts, with
the error (%) being relatively smaller compared to the
other models. This suggests that the ANN model is more
accurate in predicting sugarcane yield in these districts
during the validation stage. Its lower error indicates better
alignment with observed yield values in these areas,
making it a more reliable model for those regions, while
SMLR model is more suitable for sugarcane vyield
forecasting in the Navsari district.
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TABLE 11

District-wise error percentage of sugarcane yield (kg/ha) validated for the years 2020, 2021, and 2022 using SVR model

2020 2021 2022
District Predicted  Observed Predicted Observed Predicted  Observed

Yield Yield E([)/“;r Yield  Yield E([,/r‘;r Yield Yield E(f;‘;r

(kg/ha) (kg/ha) ° (kg/ha)  (kg/ha) ° (kg/ha) (kg/ha) °
Navsari 66538 63773 4.16 66245 74690 -12.75 66240 68100 -2.81
Bharuch 65369 71000 -8.61 66207 70360 -6.27 72076 67800 5.93
Surat 68226 85000 -24.59 70122 86560 -23.44 74886 74420 0.62
Tapi 60391 76000 -25.85 72217 84200 -16.59 121750 85230 30.00

TABLE 12

Statistical evaluation of sugarcane yield (kg/ha) prediction models across districts using RMSE, MAPE, MAE, and MBE metrics

Model District RMSE MAPE MAPE* MAE MBE
Navsari 5388.97 8.55 Excellent 5366.33 -1496.33
A Bharuch 2491.28 8157 Excellent 1806.09 -339.66
Surat 8139.02 9.92 Excellent 7713.33 4852.0
Tapi 3630.44 4.43 Excellent 3244.0 -3244.0
Navsari 5886.34 7.82 Excellent 4301.33 -2810.66
Bharuch 5936.55 8.51 Excellent 5928.33 -1697.0
SMLR Surat 12996.50 15.85 Fair 10517.0 -10275.0
Tapi 9759.67 11.92 Good 7879.33 -1562.66
Navsari 5241.59 7.61 Excellent 4356.66 -2513.33
Bharuch 4734.26 6.79 Excellent 4686.66 -1836.0
SVR Surat 13562.10 16.54 Fair 11226.0 -10915.33
Tapi 23950.94 29.27 Poor 21370.66 2976.0
Navsari 6207.38 9.01 Excellent 4935.33 -4055.33
Bharuch 5170.82 7.42 Excellent 4994.33 -2322.33
RFR Surat 11825.16 14.42 Good 9867.66 -9158.33
Tapi 15388.01 18.80 Fair 15143.66 -15143.66

* MAPE classes: <10% = Excellent, 10-15% = Good, 15-25% = Fair, and >25% = Poor

Table 12 represented the statistical evaluation of
sugarcane yield prediction models across different
districts (Navsari, Bharuch, Surat, and Tapi) reveals
varying performance levels for the ANN, SMLR, SVR,
and RFR models. The ANN model achieved excellent
performance in most districts, particularly in Bharuch with
a low RMSE of 2491.28 and a MAPE of 3.57%, while
Surat showed higher errors with a RMSE of 8139.02
and MAPE of 9.92%. SMLR demonstrated good
performance in Navsari and Bharuch but had fair or poor
accuracy in Surat and Tapi. The SVR model had excellent
accuracy in Navsari and Bharuch, though it performed
poorly in Tapi with a very high RMSE and MAPE. RFR
had mixed results, performing well in Bharuch but
showing higher errors in Surat and Tapi. Overall, the
ANN model outperformed others in terms of accuracy in
most districts, while RFR and SVR faced challenges,
especially in Surat and Tapi. Thimmegowda et al., (2023)
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and Khaki and Wang (2019) reported that ANN
outperformed other ML models included in their studies
for crop yield prediction.

The ANN outperformed SMLR, SVR, and RFR due
to its superior ability to capture complex, nonlinear
relationships among the diverse meteorological and
remote sensing variables used in the study. Unlike SMLR,
which is limited to linear patterns, or SVR and RFR,
which can struggle with high-dimensional or
multicollinear data, ANN's adaptive architecture allows it
to model intricate interactions more effectively. This
makes it particularly suitable for agricultural vyield
prediction, where data patterns are often non-linear and
influenced by multiple interacting factors. Van
Klompenburg et al., (2020) observed that ANN are the
most used algorithm for crop yield prediction due to their
robustness in making accurate predictions.
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The ANN model is recommended for the weather
data-based sugarcane yield forecasting in Bharuch, Surat,
and Tapi districts due to its superior performance and
accuracy across these regions. For Navsari district, the
SMLR model is preferred due to its strong performance
and reliability in sugarcane yield prediction. SMLR
outperformed ANN likely due to the relatively linear
relationship between climatic variables and vyield in
specific districts like Navsari. When data patterns are
simpler, with less noise or fewer nonlinear interactions,
linear models like SMLR can be more stable and less
prone to overfitting than ANN. To further improve the
model accuracy and increase the adjusted R2 value from
0.66 onward, it is recommended to incorporate additional
remote sensing variables alongside weather data. This
integration is expected to capture more complex patterns
in yield dynamics, improving prediction accuracy and
providing more reliable forecasts for the agricultural
community.

Islam et al. (2023) found that using only an NDVI
product derived from remote sensing (RS) was inadequate
for accurate crop yield prediction. However, incorporating
supplementary meteorological variables into machine
learning models led to a marked improvement in
estimation accuracy. Similarly, Dubey et al., (2018) noted
that relying solely on VCI did not provide satisfactory
accuracy and highlighted the importance of including
other datasets, such as additional vegetation indices (VIs)
and meteorological information, to improve predictive
performance. In line with these findings, this study adopts
an integrated approach, combining remote sensing data
with meteorological data to improve the adjusted R? and
accuracy of the SMLR model for Navsari district.

3.4. District wise sugarcane yield prediction using
ANN and SMLR during 2023

The predicted sugarcane vyields for 2023 across
Navsari, Bharuch, Surat, and Tapi were compared with
historical averages (Fig. 9) because the Directorate of
Agriculture, Government of Gujarat (GoG), has not yet
published the 2023 sugarcane productivity data.

4.  Conclusions

This study presents an affordable method for
estimating sugarcane yield by examining the correlation
between weather indices and annual yield. The accuracy
and performance of different models vary according to the
district. The ANN model demonstrates superior
forecasting accuracy among the selected models due to its
ability to capture complex, non-linear relationships
between input features, such as weather indices. Based on
the study, when only meteorological data is available, the
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ANN model is the most effective choice for vyield
forecasting due to its capacity to model these complex
relationships.

Weather data-based yield forecasting faces several
limitations. The variability and uncertainty in weather
patterns can cause inaccuracies, particularly in regions
with extreme conditions. Weather data alone does not
account for other factors influencing crop growth, such as
soil quality and pest dynamics. Additionally, the daily
temporal resolution of weather data may not align with
crop development stages, and the uneven distribution of
weather stations can lead to data gaps. These limitations
emphasize the need to integrate other data sources, like
satellite imagery, to improve forecasting accuracy.
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