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India, this paper examines current developments in machine learning 

model transferability, interpretability), input variables (weather, soil, 
satellite indices), model types (regression, tree ensembles, neural 

been around for a while, their scalability is restricted, and 
they frequently require extensive agronomic data. ML 
and DL techniques have become more popular in yield 

heterogeneity. This study examines current research on ML 

including viewpoints from India and throughout the world. 

the Indian agricultural context. Unlike earlier reviews

data quality, model transferability, and reproducibility, 
providing guidelines for future research.

growing degree days are standard inputs. Many studies 

These features help explain yield beyond just weather.
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widely used to represent crop health. Remote sensing can 

sensing variables as common features.1

data sources to enhance yield models.

is supported by prior studies linking environmental, 

Weather variables such as temperature, rainfall, and 

crop vigour and biomass.
improves predictive performance across spatial and 
temporal scales.
data, several benchmark datasets have been introduced 

 and 

high dimensionality.

missing values.1,9

•

methods when long sequences are available.
•  Combine 

temporal modelling. Khaki et al. proposed a CNN–RNN 

soy datasets.
•

•

for improved robustness.
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van Klompenburg et al.1 and Muruganantham et al.  

further 

literature.

ample data and temporal depth exist.

•  Many regions have 
limited yield records and missing values.

• 
create scaling issues.

•  Models trained on one 
region may not generalise across climates and soils.19

• 

increasing but not universal.
•  Remote sensing cadence, 

complicate modelling.

targets.

and policy relevance.

dependencies.

regions with privacy constraints.

 community benchmarks 

shown superior performance on heterogeneous agricultural 
datasets.

trust for stakeholders, Lack of standardised benchmarks 
and reproducibility.

for robustness.

scenario modelling—predictive models under future 
climates. Community benchmarks and open datasets for 
fair comparisons.

This review summarises advances in ML and DL for crop 

deployment, and reproducibility.
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D. Gangopadhyay, S. Pradhan, and R. Srivastava, 

 

 

 



Gera M & Sharma V
J. Adv. Res. Embed. Sys. 2025; 12(3&4)

ISSN: 2395-3802
10 24321 2395 3802 202604

variety yields and decision making for future 
 

science

 


