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R — PN yaee 3R Geg GRal H T Wl & (A0 Gl f AR 1 G GaAT Haeds
€1 TE AT ISR F GHE el 3cUeh o H Tead H UGN H Ueh Holqe YalgH Hisel
afld #e & fav Algs dath ASst 3R A7 Afor aohelienl 1 AT 3oTaT &1 FE IHEITA ORI,
AR & TR el (FaEd, swg, §Ia 3R adh) F o= i deEr & dfasgaeh F v Ruass
Fedge Ny e (SMLR) 3R e aefer afefer (ML) #fsat: "snfEfsRaer =qgar Aicas (ANN),"
A B Raee (RFR)," 3R a0 dder R (SVR)" & vedied & Hedished aXal g1 #Aisell &
gifed 3R olif@a & & fov ofae@s de@r 3er (2001-2019) AR FAEa oX Fr 39T fRar a3 o,
S Ts gles3M3e Selie (2020-2022) WX Tcdd fohar amr oar|  9gRome 3f&id #&ad § & ANN &
sferenier foel # 377 Alsel @ SR veda &, oad ~gaas Iear 3R 3caas qaigae aéear gred
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
far SMLR & @ailt & #Horqd gedlel frar Afher 3w & & & 3R 3w sregehoret 1 3maegehar
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.
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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



