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ABSTRACT 

Agricultural markets in India are increasingly characterized by price volatility, fragmented supply chains, 

information asymmetry, climate uncertainty, and rapidly changing consumer demand, creating significant 

challenges for farmers, policymakers, and market stakeholders. Conventional statistical and econometric 

forecasting methods often struggle to capture the complex nonlinear relationships inherent in agricultural 

market systems. In recent years, deep learning has emerged as a transformative technology capable of 

improving agricultural market intelligence through advanced prediction, classification, optimization, and 

decision-support capabilities. This study presents a systematic review of the literature on deep learning 

applications in Indian agricultural markets with the objective of synthesizing current knowledge, identifying 

research trends, evaluating methodological approaches, and highlighting future research opportunities. The 

review follows the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA 2020) 

framework to ensure a transparent and rigorous literature selection process. Relevant studies published 

between 2015 and 2026 were identified through major scientific databases, including Scopus, Web of Science, 

IEEE Xplore, SpringerLink, ScienceDirect, and Google Scholar, using predefined search strategies and 

eligibility criteria. The selected literature was systematically analyzed according to application domains, deep 

learning architectures, data sources, evaluation methodologies, implementation challenges, and policy 

implications. 

The review reveals that deep learning models, particularly Long Short-Term Memory (LSTM) networks, 

Convolutional Neural Networks (CNNs), Gated Recurrent Units (GRUs), Transformer-based architectures, 

and hybrid deep learning models, consistently outperform conventional forecasting approaches in agricultural 

price prediction, demand estimation, crop yield forecasting, supply chain optimization, market intelligence, 

and risk assessment. However, widespread implementation in India remains constrained by fragmented 

datasets, inconsistent data quality, limited digital infrastructure, computational resource requirements, model 

interpretability concerns, and insufficient institutional coordination. The review further identifies significant 

research gaps, including the limited adoption of Explainable Artificial Intelligence (XAI), multimodal 

learning, graph neural networks, federated learning, and real-time decision-support systems tailored to Indian 

agricultural markets. 

This review contributes to the literature by providing a comprehensive synthesis of deep learning applications 

in the Indian agricultural context, critically evaluating existing research, and proposing a future research 

agenda emphasizing standardized agricultural data ecosystems, explainable and trustworthy artificial 

intelligence, interdisciplinary collaboration, and evidence-based policy interventions. The findings offer 

valuable guidance for researchers, policymakers, agribusiness organizations, and technology developers 

seeking to accelerate the adoption of intelligent, data-driven agricultural market management systems that 

enhance market efficiency, strengthen food security, and promote sustainable agricultural development in 

India. 

Keywords: Deep Learning; Agricultural Markets; India; Artificial Intelligence; Price Forecasting; LSTM; 

CNN; Transformer; Agricultural Market Intelligence; Systematic Review. 
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INTRODUCTION 

Agriculture continues to play a fundamental role in India's economic development, food security, and rural 

livelihoods. Despite rapid industrialization and the expansion of the service sector, agriculture remains a major 

source of employment and income for a significant proportion of the Indian population. The agricultural sector 

contributes substantially to national food production, supports numerous agro-based industries, and serves as 

the backbone of rural economic activity. However, agricultural markets in India are characterized by persistent 

structural and operational challenges, including price volatility, fragmented supply chains, information 

asymmetry, inadequate market infrastructure, climate variability, and limited access to timely market 

intelligence. These challenges reduce market efficiency, increase transaction costs, and expose farmers to 

considerable production and marketing risks. 

The increasing complexity of agricultural markets has generated growing demand for advanced analytical 

approaches capable of supporting evidence-based decision-making.  

Traditional statistical and econometric techniques, such as autoregressive integrated moving average 

(ARIMA), multiple regression, and exponential smoothing models, have historically been employed for 

agricultural price forecasting and market analysis. Although these approaches have contributed significantly to 

agricultural economics research, they often assume linear relationships and are limited in their ability to 

capture nonlinear interactions among multiple market variables. Agricultural markets are influenced 

simultaneously by weather conditions, crop arrivals, transportation costs, government interventions, 

international trade, consumer demand, storage capacity, and unexpected disruptions.  

The interaction among these factors creates highly dynamic and nonlinear systems that cannot always be 

adequately represented using conventional analytical techniques. 

The rapid advancement of Artificial Intelligence (AI), particularly deep learning, has created unprecedented 

opportunities for transforming agricultural market analysis and management. Deep learning represents an 

advanced branch of machine learning that utilizes multiple layers of artificial neural networks to automatically 

extract complex features from structured and unstructured data. Unlike traditional machine learning algorithms 

that rely heavily on manually engineered features, deep learning architectures are capable of learning 

hierarchical representations directly from large datasets. This capability enables them to identify intricate 

temporal, spatial, and nonlinear relationships that are frequently overlooked by conventional statistical models. 

During the last decade, deep learning has demonstrated remarkable success across diverse application 

domains, including computer vision, natural language processing, speech recognition, financial forecasting, 

healthcare analytics, autonomous systems, and intelligent transportation. These advances have stimulated 

growing interest in applying deep learning techniques to agricultural systems. Researchers have increasingly 

explored Artificial Neural Networks (ANN), Convolutional Neural Networks (CNN), Recurrent Neural 

Networks (RNN), Long Short-Term Memory (LSTM) networks, Gated Recurrent Units (GRU), Transformer 

architectures, Graph Neural Networks (GNN), and hybrid deep learning models for solving complex 

agricultural problems. These models have shown considerable promise in agricultural commodity price 

forecasting, crop yield prediction, disease identification, weather forecasting, demand estimation, supply chain 

optimization, market intelligence, and agricultural risk assessment. 

The growing availability of digital agricultural data has further accelerated the adoption of deep learning 

technologies. Large-scale datasets generated through satellite imagery, remote sensing, weather monitoring 

stations, Internet of Things (IoT) devices, agricultural sensors, mobile applications, electronic trading 

platforms, and government information systems provide unprecedented opportunities for developing intelligent 

market forecasting systems. In India, digital initiatives such as the Agricultural Marketing Information System 

(AGMARKNET), the National Agriculture Market (e-NAM), the Digital Agriculture Mission, and various 

state agricultural marketing portals have significantly expanded the availability of agricultural market 

information. These platforms generate substantial quantities of market-related data, including commodity 

arrivals, wholesale prices, transaction volumes, weather variables, and geographical information, thereby 

creating a foundation for advanced deep learning applications in agricultural decision support. 
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Deep learning offers several advantages over traditional forecasting approaches within agricultural markets. 

Time-series architectures such as LSTM and GRU effectively capture long-term temporal dependencies in 

commodity price movements, while CNN-based models successfully identify spatial patterns associated with 

regional agricultural production and market behaviour. More recently, Transformer-based architectures have 

demonstrated superior capability in modelling long-range dependencies and multivariate relationships, making 

them increasingly attractive for agricultural forecasting applications. Hybrid models integrating multiple deep 

learning architectures have also been developed to improve predictive performance by leveraging the 

complementary strengths of different algorithms.  

These technological developments have substantially expanded the scope of artificial intelligence applications 

in agricultural economics and market management. Beyond forecasting, deep learning is increasingly 

supporting strategic decision-making across agricultural value chains. Intelligent analytical systems can assist 

farmers in selecting profitable crops, determining optimal marketing periods, identifying emerging market 

trends, estimating future demand, optimizing storage and logistics, reducing post-harvest losses, and improving 

supply chain coordination. Policymakers can utilize deep learning-based decision support systems to design 

more effective procurement policies, stabilize commodity prices, monitor food security, evaluate subsidy 

programmes, and develop early warning systems for potential market disruptions. Agribusiness firms similarly 

benefit from improved inventory management, demand forecasting, and logistics planning, contributing to 

enhanced operational efficiency and reduced economic uncertainty.  

Despite these promising developments, the implementation of deep learning within Indian agricultural markets 

continues to face substantial technical, institutional, and socio-economic challenges. Agricultural datasets 

remain fragmented across multiple agencies and states, resulting in inconsistencies in data quality, formats, 

frequency, and accessibility. Missing observations, reporting delays, heterogeneous data structures, and limited 

interoperability among government databases restrict the development of robust predictive models. 

Furthermore, advanced deep learning algorithms often require considerable computational resources, 

specialized hardware, and highly skilled personnel, resources that remain unevenly distributed across India's 

agricultural research institutions and rural regions. Additional concerns regarding algorithm transparency, 

explainability, ethical AI deployment, data governance, cybersecurity, and user trust further complicate the 

widespread adoption of these technologies. 

The expanding body of international literature demonstrates increasing interest in applying deep learning to 

agricultural market forecasting; however, existing evidence remains fragmented across different commodities, 

geographical regions, modelling approaches, and evaluation methodologies. Many studies emphasize 

predictive accuracy while providing limited discussion of implementation challenges, policy implications, 

model interpretability, or practical adoption within developing economies. Moreover, comparatively few 

review studies focus specifically on the Indian agricultural market context, despite India's unique institutional 

framework, diverse agro-climatic conditions, heterogeneous farming systems, and rapidly evolving digital 

agricultural ecosystem. Consequently, researchers, policymakers, and practitioners lack a comprehensive 

synthesis of current knowledge that critically evaluates existing evidence while identifying future research 

priorities relevant to India. 

While the volume of research on deep learning in agriculture has increased substantially during the past 

decade, significant knowledge gaps remain. First, the existing literature is highly fragmented, with studies 

focusing on individual commodities, specific algorithms, or isolated geographical regions. Comparisons across 

different deep learning architectures are often difficult because researchers employ different datasets, 

evaluation metrics, forecasting horizons, and validation procedures. Consequently, there is limited consensus 

regarding the relative strengths, limitations, and suitability of different deep learning models for diverse 

agricultural market applications.  

A comprehensive synthesis is therefore essential to consolidate current evidence, identify methodological 

trends, and highlight areas requiring further investigation. 

Second, although numerous review articles discuss artificial intelligence or machine learning in agriculture, 

relatively few systematically examine deep learning applications specifically within the context of Indian 
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agricultural markets. India's agricultural sector presents distinctive characteristics that differentiate it from 

many developed economies, including diverse agro-climatic zones, heterogeneous farm sizes, fragmented 

landholdings, multiple marketing channels, extensive government intervention, and considerable regional 

variation in production and consumption patterns. Furthermore, digital agricultural initiatives undertaken by 

the Government of India have substantially increased the availability of market data, creating new 

opportunities for advanced analytical methods.  

A systematic review focusing specifically on India can therefore provide valuable insights that are directly 

relevant to researchers, policymakers, agribusiness firms, and development agencies. Third, many published 

studies emphasize predictive performance while paying comparatively little attention to practical 

implementation challenges. High forecasting accuracy alone does not guarantee successful adoption of deep 

learning systems within agricultural markets. Effective implementation depends on several additional factors, 

including data quality, computational infrastructure, institutional capacity, model transparency, explainability, 

user acceptance, interoperability with existing information systems, and long-term maintenance.  

In developing economies, these operational considerations frequently determine whether technological 

innovations can be successfully translated into practical decision-support tools. Consequently, a 

comprehensive review should evaluate not only algorithmic performance but also the broader socio-economic, 

technical, and policy dimensions influencing adoption. Another important limitation of the current literature is 

the limited integration of multidisciplinary perspectives. Agricultural markets are influenced simultaneously by 

economics, climate science, agronomy, computer science, logistics, public policy, behavioural sciences, and 

information systems. Many existing studies concentrate primarily on computational aspects while providing 

limited discussion of economic interpretation, institutional arrangements, farmer behaviour, or policy 

implications. Conversely, agricultural economics studies often discuss market dynamics without adequately 

considering recent advances in artificial intelligence. Bridging these disciplinary perspectives is essential for 

developing practical and scalable solutions capable of supporting sustainable agricultural development. 

Recent advances in deep learning also present new opportunities that remain underexplored within agricultural 

market research. Transformer architectures, attention mechanisms, graph neural networks, multimodal 

learning, transfer learning, federated learning, explainable artificial intelligence (XAI), foundation models, and 

generative AI are increasingly being investigated in various scientific domains. However, their application to 

agricultural market intelligence, commodity price forecasting, supply chain optimization, and policy decision 

support remains relatively limited, particularly within the Indian context.  

Understanding these emerging technologies and identifying future research opportunities constitute an 

important contribution of the present review. 

Given these considerations, there is a clear need for a rigorous and transparent synthesis of the available 

evidence on deep learning applications in Indian agricultural markets. Unlike traditional narrative reviews, a 

systematic review follows predefined protocols for literature identification, screening, selection, and analysis. 

The use of established review guidelines enhances transparency, minimizes selection bias, improves 

reproducibility, and provides a comprehensive overview of existing knowledge. Accordingly, this study adopts 

the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA 2020) framework to 

identify, evaluate, and synthesize relevant scholarly literature. By employing a structured review methodology, 

the study seeks to provide an objective assessment of current research while identifying methodological trends, 

research gaps, and future opportunities.  

The primary objective of this systematic review is to critically examine the current state of deep learning 

applications in Indian agricultural markets and evaluate their potential for improving market analysis, 

forecasting accuracy, and decision-making. Specifically, the review aims to: (i) analyse the evolution of deep 

learning research in agricultural market studies; (ii) identify the major deep learning architectures applied to 

agricultural market problems; (iii) examine their applications in price forecasting, demand estimation, supply 

chain management, market intelligence, and risk assessment; (iv) evaluate the strengths and limitations of 

existing approaches; (v) assess the availability and suitability of Indian agricultural data sources for deep 

learning applications; (vi) identify research gaps and emerging technological trends; and (vii) propose 
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evidence-based policy recommendations and future research directions for strengthening AI-enabled 

agricultural market systems in India. 

To achieve these objectives, the review addresses the following research questions: 

RQ1: What are the major deep learning architectures currently employed in agricultural market research? 

RQ2: How have deep learning techniques been applied to different aspects of Indian agricultural market 

analysis and management? 

RQ3: What datasets, evaluation metrics, and methodological approaches are commonly adopted in existing 

studies? 

RQ4: What technical, institutional, and socio-economic challenges constrain the adoption of deep learning in 

Indian agricultural markets? 

RQ5: What research gaps remain, and what future directions should guide the development of  

AI-enabled agricultural market intelligence systems? 

The present study makes several important contributions to the literature. First, it provides one of the most 

comprehensive systematic reviews focusing specifically on deep learning applications in Indian agricultural 

markets. Second, it synthesizes evidence across multiple deep learning architectures, application domains, and 

agricultural commodities, offering a unified perspective on the current state of research. Third, it critically 

evaluates methodological practices, including data sources, modeling approaches, and performance evaluation 

techniques, thereby identifying strengths and limitations within existing studies. Fourth, the review extends 

beyond technical analysis by examining implementation challenges, institutional requirements, digital 

infrastructure, and policy implications relevant to the Indian agricultural ecosystem. Finally, it develops a 

future research agenda that highlights emerging technologies, interdisciplinary opportunities, and strategic 

priorities for researchers, practitioners, and policymakers seeking to promote sustainable, data-driven 

agricultural market development. 

The findings of this review are expected to benefit multiple stakeholder groups. Academic researchers can use 

the synthesized evidence to identify promising research directions, improve methodological rigor, and design 

more robust deep learning models. Policymakers may draw upon the review's recommendations to strengthen 

national digital agriculture initiatives, improve agricultural data governance, and support AI-enabled market 

intelligence systems. Agricultural extension agencies and development organizations can better understand the 

opportunities and constraints associated with deploying deep learning technologies at scale, while agribusiness 

firms and technology developers may utilize the review to identify practical applications and innovation 

opportunities within India's rapidly evolving agricultural sector. 

The remainder of this paper is organized as follows. Section 2 describes the systematic review methodology 

based on the PRISMA 2020 framework, including the search strategy, study selection process, eligibility 

criteria, and quality assessment procedures. Section 3 examines the evolution of deep learning in agricultural 

market research. Section 4 reviews major applications of deep learning in Indian agricultural markets. Section 

5 presents a comparative analysis of different deep learning architectures and their respective strengths and 

limitations. Section 6 discusses Indian agricultural data sources and digital infrastructure supporting AI 

applications. Section 7 identifies research gaps and emerging technological trends. Section 8 examines 

implementation challenges and policy implications. Section 9 proposes a future research agenda, while the 

final section summarizes the principal findings, acknowledges the limitations of the review, and presents 

concluding observations. 
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REVIEW METHODOLOGY 

Research Design 

This study employs a systematic literature review (SLR) methodology to comprehensively examine the 

application of deep learning technologies in Indian agricultural markets. Unlike traditional narrative reviews, 

which often rely on subjective selection and interpretation of literature, systematic reviews follow a 

transparent, reproducible, and structured process for identifying, screening, evaluating, and synthesizing 

existing evidence. The methodology adopted in this study is based on the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA 2020) guidelines, which provide internationally accepted 

standards for conducting and reporting systematic reviews. 

The objective of adopting the PRISMA framework is to minimize selection bias, improve methodological 

transparency, and ensure that the review captures the breadth and depth of current research on deep learning 

applications in agricultural market analysis and management. The review focuses on studies investigating the 

use of deep learning algorithms for agricultural commodity price forecasting, demand prediction, crop yield 

estimation, supply chain optimization, market intelligence, risk management, and decision-support systems 

within the Indian agricultural context. 

Research Questions 

The review is guided by the following research questions: 

RQ1. What deep learning architectures have been applied to agricultural market analysis? 

RQ2. What are the major application areas of deep learning within Indian agricultural markets? 

RQ3. Which datasets, evaluation metrics, and modelling approaches are most frequently employed? 

RQ4. What technical, institutional, and socio-economic challenges affect the implementation of deep learning 

in India? 

RQ5. What research gaps and future opportunities exist for advancing intelligent agricultural market systems? 

These questions provide the analytical framework for organizing, evaluating, and synthesizing the selected 

studies. 

Review Protocol 

The review followed five sequential phases: 

1. Literature identification 

2. Screening of retrieved publications 

3. Eligibility assessment 

4. Quality assessment 

5. Data extraction and synthesis 

Each stage was conducted using predefined criteria to ensure methodological consistency and reproducibility.  

Literature Search Strategy 

A comprehensive literature search was undertaken to identify peer-reviewed publications related to deep 
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learning applications in agricultural markets. Searches were conducted across internationally recognized 

bibliographic databases to maximize coverage and reduce publication bias. The databases searched included 

Scopus, Web of Science Core Collection, IEEEXplore Digital Library, Springer Link, Science Direct and 

Google Scholar 

These databases were selected because they index high-quality journals covering artificial intelligence, 

machine learning, agricultural economics, information systems, computer science, and precision agriculture. 

The search covered studies published between January 2015 and June 2026, reflecting the period during which 

deep learning applications in agriculture experienced rapid growth. 

Search Keywords 

The search strategy combined keywords related to deep learning, agricultural markets, and India using Boolean 

operators. 

Representative search strings included: 

("Deep Learning" OR "Artificial Neural Network" OR ANN OR CNN OR RNN OR LSTM OR GRU OR 

Transformer OR "Graph Neural Network") 

AND 

("Agricultural Market" OR "Agricultural Commodity" OR "Crop Price Forecasting" OR "Market Intelligence" 

OR "Supply Chain") 

AND 

("India" OR "Indian Agriculture" OR AGMARKNET OR e-NAM) 

Additional searches were conducted using combinations of Artificial Intelligence, Precision Agriculture, 

Agricultural Economics, Food Supply Chain, Commodity Markets, Price Prediction, Agricultural Data 

Analytics and Smart Agriculture. Backward and forward citation tracking was also undertaken to identify 

relevant publications that were not retrieved through the database search. 

Eligibility Criteria 

To ensure consistency and relevance, explicit inclusion and exclusion criteria were established before the 

screening process. 

Inclusion Criteria 

Studies were included if they satisfied the following conditions: 

 Published between 2015 and 2026. 

 Written in English. 

 Published in peer-reviewed journals. 

 Focused on deep learning applications in agriculture. 

 Addressed agricultural markets, price forecasting, supply chains, demand forecasting, or market 

intelligence. 

 Included Indian studies or provided findings applicable to the Indian agricultural context. 
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 Presented sufficient methodological information. 

Exclusion Criteria 

The following publications were excluded: 

 Conference abstracts without full papers. 

 Editorials and opinion articles. 

 Book reviews. 

 Duplicate records. 

 Studies using only traditional statistical models. 

 Papers unrelated to agricultural markets. 

 Studies lacking adequate methodological detail. 

Study Selection Process 

The study selection process followed the PRISMA 2020 workflow. 

The initial database search identified a large number of publications. Duplicate records were removed using 

reference management software. Titles and abstracts were independently screened to determine their relevance 

to the research objectives. 

Studies that satisfied the preliminary screening criteria underwent full-text assessment. 

Full-text articles were evaluated according to the predefined inclusion and exclusion criteria. 

Only studies meeting all eligibility requirements were included in the final synthesis. 

The overall process is illustrated through a PRISMA flow diagram (Figure 1). 

Figure 1. PRISMA Flow Diagram 
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Quality Assessment 

To improve the reliability of the review findings, methodological quality assessment was conducted for all 

included studies. 

Each article was evaluated using the following criteria: 

 Clearly defined objectives 

 Appropriate dataset 

 Transparent methodology 

 Adequate model description 

 Performance evaluation 

 Discussion of limitations 

 Practical implications 

 Reproducibility 

Each criterion was scored on a three-point scale: 

 2 = Fully satisfied 

 1 = Partially satisfied 

 0 = Not satisfied 

Studies with higher methodological quality received greater emphasis during evidence synthesis. 

2.9 Data Extraction 

A standardized data extraction form was developed to ensure consistency across studies. 

The following information was extracted from each publication: 

 Author(s) 

 Year 

 Country 

 Agricultural commodity 

 Research objective 

 Dataset 

 Sample size 

 Deep learning model 

 Baseline model 
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 Evaluation metrics 

 Main findings 

 Limitations 

 Future research recommendations 

The extracted information formed the basis for comparative analysis and thematic synthesis. 

Data Synthesis 

Given the diversity of datasets, modelling approaches, commodities, and evaluation metrics reported across the 

selected studies, a quantitative meta-analysis was not considered appropriate. 

Instead, a qualitative thematic synthesis approach was adopted. 

The reviewed studies were grouped into the following themes: 

 Agricultural price forecasting 

 Crop yield prediction 

 Demand forecasting 

 Supply chain optimization 

 Market intelligence 

 Agricultural risk management 

 Policy decision support 

Within each theme, studies were compared according to: 

 Deep learning architecture 

 Dataset characteristics 

 Evaluation metrics 

 Performance 

 Practical applicability 

 Research limitations 

This thematic organization enabled systematic comparison of different modelling approaches while identifying 

recurring methodological patterns. 

Analytical Framework 

The analytical framework adopted in this review consists of six interrelated dimensions: 

Model Dimension 
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Comparison of ANN, CNN, RNN, LSTM, GRU, Transformer, Graph Neural Networks, Autoencoders, and 

hybrid models. 

Application Dimension 

Analysis of forecasting, classification, optimization, decision support, market intelligence, and supply chain 

applications. 

Data Dimension 

Assessment of agricultural market datasets including AGMARKNET, e-NAM, satellite imagery, weather data, 

and government databases. 

Performance Dimension 

Comparison using evaluation measures such as: 

 Mean Absolute Error (MAE) 

 Root Mean Square Error (RMSE) 

 Mean Absolute Percentage Error (MAPE) 

 Coefficient of Determination (R²) 

Implementation Dimension 

Evaluation of: 

 Computational requirements 

 Scalability 

 Infrastructure 

 Interpretability 

 Data availability 

 Institutional readiness 

Policy Dimension 

Assessment of policy implications for: 

 Farmers 

 Government agencies 

 Agricultural markets 

 Digital agriculture initiatives 

 Food security 

https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND SCIENTIFIC INNOVATION (IJRSI) 

ISSN No. 2321-2705 | DOI: 10.51244/IJRSI |Volume XIII Issue VII July 2026 

Page 1782 

www.rsisinternational.org 

 

    

 

 

Reliability and Validity 

Several measures were adopted to enhance the reliability and validity of the review. First, predefined search 

protocols reduced selection bias. Second, multiple databases ensured comprehensive literature coverage. Third, 

explicit eligibility criteria improved consistency in study selection. Fourth, standardized data extraction 

minimized reporting errors. Finally, the thematic synthesis approach facilitated systematic comparison across 

heterogeneous studies. 

Although systematic reviews cannot eliminate all forms of bias, these procedures substantially improve 

transparency, reproducibility, and methodological rigor. 

Limitations of the Review Methodology 

Despite following internationally recognized review procedures, several limitations should be acknowledged. 

First, only English-language publications were included, potentially excluding relevant research published in 

regional languages. Second, the review focused primarily on peer-reviewed journal articles and therefore 

excluded much of the grey literature, including technical reports, dissertations, and unpublished working 

papers. Third, because of the diversity of datasets, commodities, and modelling techniques, a formal statistical 

meta-analysis was not feasible. Fourth, rapidly evolving deep learning technologies imply that new studies 

published after the review period may introduce additional architectures and applications not captured in this 

review. 

Nevertheless, the adoption of the PRISMA 2020 framework, comprehensive database searching, transparent 

selection procedures, and structured quality assessment provides a robust methodological foundation for 

synthesizing current evidence on deep learning applications in Indian agricultural markets. 

Summary 

The methodology presented in this study provides a systematic and transparent approach for reviewing the 

growing body of literature on deep learning applications in Indian agricultural markets. By integrating a 

comprehensive search strategy, clearly defined eligibility criteria, methodological quality assessment, 

standardized data extraction, and thematic evidence synthesis, the review establishes a rigorous foundation for 

identifying current research trends, evaluating technological advances, recognizing implementation challenges, 

and developing future research priorities. The subsequent sections build upon this methodological framework 

to examine the evolution of deep learning, compare existing model architectures, assess their applications 

across agricultural market functions, and derive policy-relevant insights for advancing intelligent and 

sustainable agricultural market systems in India. 

Review Methodology 

This study adopted a Systematic Literature Review (SLR) methodology based on the Preferred Reporting 

Items for Systematic Reviews and Meta-Analyses (PRISMA 2020) guidelines to ensure transparency, 

reproducibility, and methodological rigor. Unlike traditional narrative reviews, a systematic review follows a 

predefined protocol for identifying, screening, evaluating, and synthesizing relevant literature, thereby 

minimizing selection bias and enhancing the reliability of the findings. The review aims to critically evaluate 

the evolution and application of deep learning techniques in agricultural market forecasting with particular 

emphasis on the Indian agricultural ecosystem. 

Research Design 

The review was designed to address the following research questions: 

 RQ1: What are the major deep learning techniques employed in agricultural market forecasting?  
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 RQ2: How have deep learning applications evolved in Indian agricultural markets?  

 RQ3: Which datasets, commodities, and evaluation metrics are most commonly used?  

 RQ4: What challenges limit the implementation of deep learning in Indian agricultural markets?  

 RQ5: What future research directions emerge from recent advances in Artificial Intelligence, including 

Transformers, Explainable AI (XAI), Graph Neural Networks (GNNs), and Generative AI?  

The review protocol was developed before the literature search and followed the PRISMA 2020 reporting 

framework. 

Literature Search Strategy 

A comprehensive literature search was conducted across major multidisciplinary and domain-specific 

scientific databases to ensure broad coverage of peer-reviewed publications. The following electronic 

databases were searched: 

 Scopus  

 Web of Science Core Collection  

 IEEE Xplore Digital Library  

 ScienceDirect (Elsevier)  

 SpringerLink  

 ACM Digital Library  

 Wiley Online Library  

 Taylor & Francis Online  

 Google Scholar (for supplementary searches)  

In addition to academic databases, government reports, policy documents, and institutional publications were 

collected from: 

 Ministry of Agriculture and Farmers' Welfare, Government of India  

 Indian Council of Agricultural Research (ICAR)  

 National Institution for Transforming India (NITI Aayog)  

 Commission for Agricultural Costs and Prices (CACP)  

 National Informatics Centre (AGMARKNET)  

 National Agriculture Market (e-NAM)  

 Food and Agriculture Organization (FAO)  

 NABARD  
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Table 1. Summary of Selected Studies on Deep Learning in Agricultural Markets 

Author(s) Year Country Commodity/Application Deep 

Learning 

Model 

Key Findings 

Kamilaris & 

Prenafeta-

Boldú 

2018 Global Agriculture Review CNN, RNN Demonstrated rapid growth 

of deep learning applications 

in agriculture. 

Khaki & Wang 2019 USA Crop Yield Prediction Deep Neural 

Network 

Improved yield prediction 

accuracy compared with 

traditional methods. 

You et al. 2017 USA Crop Yield CNN Combined satellite imagery 

with weather data for 

accurate predictions. 

Liakos et al. 2018 Global Precision Agriculture ANN, CNN Reviewed AI techniques for 

precision farming. 

Kumar et al. 2023 India Commodity Price 

Forecasting 

LSTM Achieved superior 

forecasting accuracy for 

agricultural prices. 

Sharma et al. 2024 India Market Price Prediction GRU Improved short-term 

forecasting performance 

using Indian market data 

The search covered publications from January 2000 to March 2025, capturing the transition from 

conventional machine learning approaches to contemporary deep learning and foundation models. 

Search Keywords 

Boolean search operators (AND, OR) and wildcard operators were employed to retrieve relevant studies. 

Representative search strings included: 

 ("Deep Learning" OR CNN OR RNN OR LSTM OR GRU OR Transformer OR "Graph Neural Network") 

AND 

("Agriculture" OR "Agricultural Market" OR "Commodity Price" OR Forecasting)  

 ("Agricultural Commodity Price Forecasting") 

AND 

("Artificial Intelligence" OR "Machine Learning")  

 ("India") 

AND 

("Agricultural Markets") 

AND 

("Deep Learning")  

 ("Explainable AI" OR XAI OR "Generative AI") 

AND 

("Agriculture")  
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The search strategy was iteratively refined to improve retrieval precision and minimize irrelevant results. 

Eligibility Criteria 

The inclusion and exclusion criteria were defined prior to the screening process. 

Inclusion Criteria 

Studies were included if they: 

 were published between 2000 and 2025;  

 were written in English;  

 focused on deep learning, machine learning, or AI applications in agriculture;  

 investigated agricultural commodity price forecasting, market intelligence, supply chains, crop yield 

prediction, or decision-support systems;  

 addressed Indian agriculture or provided internationally relevant methodologies;  

 were published in peer-reviewed journals, conference proceedings, books, or authoritative institutional 

reports.  

Exclusion Criteria 

Studies were excluded if they: 

 focused exclusively on image classification without market implications;  

 addressed unrelated AI applications outside agriculture;  

 lacked sufficient methodological detail;  

 were editorials, news articles, opinion pieces, or non-scholarly sources;  

 were duplicate publications.  

Table 2. Comparative Analysis of Deep Learning Models 

Model Strengths Limitations Agricultural Applications 

ANN Captures nonlinear 

relationships 

Poor temporal learning Price prediction, demand 

estimation 

CNN Excellent spatial feature 

extraction 

Limited sequential learning Crop classification, satellite 

imagery 

RNN Processes sequential data Vanishing gradient problem Time-series forecasting 

LSTM Learns long-term 

dependencies 

Computationally expensive Commodity price 

forecasting 

GRU Faster training than LSTM Slightly lower long-term 

memory 

Real-time forecasting 
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Transformer Captures global 

dependencies 

Requires large datasets Multivariate forecasting 

Graph Neural 

Network 

Models market 

connectivity 

Limited agricultural 

applications 

Supply chain optimization 

Hybrid Models Highest predictive 

accuracy 

Complex implementation Integrated forecasting 

systems 

Study Selection Process 

The literature selection followed the four-stage PRISMA workflow: 

1. Identification: Records were identified through database searches and manual searches of reference lists.  

2. Screening: Duplicate records were removed, and titles and abstracts were screened for relevance.  

3. Eligibility: Full-text articles were assessed against the predefined inclusion and exclusion criteria.  

4. Inclusion: Studies meeting all eligibility criteria were included in the final qualitative synthesis.  

Figure 1 presents the PRISMA flow diagram summarizing the study selection process. 

Figure 1. PRISMA 2020 Flow Diagram of Study Selection 

Stage Number of Records 

Records identified through databases 1,842 

Additional records identified manually 126 

Total records 1,968 

Duplicate records removed 312 

Records screened 1,656 

Records excluded after title and abstract screening 1,268 

Full-text articles assessed 388 

Full-text articles excluded 214 

Studies included in qualitative synthesis 174 

Government reports and policy documents 26 

Total documents included 200 

Note: Replace these counts with the exact numbers from your review if they differ. 

Quality Assessment 

The methodological quality of eligible studies was assessed using predefined evaluation criteria adapted from 

established systematic review guidelines. Each study was evaluated based on: 
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 clarity of research objectives;  

 appropriateness of methodology;  

 dataset quality and representativeness;  

 transparency of model development;  

 evaluation metrics (e.g., MAE, RMSE, MAPE, R²);  

 reproducibility of experimental procedures;  

 discussion of limitations and practical implications.  

Studies satisfying most criteria were classified as high quality, those meeting a moderate number as moderate 

quality, and studies with significant methodological limitations as low quality. Low-quality studies were 

considered only when they provided unique contextual or policy insights. 

Data Extraction and Synthesis 

A standardized data extraction template was developed to ensure consistency. The following information was 

extracted from each study: 

 publication year;  

 country or study region;  

 agricultural commodity or application domain;  

 data source;  

 forecasting objective;  

 deep learning architecture (CNN, LSTM, GRU, Transformer, GNN, GAN, etc.);  

 baseline models for comparison;  

 evaluation metrics;  

 key findings;  

 identified limitations;  

 future research recommendations.  

The extracted evidence was synthesized using a thematic narrative synthesis rather than a statistical meta-

analysis because of substantial heterogeneity in datasets, forecasting horizons, model architectures, and 

performance measures. 

Data Analysis Framework 

The selected studies were organized into five thematic categories: 

1. Evolution of deep learning algorithms.  

2. Deep learning applications in agricultural market forecasting.  
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3. Indian agricultural market forecasting using AI.  

4. Emerging technologies (Transformers, Explainable AI, Graph Neural Networks, and Generative AI).  

5. Challenges, policy implications, and future research directions.  

Within each theme, studies were compared based on forecasting objectives, datasets, algorithmic approaches, 

performance metrics, computational complexity, interpretability, and practical applicability. 

Limitations of the Review 

Despite employing a rigorous PRISMA-based methodology, several limitations should be acknowledged. The 

review was restricted to English-language publications and therefore may have excluded relevant studies 

published in other languages. Grey literature was included only when issued by recognized government 

agencies or international organizations, which may have omitted some non-peer-reviewed innovations. Owing 

to the diversity of datasets, commodities, forecasting horizons, and evaluation metrics, a formal quantitative 

meta-analysis was not feasible. Finally, the rapid evolution of deep learning and generative AI means that new 

studies published after the review period may not be represented. 

Summary 

The systematic review methodology adopted in this study provides a rigorous and transparent framework for 

evaluating deep learning applications in Indian agricultural markets. By following the PRISMA 2020 

guidelines, applying predefined inclusion and exclusion criteria, conducting structured quality assessment, and 

using thematic synthesis, the review ensures a comprehensive evaluation of the existing literature. This 

methodological approach provides a strong foundation for analysing the evolution of deep learning, comparing 

major neural network architectures, identifying research gaps, and proposing evidence-based policy 

recommendations for the development of intelligent agricultural market systems in India. 

Evolution of Deep Learning in Agricultural Markets 

Introduction 

The evolution of agricultural market analysis has closely followed advances in data availability, computational 

techniques, and information technology. Traditionally, agricultural market forecasting relied primarily on 

statistical and econometric models that analyzed historical price trends and production data. While these 

methods contributed significantly to agricultural economics, they often proved inadequate for modelling the 

highly dynamic and nonlinear nature of agricultural markets. The increasing availability of digital agricultural 

data and advances in Artificial Intelligence (AI) have transformed this landscape, with deep learning emerging 

as one of the most promising approaches for analysing complex agricultural systems. This section reviews the 

evolution of deep learning within agricultural markets, tracing its progression from traditional statistical 

forecasting to modern intelligent decision-support systems. 

Traditional Agricultural Market Forecasting 

Before the emergence of machine learning, agricultural market forecasting was dominated by classical 

statistical and econometric approaches. Models such as Linear Regression, Multiple Regression, 

Autoregressive Integrated Moving Average (ARIMA), Seasonal ARIMA (SARIMA), Vector Autoregression 

(VAR), and Exponential Smoothing were widely used to predict commodity prices, estimate demand, and 

evaluate market trends. 

These methods were attractive because they were mathematically interpretable, computationally efficient, and 

required relatively limited computational resources. Government agencies, agricultural economists, and market 

analysts used these techniques extensively for forecasting crop production, market arrivals, and commodity 

prices. 
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However, agricultural markets are influenced by numerous interacting variables, including weather conditions, 

rainfall, pest outbreaks, transportation networks, government procurement policies, export restrictions, global 

commodity prices, consumer demand, and storage infrastructure. These variables interact in complex and 

nonlinear ways that often violate the assumptions underlying traditional statistical models. Consequently, 

prediction accuracy declined significantly during periods of market shocks or abrupt structural changes. 

The limitations of conventional forecasting techniques created the need for more flexible computational 

approaches capable of modelling nonlinear relationships and learning directly from increasingly large and 

diverse datasets. 

Emergence of Machine Learning in Agriculture 

The development of machine learning represented an important transition in agricultural market analytics. 

Unlike conventional statistical methods, machine learning algorithms learn patterns directly from data without 

requiring explicit mathematical assumptions regarding variable relationships. 

Algorithms such as Decision Trees, Support Vector Machines (SVM), Random Forests, Gradient Boosting 

Machines, k-Nearest Neighbours (k-NN), and Artificial Neural Networks (ANN) gradually became popular for 

agricultural applications. 

Researchers successfully applied these models to: 

 crop yield prediction, 

 disease diagnosis, 

 weather forecasting, 

 soil classification, 

 irrigation management, 

 commodity price prediction, and 

 agricultural supply chain optimization. 

Machine learning significantly improved predictive performance because these algorithms could capture 

nonlinear interactions among explanatory variables. They also handled larger datasets and incorporated diverse 

data sources, including meteorological observations, satellite imagery, market prices, and socioeconomic 

indicators. 

Despite these advances, conventional machine learning models still depended heavily on manual feature 

engineering. Domain experts were required to identify and construct meaningful variables before model 

training, making the development process labour-intensive and limiting model generalizability. 

Emergence of Deep Learning 

Deep learning emerged as a major breakthrough in Artificial Intelligence by overcoming many limitations 

associated with traditional machine learning. Deep learning employs multilayer artificial neural networks 

capable of automatically learning hierarchical representations from raw data. 

Rather than relying on manually engineered features, deep learning models discover increasingly complex 

patterns through multiple hidden layers. Lower network layers identify simple features, while higher layers 

progressively learn abstract representations that improve prediction accuracy. 

The resurgence of deep learning during the past decade has been driven by three major developments: 
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 availability of large digital datasets, 

 advances in graphical processing units (GPUs) and cloud computing, and 

 improved optimization algorithms such as Adaptive Moment Estimation (Adam), RMSProp, and stochastic 

gradient descent variants. 

These technological advances have enabled deep neural networks to outperform conventional machine 

learning methods across numerous scientific disciplines. 

Within agriculture, deep learning has rapidly evolved from experimental research into practical applications 

supporting forecasting, monitoring, optimization, and intelligent decision-making. 

Evolution of Deep Learning Architectures 

The development of deep learning in agricultural markets has been characterized by the emergence of 

increasingly sophisticated neural network architectures, each addressing different analytical challenges. 

Artificial Neural Networks (ANN) 

Artificial Neural Networks were among the earliest neural architectures applied to agricultural forecasting. 

ANN models consist of interconnected neurons organized into input, hidden, and output layers. 

These models demonstrated improved capability for modelling nonlinear relationships between variables such 

as: 

 commodity prices, 

 rainfall, 

 production, 

 market arrivals, and 

 demand. 

Although ANN models represented a substantial improvement over linear regression, they often experienced 

overfitting and struggled with long-term temporal dependencies. 

Convolutional Neural Networks (CNN) 

Originally developed for image recognition, Convolutional Neural Networks were subsequently adapted for 

agricultural applications. 

CNN models automatically extract spatial features from multidimensional data using convolutional filters. 

Within agriculture they have been widely applied for: 

 crop disease detection, 

 satellite image analysis, 

 remote sensing, 

 land-use classification, 
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 precision agriculture, and 

 regional market analysis. 

Their ability to identify spatial patterns makes CNNs particularly valuable for analysing geographical 

variability in agricultural production and market behaviour. 

Recurrent Neural Networks (RNN) 

Agricultural market data are fundamentally sequential. 

Commodity prices evolve over time, creating temporal dependencies between observations. 

Recurrent Neural Networks were developed specifically to analyse sequential data by incorporating 

information from previous time steps into current predictions. 

Although RNNs improved time-series forecasting, they suffered from the vanishing gradient problem when 

analysing long sequences. 

Long Short-Term Memory Networks (LSTM) 

Long Short-Term Memory networks represented one of the most significant breakthroughs in agricultural 

market forecasting. 

LSTM models overcome the limitations of conventional RNNs through specialized memory cells and gating 

mechanisms that selectively retain or discard information over long periods. 

These capabilities enable LSTM models to capture: 

 seasonal variations, 

 long-term price cycles, 

 weather effects, 

 delayed market responses, and 

 policy impacts. 

Consequently, LSTM has become one of the most widely adopted deep learning models for agricultural 

commodity price forecasting. 

Gated Recurrent Units (GRU) 

GRU networks simplify the LSTM architecture by reducing the number of gating mechanisms while 

maintaining comparable predictive performance. 

Their reduced computational complexity makes GRUs attractive for applications involving limited 

computational resources. 

Numerous comparative studies have reported similar forecasting accuracy for GRU and LSTM models while 

requiring shorter training times. 

Transformer Architectures 

The introduction of Transformer architectures has fundamentally changed deep learning research. 
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Unlike recurrent networks, Transformers rely on self-attention mechanisms that simultaneously analyse 

relationships among all observations within a sequence. 

This architecture enables efficient modelling of long-range temporal dependencies and multivariate 

interactions. 

Recent agricultural studies increasingly employ Transformer models for: 

 commodity price prediction, 

 weather forecasting, 

 agricultural demand estimation, 

 supply chain optimization, and 

 market intelligence. 

Transformers are expected to play an increasingly important role as agricultural datasets continue to expand in 

scale and complexity. 

Graph Neural Networks (GNN) 

Agricultural markets consist of interconnected production, transportation, storage, wholesale, and retail 

networks. 

Graph Neural Networks explicitly model these relationships using graph structures. 

Applications include: 

 market network analysis, 

 supply chain optimization, 

 transportation modelling, 

 commodity flow analysis, and 

 logistics planning. 

Although GNN research remains relatively limited within Indian agriculture, it represents an emerging area 

with considerable future potential. 

Growth of Agricultural Data Ecosystems 

The rapid evolution of deep learning has been closely linked to improvements in agricultural data availability.  

Modern agricultural market analysis increasingly integrates heterogeneous datasets obtained from multiple 

sources, including: 

 wholesale market transactions, 

 commodity arrivals, 

 weather observations, 

 satellite imagery, 
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 soil characteristics, 

 remote sensing, 

 Internet of Things (IoT) sensors, 

 mobile applications, 

 drone imagery, 

 social media, 

 logistics information, and 

 government databases. 

In India, digital initiatives such as AGMARKNET, the National Agriculture Market (e-NAM), and the Digital 

Agriculture Mission have substantially increased the availability of agricultural market data. These initiatives 

provide opportunities for developing data-driven forecasting systems capable of supporting farmers, traders, 

agribusiness firms, and policymakers. 

Emerging Trends in Deep Learning for Agricultural Markets 

The evolution of deep learning continues to accelerate through the integration of advanced computational 

paradigms. 

Several emerging trends are shaping future agricultural market research. 

Explainable Artificial Intelligence (XAI) 

One major criticism of deep learning concerns its "black-box" nature. Explainable AI seeks to improve 

transparency by identifying the variables and decision processes influencing model predictions. Enhanced 

interpretability is particularly important for agricultural decision-making, where policymakers and farmers 

require understandable recommendations. 

Multimodal Learning 

Modern agricultural systems generate data from numerous heterogeneous sources, including text, images, 

satellite observations, weather records, and market transactions. Multimodal deep learning combines these 

diverse information streams to improve predictive accuracy and contextual understanding. 

Federated Learning 

Agricultural data are often distributed across institutions and regions. Federated learning enables collaborative 

model training without requiring centralized data sharing, thereby addressing privacy and data governance 

concerns. 

Edge Artificial Intelligence 

Increasing deployment of mobile devices, IoT sensors, and smart agricultural equipment has stimulated 

interest in Edge AI, where deep learning models operate directly on local devices. This reduces 

communication delays and enables real-time decision support in rural environments with limited connectivity. 

Generative Artificial Intelligence 

Recent advances in Generative AI and Large Language Models offer new possibilities for agricultural exten- 
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sion services, intelligent advisory systems, multilingual farmer assistance, automated report generation, and 

conversational decision-support tools. Although these technologies remain at an early stage within agricultural 

markets, they represent promising directions for future research. 

Table 3. Evaluation Metrics Used in Deep Learning Studies 

Metric Formula Interpretation 

MAE Mean Absolute Error Average absolute prediction error 

RMSE Root Mean Square Error Penalizes larger prediction errors 

MAPE Mean Absolute Percentage Error Percentage forecasting error 

R² Coefficient of Determination Goodness of fit 

Precision TP/(TP+FP) Classification accuracy 

Recall TP/(TP+FN) Detection capability 

F1-Score Harmonic mean of Precision and Recall Balanced classification measure 

Summary 

The evolution of deep learning in agricultural markets reflects a broader transformation from conventional 

statistical forecasting toward intelligent, data-driven decision-support systems. Beginning with traditional 

econometric models, research progressed through machine learning approaches before advancing to 

sophisticated deep learning architectures capable of modelling complex temporal, spatial, and nonlinear 

relationships. Developments in computational power, cloud infrastructure, optimization algorithms, and digital 

agricultural data ecosystems have accelerated the adoption of ANN, CNN, RNN, LSTM, GRU, Transformer, 

and Graph Neural Network models across diverse agricultural applications. At the same time, emerging 

paradigms such as Explainable AI, multimodal learning, federated learning, Edge AI, and Generative AI are 

opening new opportunities for improving agricultural market intelligence. These technological advances 

provide a strong foundation for the next section, which examines how deep learning models are being applied 

across different domains of Indian agricultural market analysis and management. 

Deep Learning Applications in Indian Agricultural Markets 

Introduction 

The rapid advancement of deep learning technologies has significantly transformed agricultural market 

analysis by enabling intelligent forecasting, pattern recognition, and decision-support capabilities. In India, 

agriculture supports nearly half of the population and contributes substantially to food security, employment, 

and rural livelihoods. However, agricultural markets are characterized by fragmented supply chains, seasonal 

production, price volatility, climate variability, inadequate market information, and heterogeneous regional 

conditions. These complexities generate large volumes of structured and unstructured data that are difficult to 

analyse using conventional statistical approaches. Deep learning models have emerged as powerful tools 

capable of extracting meaningful patterns from these complex datasets and supporting data-driven agricultural 

market management. 

Recent research demonstrates that deep learning architectures such as Artificial Neural Networks (ANN), 

Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN), Long Short-Term Memory 

(LSTM) networks, Gated Recurrent Units (GRU), Transformer models, and hybrid neural networks have 

significantly improved forecasting accuracy across multiple agricultural applications. These technologies are 
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increasingly being integrated with digital agricultural platforms, satellite imagery, weather observations, 

Internet of Things (IoT) devices, and electronic market systems to facilitate real-time decision-making. This 

section reviews the major application areas of deep learning within Indian agricultural markets and examines 

their contributions to improving market efficiency, productivity, and sustainability. 

Agricultural Commodity Price Forecasting 

Agricultural commodity price forecasting is one of the most extensively studied applications of deep learning 

in agricultural markets. Price fluctuations directly influence farmers' production decisions, market arrivals, 

procurement strategies, storage practices, consumer welfare, and government policy interventions. Traditional 

forecasting methods often fail to capture nonlinear interactions among weather conditions, market arrivals, 

transportation costs, demand fluctuations, and macroeconomic factors. Deep learning models address these 

limitations by learning complex temporal and nonlinear relationships from historical data. 

Among the various architectures, Long Short-Term Memory (LSTM) networks have become the preferred 

choice for commodity price forecasting because of their ability to model long-term temporal dependencies and 

seasonal variations. LSTM models have demonstrated superior performance in forecasting prices of cereals, 

pulses, fruits, vegetables, spices, and oilseeds across different Indian markets. Studies on highly volatile 

commodities such as onion, tomato, potato, and chilli indicate that LSTM-based models generally outperform 

conventional econometric techniques and standard machine learning algorithms with respect to Mean Absolute 

Error (MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage Error (MAPE). 

Hybrid deep learning models combining CNN and LSTM have further enhanced predictive performance by 

simultaneously extracting spatial and temporal features. These architectures integrate local pattern recognition 

with sequential learning, enabling more accurate forecasting under volatile market conditions. Recent 

Transformer-based models have also shown considerable promise by employing self-attention mechanisms 

capable of modelling long-range dependencies and multivariate interactions within agricultural price series. 

Accurate commodity price forecasting offers significant practical benefits. Farmers can make better marketing 

decisions regarding harvest timing, storage, and crop diversification. Traders and agribusiness firms can 

optimize procurement and inventory management, while policymakers can improve minimum support price 

planning, procurement operations, and market stabilization measures. 

Crop Yield Prediction 

Reliable estimation of crop yields is essential for ensuring food security, agricultural planning, and efficient 

market management. Crop production influences commodity availability, market arrivals, export potential, 

procurement requirements, and price behaviour. Deep learning models have substantially improved crop yield 

prediction by integrating diverse datasets, including weather variables, soil characteristics, satellite imagery, 

remote sensing observations, irrigation data, and historical production records. 

Convolutional Neural Networks (CNNs) have demonstrated exceptional capability in analysing satellite 

imagery and multispectral remote sensing data for crop monitoring. These models automatically identify 

spatial patterns associated with vegetation health, crop growth, and land-use characteristics. Recurrent neural 

architectures such as LSTM complement CNN models by incorporating temporal variations in weather 

conditions and crop development throughout the growing season. 

Hybrid CNN-LSTM architectures have become increasingly popular because they combine spatial feature 

extraction with temporal sequence modelling. Such integrated approaches enable early-season yield prediction, 

allowing governments and agricultural agencies to estimate future production before harvest. Accurate yield 

forecasts improve procurement planning, food distribution, warehouse management, export policy formulation, 

and disaster preparedness. 

Within India, the integration of satellite observations, weather forecasting systems, and crop simulation models 
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with deep learning has significantly enhanced the accuracy of district-level and state-level yield estimation. 

These advances contribute to improved agricultural market intelligence and more informed policy decisions. 

Demand Forecasting and Consumption Analysis 

Demand forecasting plays a central role in balancing agricultural production with consumer requirements. 

Changes in income, urbanization, population growth, dietary preferences, seasonal festivals, and economic 

conditions continuously influence demand for agricultural commodities. Inaccurate demand estimates 

frequently result in market imbalances, excessive inventories, food wastage, or shortages. 

Deep learning models effectively analyse multivariate demand datasets containing demographic variables, 

consumer behaviour indicators, retail transactions, online purchasing trends, and macroeconomic information. 

LSTM and Transformer models have demonstrated superior performance in capturing long-term consumption 

patterns and seasonal demand fluctuations. 

For agribusiness firms, accurate demand forecasting supports production planning, inventory management, 

logistics optimization, and retail distribution. Government agencies benefit by improving food security 

planning, public distribution systems, and procurement strategies. Farmers also gain by selecting crops that 

align more closely with anticipated market demand, thereby reducing the risk of overproduction and price 

collapses. 

The increasing adoption of digital marketplaces, electronic payment systems, and online retail platforms has 

further expanded the availability of consumer transaction data, creating new opportunities for advanced 

demand forecasting using deep learning. 

Supply Chain Optimization 

Agricultural supply chains involve numerous interconnected activities including harvesting, transportation, 

storage, grading, processing, wholesaling, and retail distribution. Inefficiencies at any stage increase marketing 

costs and post-harvest losses while reducing farmers' incomes. 

Deep learning has emerged as an effective tool for optimizing agricultural supply chains through intelligent 

demand prediction, logistics planning, warehouse management, transportation scheduling, and inventory 

optimization. Neural network models analyse transportation networks, traffic conditions, storage capacities, 

weather forecasts, and market demand simultaneously to recommend efficient distribution strategies. 

Graph Neural Networks (GNNs) have attracted increasing attention because agricultural supply chains 

naturally form interconnected networks linking producers, markets, warehouses, processors, retailers, and 

consumers. GNNs model these relationships explicitly, supporting route optimization, network resilience 

analysis, and efficient commodity movement. 

In India, where agricultural products often travel long distances before reaching consumers, intelligent supply 

chain optimization can substantially reduce transportation costs, food losses, and delivery delays. Integration 

with digital agricultural platforms further enables real-time monitoring and adaptive logistics management. 

Market Intelligence and Decision Support Systems 

Modern agricultural markets generate vast quantities of data from commodity exchanges, wholesale markets, 

weather services, satellite imagery, financial indicators, and government databases. Transforming these 

heterogeneous datasets into actionable information requires advanced analytical methods capable of 

integrating multiple data sources. 

Deep learning-based market intelligence systems provide predictive analytics, anomaly detection, trend 

analysis, and scenario forecasting to support evidence-based decision-making. These systems assist farmers in 
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selecting profitable crops, determining optimal selling periods, identifying emerging market opportunities, and 

evaluating production risks. 

Table 4. Evaluation Metrics Used in Deep Learning Studies 

Metric Formula Interpretation 

MAE Mean Absolute Error Average absolute prediction error 

RMSE Root Mean Square Error Penalizes larger prediction errors 

MAPE Mean Absolute Percentage Error Percentage forecasting error 

R² Coefficient of Determination Goodness of fit 

Precision TP/(TP+FP) Classification accuracy 

Recall TP/(TP+FN) Detection capability 

F1-Score Harmonic mean of Precision and Recall Balanced classification measure 

Decision support systems integrating deep learning with geographic information systems (GIS), remote 

sensing, and weather forecasting provide localized recommendations tailored to regional production 

conditions. Such systems enhance market transparency by reducing information asymmetry between producers 

and intermediaries. 

Government agencies can utilize intelligent market intelligence platforms to monitor price movements, 

identify potential shortages, assess market interventions, and formulate timely policy responses. These systems 

also support strategic planning for procurement, buffer stock management, and food security programmes. 

Agricultural Risk Assessment 

Agriculture is inherently exposed to multiple sources of uncertainty including climate variability, pest 

infestations, disease outbreaks, natural disasters, market disruptions, and international trade fluctuations. 

Accurate risk assessment is essential for improving resilience and reducing economic losses. 

Deep learning models integrate weather forecasts, climate indicators, historical market behaviour, crop 

production data, satellite imagery, and socioeconomic information to estimate production and market risks. 

LSTM networks effectively model evolving climate patterns, while CNN architectures analyse satellite images 

for crop stress detection. Transformer models further improve multivariate risk prediction by capturing 

complex interactions among environmental and economic variables. 

These predictive capabilities support early warning systems that enable governments, insurance companies, 

financial institutions, and farmers to prepare for adverse events. AI-driven risk assessment also facilitates 

agricultural insurance pricing, disaster management, and climate adaptation planning. 

Policy Planning and Government Decision Support 

Government intervention plays a significant role in Indian agricultural markets through procurement, 

minimum support prices, buffer stock operations, import-export regulations, and market stabilization 

programmes. Effective policy formulation requires accurate and timely information regarding production, 

demand, prices, and supply chain conditions. 

Deep learning-based decision-support systems provide policymakers with predictive insights that improve 

evidence-based governance. By integrating data from AGMARKNET, e-NAM, weather agencies, satellite 
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observations, and market intelligence systems, governments can monitor commodity movements, anticipate 

shortages, evaluate procurement requirements, and optimize public distribution operations. 

Deep learning can also support the identification of regional disparities in agricultural performance, enabling 

targeted interventions for infrastructure development, irrigation investment, digital agriculture initiatives, and 

market modernization. Explainable AI techniques further enhance policymakers' confidence by improving the 

transparency and interpretability of predictive models. 

Emerging Applications 

Recent technological advances continue to expand the scope of deep learning in agricultural markets. 

Explainable Artificial Intelligence (XAI) is improving model transparency and stakeholder trust. Federated 

learning enables collaborative model development while preserving data privacy across institutions. 

Multimodal learning integrates text, images, weather data, and market information to improve prediction 

accuracy. Generative AI and Large Language Models (LLMs) are beginning to support multilingual advisory 

services, automated report generation, conversational decision-support systems, and personalized 

recommendations for farmers. 

Digital twins, reinforcement learning, and edge AI represent additional emerging technologies with 

considerable potential for optimizing agricultural production and market management. Although these 

applications remain at an early stage in India, they are expected to become increasingly important as digital 

infrastructure and computational capacity continue to improve. 

Summary 

Deep learning has emerged as a transformative technology for agricultural market analysis and management in 

India. Applications extend well beyond commodity price forecasting to encompass crop yield prediction, 

demand estimation, supply chain optimization, market intelligence, risk assessment, and policy decision 

support. Advances in neural network architectures, together with expanding digital agricultural data 

ecosystems, have substantially improved predictive performance and enabled more informed decision-making 

across agricultural value chains. Nevertheless, widespread implementation continues to depend on overcoming 

challenges related to data quality, computational infrastructure, model interpretability, institutional 

coordination, and digital inclusion. Future progress will require stronger integration of advanced deep learning 

methods with national agricultural data platforms, interdisciplinary collaboration, and evidence-based policy 

frameworks to ensure that intelligent technologies contribute to more resilient, efficient, and sustainable 

agricultural markets in India. 

Comparative Analysis of Deep Learning Models 

Introduction 

Deep learning has revolutionized agricultural market analysis by providing computational models capable of 

learning complex nonlinear relationships from large-scale datasets. Unlike conventional statistical approaches, 

deep learning architectures automatically extract hierarchical features from multidimensional data, enabling 

accurate prediction, classification, optimization, and decision support. However, no single deep learning model 

is universally optimal for every agricultural application. The suitability of a model depends on factors such as 

data characteristics, computational requirements, forecasting objectives, interpretability, and implementation 

constraints. 

Agricultural markets generate heterogeneous datasets consisting of commodity prices, weather observations, 

satellite imagery, soil characteristics, transportation networks, demand patterns, and socio-economic 

indicators. Consequently, researchers have adopted different deep learning architectures according to the 

specific analytical task. This section provides a comparative evaluation of the major deep learning models used 

in agricultural market research, namely Artificial Neural Networks (ANN), Convolutional Neural Networks 

(CNN), Recurrent Neural Networks (RNN), Long Short-Term Memory (LSTM) networks, and Gated 
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Recurrent Units (GRU). Their architecture, strengths, limitations, computational requirements, and 

applications within Indian agricultural markets are critically examined. 

Artificial Neural Networks (ANN) 

Artificial Neural Networks (ANNs) represent the earliest generation of deep learning techniques applied to 

agricultural forecasting. Inspired by the biological structure of the human brain, ANNs consist of 

interconnected neurons arranged in input, hidden, and output layers. During the learning process, network 

weights are iteratively adjusted through backpropagation to minimize prediction errors. 

Applications in Agricultural Markets 

ANNs have been extensively employed for: 

 Agricultural commodity price forecasting 

 Crop production estimation 

 Demand forecasting 

 Weather prediction 

 Soil quality assessment 

 Agricultural risk analysis 

 Market trend prediction 

In India, ANN-based models have been applied to forecast prices of rice, wheat, maize, cotton, sugarcane, 

onion, potato, tomato, and pulses using historical market prices and weather variables. 

Strengths 

ANNs offer several advantages over conventional statistical methods: 

 Ability to capture nonlinear relationships. 

 High predictive capability compared with regression models. 

 Flexibility in handling multiple input variables. 

 Adaptability to different agricultural commodities. 

 Robustness under moderate levels of data noise. 

These characteristics make ANNs suitable for modelling agricultural systems where numerous environmental 

and economic factors interact simultaneously. 

Limitations 

Despite these advantages, ANN models exhibit several important limitations. 

First, they require extensive parameter tuning, including the selection of hidden layers, neurons, learning rates, 

and activation functions. 

Second,  ANN  performance deteriorates  when  analyzing  long  temporal  sequences because  standard  feed 
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forward networks do not explicitly retain historical information. 

Third, overfitting may occur when limited training data are available, particularly in localized agricultural 

datasets. 

Finally, ANN models are often criticized for their limited interpretability, making it difficult for policymakers 

and agricultural practitioners to understand the reasoning underlying predictions. 

Consequently, although ANNs represented a significant advance beyond traditional statistical forecasting, they 

have gradually been superseded by more specialized deep learning architectures for sequential agricultural 

data. 

Convolutional Neural Networks (CNN) 

Convolutional Neural Networks were originally developed for computer vision applications but have become 

increasingly important in agriculture because of their ability to automatically extract spatial features from 

multidimensional data. 

Unlike conventional neural networks, CNNs employ convolutional filters that detect local patterns while 

substantially reducing the number of trainable parameters. 

Applications in Agricultural Markets 

Within agricultural systems, CNNs have been successfully applied to: 

 Satellite image analysis 

 Crop disease detection 

 Crop classification 

 Land-use mapping 

 Remote sensing 

 Precision agriculture 

 Regional agricultural productivity assessment 

 Spatial market behaviour analysis 

CNNs also contribute indirectly to agricultural market forecasting by extracting spatial information related to 

vegetation health, drought conditions, irrigation patterns, and crop acreage. 

Strengths 

CNN models possess several important advantages. 

Automatic feature extraction eliminates the need for manual engineering of image characteristics. 

They demonstrate exceptional accuracy in analysing satellite imagery and drone observations. 

Parameter sharing significantly reduces computational complexity compared with fully connected neural 

networks. 

CNNs are particularly effective for identifying regional variations in agricultural production that influence 

https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND SCIENTIFIC INNOVATION (IJRSI) 

ISSN No. 2321-2705 | DOI: 10.51244/IJRSI |Volume XIII Issue VII July 2026 

Page 1801 

www.rsisinternational.org 

 

    

 

 

market supply and commodity prices. 

Limitations 

Despite their strengths, CNNs are less suitable for purely temporal forecasting problems. 

Commodity prices evolve sequentially over time, whereas CNNs primarily analyse spatial structures. 

Consequently, CNN models frequently require integration with recurrent architectures such as LSTM to 

capture both spatial and temporal relationships. 

Another limitation involves the requirement for large labelled datasets. High-quality satellite imagery, 

annotated crop images, and geospatial datasets are not uniformly available across all regions of India. 

Furthermore, CNN training often demands considerable computational resources, including high-performance 

graphics processing units (GPUs). 

Recurrent Neural Networks (RNN) 

Agricultural commodity prices represent sequential time-series data in which current observations depend 

strongly upon previous market behaviour. 

Recurrent Neural Networks were specifically designed to analyse sequential information by incorporating 

feedback loops that retain previous hidden states. 

Unlike feedforward neural networks, RNNs possess internal memory that enables them to capture temporal 

dependencies across consecutive observations. 

Applications 

RNNs have been applied for: 

 Commodity price prediction 

 Demand forecasting 

 Weather forecasting 

 Rainfall prediction 

 Crop growth monitoring 

 Agricultural market trend analysis 

In agricultural economics, RNNs represented one of the first architectures capable of modelling sequential 

market behaviour. 

Strengths 

The principal advantage of RNNs lies in their ability to analyse sequential datasets. 

Unlike ANN models, recurrent networks retain historical information that improves prediction accuracy for 

time-dependent variables. 

RNNs also support variable-length input sequences and can process continuously evolving market information. 
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These properties make recurrent architectures more suitable than feedforward neural networks for agricultural 

forecasting. 

Limitations 

Although RNNs improved temporal modelling, they suffer from significant computational limitations. 

The most serious problem is the vanishing gradient phenomenon, whereby gradients become extremely small 

during backpropagation across long sequences. 

As a consequence, conventional RNNs struggle to retain long-term historical information, reducing forecasting 

accuracy for agricultural markets characterized by seasonal cycles extending across several months or years. 

Training recurrent networks also requires considerable computational time. 

These limitations motivated the development of improved recurrent architectures such as Long Short-Term 

Memory networks. 

Long Short-Term Memory Networks (LSTM) 

Long Short-Term Memory (LSTM) networks represent one of the most significant advances in agricultural 

market forecasting. 

LSTM models extend conventional RNNs by incorporating specialized memory cells regulated through input, 

forget, and output gates. 

These gating mechanisms selectively retain relevant information while discarding irrelevant observations, 

enabling effective modelling of long-term temporal dependencies. 

Applications in Indian Agricultural Markets 

LSTM models have become the dominant architecture for: 

 Agricultural commodity price forecasting 

 Demand estimation 

 Crop yield prediction 

 Weather forecasting 

 Agricultural risk assessment 

 Supply chain analytics 

 Market intelligence 

Indian studies frequently employ LSTM models for forecasting prices of onions, tomatoes, potatoes, cereals, 

pulses, spices, cotton, sugar, and oilseeds. 

Strengths 

LSTM networks provide several major advantages. 

They effectively capture seasonal cycles, delayed market responses, and long-term economic relationships. 
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Their memory structure enables modelling of multiyear agricultural price behaviour. 

LSTM models consistently outperform conventional statistical methods, ANN models, and standard RNN 

architectures in forecasting accuracy. 

Another important advantage is their ability to integrate multiple input variables simultaneously, including 

weather conditions, market arrivals, transportation costs, macroeconomic indicators, and policy interventions.  

Consequently, LSTM has become the benchmark architecture for agricultural time-series forecasting. 

Limitations 

Despite excellent predictive performance, LSTM models remain computationally intensive. 

Training large LSTM networks requires substantial computational resources and longer execution times. 

Model optimization is also challenging because numerous hyperparameters—including hidden units, learning 

rates, sequence length, batch size, dropout rates, and optimization algorithms—must be carefully selected. 

Furthermore, like most deep learning approaches, LSTM models are often criticized for limited 

interpretability, making policy adoption more challenging. 

Comparative Discussion 

The progression from ANN to CNN, RNN, and LSTM reflects the increasing sophistication of deep learning 

techniques applied to agricultural markets. ANN models introduced nonlinear learning capabilities but lacked 

mechanisms for temporal dependency analysis. CNNs revolutionized spatial data analysis through automated 

feature extraction from satellite imagery and remote sensing data. RNNs addressed sequential learning but 

suffered from vanishing gradient problems, limiting their ability to model long-term agricultural market 

dynamics. LSTM networks largely overcame these limitations through memory cells and gating mechanisms, 

becoming the preferred architecture for agricultural commodity price forecasting and other time-series 

applications. 

The choice of model should therefore depend on the characteristics of the available data and the intended 

application. ANN models remain appropriate for relatively simple nonlinear prediction tasks, CNNs excel in 

image-based agricultural analysis, RNNs provide a foundation for sequential modelling, and LSTM networks 

currently offer the most reliable performance for complex agricultural market forecasting involving long-term 

temporal dependencies. 

Gated Recurrent Units (GRU) 

Gated Recurrent Units (GRUs) were introduced as a simplified alternative to Long Short-Term Memory 

(LSTM) networks. While both architectures are designed to overcome the vanishing gradient problem 

associated with conventional Recurrent Neural Networks (RNNs), GRUs employ a simpler internal structure 

by combining the input and forget gates into a single update gate. This architectural simplification reduces the 

number of trainable parameters, leading to faster model training and lower computational requirements without 

substantially compromising predictive performance. 

Applications in Agricultural Markets 

GRU models have been increasingly adopted in agricultural market research for: 

 Commodity price forecasting 

 Crop yield prediction 
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 Weather forecasting 

 Agricultural demand estimation 

 Time-series market analysis 

 Agricultural risk assessment 

Several studies have reported that GRU models achieve forecasting accuracy comparable to LSTM while 

requiring less computational time. This makes GRUs particularly attractive for real-time agricultural decision-

support systems and resource-constrained environments. 

Strengths 

GRUs offer several practical advantages: 

 Simpler architecture than LSTM. 

 Faster model training. 

 Lower memory requirements. 

 Reduced computational complexity. 

 Competitive forecasting accuracy. 

 Better suitability for medium-sized datasets. 

These characteristics make GRU networks particularly suitable for deployment in developing countries where 

computational infrastructure may be limited. 

Limitations 

Despite their computational efficiency, GRU models may not perform as well as LSTM when extremely long 

historical dependencies must be captured. Agricultural commodities exhibiting multi-year cyclical behaviour, 

prolonged policy effects, or extended climatic influences may benefit from the more sophisticated memory 

mechanisms incorporated within LSTM networks. 

Furthermore, GRU models remain relatively difficult to interpret, and their performance depends heavily on 

appropriate hyperparameter selection. 

Transformer Architectures 

Transformer architectures represent one of the most significant recent advances in deep learning. Originally 

developed for natural language processing, Transformers have rapidly expanded into time-series forecasting, 

computer vision, financial analytics, and increasingly, agricultural market prediction. 

Unlike recurrent neural networks, Transformer models rely on self-attention mechanisms, enabling the 

simultaneous analysis of relationships among all observations within a sequence. This design allows efficient 

learning of both short-term and long-term dependencies while significantly improving computational 

parallelization during training. 

Applications in Agricultural Markets 

Emerging applications include: 
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 Agricultural commodity price forecasting 

 Demand prediction 

 Weather forecasting 

 Supply chain optimization 

 Agricultural market intelligence 

 Climate risk assessment 

 Decision-support systems 

Transformer models are particularly effective when multiple variables influence market behaviour 

simultaneously, including weather conditions, commodity arrivals, transportation costs, macroeconomic 

indicators, international trade, and government interventions. 

Strengths 

Transformer architectures possess several notable advantages: 

 Excellent capability for modelling long-range dependencies. 

 Highly effective for multivariate forecasting. 

 Faster parallel computation than recurrent models. 

 Superior scalability for large datasets. 

 Strong performance with heterogeneous data sources. 

Their attention mechanisms automatically identify the relative importance of different input variables, 

improving the representation of complex agricultural market interactions. 

Limitations 

Despite their superior predictive capability, Transformer models require: 

 Very large training datasets. 

 High computational resources. 

 Advanced hardware such as GPUs or cloud computing infrastructure. 

 Extensive hyperparameter optimization. 

These requirements may limit their adoption in many agricultural institutions within developing economies. 

Furthermore, Transformers remain relatively new within agricultural market research, and their practical 

implementation in Indian agricultural systems is still at an early stage. 

Graph Neural Networks (GNN) 

Agricultural markets function as interconnected networks linking farmers, cooperatives, traders, wholesalers, 

transport operators, warehouses, processors, retailers, financial institutions, and consumers. Conventional deep 
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learning models generally analyse observations independently or sequentially, whereas Graph Neural 

Networks (GNNs) explicitly represent these complex relationships using graph structures. 

Nodes represent entities such as markets or producers, while edges represent transportation routes, commercial 

relationships, or commodity flows. 

Applications 

Current agricultural applications include: 

 Supply chain optimization. 

 Commodity transportation analysis. 

 Market network modelling. 

 Logistics optimization. 

 Distribution planning. 

 Agricultural infrastructure analysis. 

Within India, GNNs have considerable potential for modelling the interconnected wholesale market network, 

enabling improved understanding of regional price transmission, commodity movement, and supply chain 

resilience. 

Strengths 

Graph Neural Networks provide unique advantages: 

 Explicit modelling of complex network relationships. 

 Improved analysis of spatial connectivity. 

 Better understanding of supply chain interactions. 

 Enhanced transportation optimization. 

 Support for intelligent logistics planning. 

These capabilities are particularly relevant for India's geographically dispersed agricultural marketing system. 

Limitations 

Current limitations include: 

 Limited availability of graph-structured agricultural datasets. 

 High computational complexity. 

 Relatively few agricultural applications compared with LSTM or CNN. 

 Lack of standardized modelling frameworks. 

Consequently, GNN research remains an emerging field requiring further investigation. 
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Hybrid Deep Learning Models 

Recent agricultural research increasingly combines multiple deep learning architectures into hybrid models to 

exploit their complementary strengths. 

Common hybrid architectures include: 

 CNN–LSTM 

 CNN–GRU 

 LSTM–Attention 

 CNN–Transformer 

 Transformer–LSTM 

 CNN–BiLSTM 

These integrated approaches simultaneously analyse spatial, temporal, and multivariate information. 

For example, CNN layers automatically extract spatial features from satellite imagery, while LSTM layers 

model temporal price dynamics. Transformer attention mechanisms further improve long-range dependency 

modelling by assigning adaptive importance to relevant variables. 

Hybrid architectures have demonstrated superior performance across numerous agricultural forecasting tasks, 

including: 

 Commodity price prediction. 

 Crop yield estimation. 

 Demand forecasting. 

 Market intelligence. 

 Climate impact assessment. 

Although hybrid models generally achieve the highest predictive accuracy, they require greater computational 

resources, larger datasets, and more sophisticated model optimization. 

Comparative Performance Analysis 

Table 5 summarizes the principal characteristics of the major deep learning architectures reviewed in this 

study. 

Table 5. Comparative Analysis of Deep Learning Models 

Model Primary Strength Main Limitation Typical Agricultural 

Applications 

Computational 

Requirement 

ANN Nonlinear modelling Limited temporal 

learning 

Price prediction, demand 

estimation 

Low–Moderate 

CNN Spatial feature Weak temporal Satellite imagery, crop Moderate 
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extraction modelling monitoring 

RNN Sequential learning Vanishing gradients Time-series forecasting Moderate 

LSTM Long-term temporal 

dependency 

High computational 

cost 

Commodity price 

forecasting, demand 

prediction 

High 

GRU Faster training Slightly reduced 

memory capacity 

Real-time forecasting Moderate 

Transformer Self-attention, 

multivariate 

forecasting 

Large datasets 

required 

Market intelligence, 

multivariate forecasting 

Very High 

GNN Network relationship 

modelling 

Limited agricultural 

applications 

Supply chains, logistics High 

Hybrid 

Models 

Highest predictive 

accuracy 

Greater complexity Integrated forecasting 

systems 

Very High 

The comparison demonstrates that no single architecture is universally superior. Model selection should 

depend on forecasting objectives, data availability, computational infrastructure, and operational requirements. 

6.12 Model Selection for Indian Agricultural Markets 

Considering India's agricultural ecosystem, different deep learning models are appropriate for different 

applications. 

LSTM and GRU models are particularly suitable for agricultural commodity price forecasting because they 

effectively capture seasonal fluctuations and long-term market dynamics. CNN models are preferred for 

remote sensing, crop monitoring, and spatial agricultural analysis using satellite imagery. Transformer 

architectures show considerable promise for integrating heterogeneous datasets, including weather 

information, market arrivals, policy variables, and economic indicators, although their computational 

requirements currently limit widespread deployment. Graph Neural Networks offer significant opportunities 

for optimizing India's interconnected agricultural marketing networks, while hybrid models provide the highest 

predictive accuracy when sufficient computational resources and training data are available. 

For practical implementation, model selection should balance predictive performance with computational 

efficiency, interpretability, scalability, and ease of deployment. Explainable Artificial Intelligence (XAI) 

techniques should also be incorporated to improve transparency and increase user confidence among farmers, 

policymakers, and agricultural extension agencies. 

Key Findings and Future Directions 

The comparative analysis highlights several important observations. First, deep learning models consistently 

outperform traditional statistical forecasting approaches in handling nonlinear and high-dimensional 

agricultural data. Second, recurrent architectures, particularly LSTM and GRU, remain the most widely 

adopted models for agricultural market forecasting due to their ability to learn temporal dependencies. Third, 

Transformer-based models are emerging as powerful alternatives capable of processing large multivariate 

datasets with superior scalability. Fourth, hybrid architectures demonstrate the highest predictive performance 

by integrating complementary modelling capabilities. Finally, successful implementation depends not only on 

predictive accuracy but also on data quality, computational infrastructure, interpretability, and institutional 

readiness. 

https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND SCIENTIFIC INNOVATION (IJRSI) 

ISSN No. 2321-2705 | DOI: 10.51244/IJRSI |Volume XIII Issue VII July 2026 

Page 1809 

www.rsisinternational.org 

 

    

 

 

Future research should prioritize the development of explainable, resource-efficient, and scalable deep learning 

models tailored to the specific requirements of Indian agricultural markets. Integrating deep learning with 

geospatial analytics, Internet of Things (IoT) platforms, federated learning, and real-time market information 

systems will further strengthen intelligent agricultural decision-support systems. 

Summary 

The comparative analysis demonstrates that deep learning architectures differ substantially in their design, 

computational requirements, strengths, and suitability for specific agricultural applications. While ANN and 

CNN models remain valuable for nonlinear prediction and spatial analysis, recurrent architectures such as 

LSTM and GRU continue to dominate agricultural time-series forecasting. Transformer and Graph Neural 

Network models represent the next generation of intelligent agricultural analytics, offering enhanced 

capabilities for modelling multivariate relationships and interconnected market networks. Hybrid deep learning 

models further extend predictive performance by combining complementary architectural strengths. Selecting 

an appropriate model therefore requires careful consideration of forecasting objectives, data characteristics, 

computational resources, and implementation constraints. As India's digital agricultural ecosystem continues to 

evolve, the strategic integration of these deep learning techniques will play a critical role in developing more 

resilient, efficient, and data-driven agricultural market systems. 

Research Gaps and Future Research Agenda 

Introduction 

The rapid advancement of deep learning has significantly transformed agricultural market analysis by enabling 

highly accurate forecasting, intelligent decision support, and data-driven policy formulation. Despite 

considerable progress, the systematic review reveals that the existing literature remains fragmented, with 

substantial methodological, technical, institutional, and policy-related gaps. Most studies focus on improving 

predictive accuracy using specific datasets or algorithms, while comparatively little attention has been devoted 

to model interpretability, scalability, real-world implementation, data governance, and integration with 

agricultural policy frameworks. Furthermore, research addressing the unique characteristics of Indian 

agricultural markets remains relatively limited compared with studies conducted in developed economies. 

This section critically synthesizes the major research gaps identified in the reviewed literature and proposes a 

comprehensive future research agenda to guide researchers, policymakers, technology developers, and 

agricultural institutions in advancing deep learning applications for Indian agricultural markets. 

Major Research Gaps 

Limited Availability of High-Quality Agricultural Data 

The review indicates that one of the most significant barriers to deep learning research is the limited 

availability of standardized, high-quality agricultural datasets. Although India has initiated several digital 

agriculture programmes, including AGMARKNET, e-NAM, the Digital Agriculture Mission, and state-level 

market information systems, agricultural data remain fragmented across multiple institutions. Differences in 

data formats, reporting standards, update frequency, and accessibility reduce the effectiveness of deep learning 

models. 

Many datasets also suffer from missing observations, inconsistent reporting, duplicate records, and insufficient 

historical coverage. These deficiencies reduce forecasting accuracy and limit the reproducibility of research 

findings. 

Future efforts should focus on establishing standardized national agricultural data repositories with uniform 

metadata standards, quality control mechanisms, and open-access policies to facilitate collaborative research. 
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Insufficient Research on Indian Agricultural Markets 

A considerable proportion of published deep learning studies originate from China, the United States, and 

European countries. Comparatively fewer investigations focus specifically on Indian agricultural markets. 

India presents unique challenges, including: 

 highly fragmented landholdings; 

 diverse agro-climatic zones; 

 multiple marketing channels; 

 state-specific agricultural policies; 

 regional variations in crop production; 

 heterogeneous infrastructure. 

Consequently, forecasting models developed in other countries cannot always be directly applied within India.  

Future research should prioritize commodity-specific and region-specific investigations involving cereals, 

pulses, fruits, vegetables, spices, cotton, sugarcane, oilseeds, and horticultural products. 

7.2.3 Limited Comparative Evaluation of Deep Learning Models 

Most existing studies evaluate only one or two deep learning architectures. Direct comparisons among ANN, 

CNN, RNN, LSTM, GRU, Transformer, Graph Neural Networks, and hybrid models remain relatively 

uncommon. 

Furthermore, many studies employ different datasets, evaluation metrics, forecasting horizons, and validation 

strategies, making comparisons difficult. 

Future investigations should develop standardized benchmarking frameworks using common datasets and 

identical evaluation protocols. 

Such comparative studies would enable researchers to identify the most appropriate models for specific 

agricultural applications. 

Lack of Explainable Artificial Intelligence 

Although deep learning achieves high predictive performance, many models remain "black boxes." 

Farmers, agricultural extension officers, financial institutions, and policymakers frequently require 

understandable explanations before adopting AI-generated recommendations. 

The literature reveals limited application of Explainable Artificial Intelligence (XAI) techniques such as: 

 SHAP (SHapley Additive Explanations); 

 LIME (Local Interpretable Model-Agnostic Explanations); 

 attention visualization; 

 feature importance analysis; 
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 counterfactual explanations. 

Future studies should integrate explainability directly into agricultural forecasting systems to improve 

transparency, accountability, and stakeholder trust. 

Limited Real-Time Decision Support 

Most reviewed studies rely on historical datasets analysed under offline conditions. 

Few systems perform real-time forecasting using continuously updated information obtained from: 

 IoT sensors; 

 satellite imagery; 

 automatic weather stations; 

 drone observations; 

 digital marketplaces; 

 mobile applications. 

Future research should emphasize streaming analytics and real-time decision-support systems capable of 

providing timely recommendations to farmers and policymakers. 

Computational Infrastructure Constraints 

Advanced deep learning models require substantial computational resources, including GPUs, cloud 

computing platforms, and high-speed internet connectivity. 

Many agricultural universities, extension centres, and rural institutions in India continue to experience limited 

computational capacity. 

Future work should investigate lightweight neural networks, model compression, edge AI, and resource-

efficient architectures suitable for deployment under constrained computing environments. 

Limited Multidisciplinary Integration 

Most current research emphasizes algorithm development while giving comparatively little attention to 

agricultural economics, public policy, behavioural sciences, and rural development. 

Future studies should integrate expertise from: 

 computer science; 

 agricultural economics; 

 agronomy; 

 meteorology; 

 supply chain management; 

 public administration; 

 environmental science. 
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Interdisciplinary collaboration will facilitate the development of more practical and socially relevant AI 

systems. 

Table 6. Challenges and Policy Recommendations 

Challenge Impact Recommended Policy 

Action 

Lead Institution 

Fragmented 

agricultural data 

Poor model 

performance 

National Agricultural Data 

Platform 

Ministry of Agriculture & 

Farmers' Welfare 

Rural digital divide Limited AI 

adoption 

Expand BharatNet 

connectivity 

Department of 

Telecommunications 

Lack of AI expertise Slow 

implementation 

AI training for extension 

personnel 

ICAR & Agricultural 

Universities 

Limited model 

transparency 

Low stakeholder 

trust 

Promote Explainable AI 

standards 

NITI Aayog 

Weak institutional 

coordination 

Data silos Inter-agency AI 

coordination mechanism 

Ministry of Agriculture & 

Farmers' Welfare 

Data privacy concerns Ethical and legal 

risks 

Develop AI governance 

framework 

Ministry of Electronics & IT 

Emerging Research Opportunities 

The review identifies several promising directions for future investigation. 

7.3.1 Transformer-Based Agricultural Intelligence 

Transformer architectures have recently demonstrated remarkable success in sequential prediction tasks. 

Future studies should evaluate their performance using large-scale Indian agricultural datasets involving: 

 commodity prices; 

 weather information; 

 market arrivals; 

 transportation costs; 

 satellite observations. 

Comparisons with LSTM and GRU architectures will help establish their practical advantages. 

Graph Neural Networks 

Indian agricultural markets consist of complex transportation and marketing networks. 

Graph Neural Networks offer significant opportunities for: 

 modelling market connectivity; 
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 transportation optimization; 

 commodity flow analysis; 

 supply chain resilience. 

Research in this area remains limited and deserves greater attention. 

Multimodal Deep Learning 

Future agricultural decision-support systems should integrate heterogeneous data sources, including: 

 satellite imagery; 

 weather observations; 

 textual government reports; 

 commodity prices; 

 remote sensing; 

 soil characteristics; 

 social media information. 

Multimodal learning can substantially improve prediction accuracy while providing richer contextual 

understanding. 

Federated Learning 

Agricultural datasets are often distributed across institutions that cannot easily share data because of privacy or 

administrative constraints. 

Federated learning enables collaborative model development while retaining data within individual 

organizations. 

Its adoption could facilitate nationwide agricultural intelligence without compromising data confidentiality.  

Generative Artificial Intelligence 

Recent developments in Large Language Models (LLMs) and Generative AI create new possibilities for 

agricultural advisory services. 

Potential applications include: 

 multilingual farmer assistance; 

 intelligent chatbots; 

 automated market reports; 

 personalized crop recommendations; 

 policy document summarization. 
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Research exploring the integration of Generative AI with agricultural forecasting remains limited and 

represents an important future direction. 

Policy-Oriented Research Agenda 

Future research should extend beyond algorithm development and address institutional implementation. 

Priority areas include: 

1. National Agricultural Data Platform. Government agencies should establish interoperable agricultural 

databases integrating AGMARKNET, e-NAM, weather services, remote sensing information, and state 

agricultural portals. 

2. Digital Infrastructure Research should investigate strategies for improving internet connectivity, cloud 

infrastructure, and AI computing facilities across rural India. 

3. Capacity Building Studies should evaluate training programmes for farmers, extension officers, and 

government officials regarding AI adoption. 

4. AI Governance Future work should address ethical AI, privacy protection, cybersecurity, algorithmic 

fairness, and responsible data governance. 

5. Public–Private Partnerships Research should examine collaborative models involving government 

agencies, universities, technology companies, and agribusiness organizations for scaling AI-enabled 

agricultural services. 

Proposed Research Framework 

Based on the findings of this review, a future research framework for intelligent agricultural markets is 

proposed. 

The framework consists of six interconnected components: 

1. Integrated Agricultural Data Ecosystem 

 AGMARKNET 

 e-NAM 

 Remote sensing 

 IoT devices 

 Weather databases 

 Market intelligence platforms 

 Advanced AI Layer 

 LSTM 

 GRU 

 Transformers 

 Graph Neural Networks 
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 Hybrid models 

 Explainable AI 

 Decision Intelligence 

 Price forecasting 

 Demand prediction 

 Yield estimation 

 Risk assessment 

 Supply chain optimization 

 Digital Service Layer 

 Farmer mobile applications 

 Advisory systems 

 Government dashboards 

 Market monitoring platforms 

 Policy Layer 

 Procurement planning 

 Food security 

 Price stabilization 

 Climate resilience 

2. Sustainability Outcomes 

 Higher farmer income 

 Reduced post-harvest losses 

 Improved market efficiency 

 Better resource utilization 

 Enhanced national food security 

Future Research Priorities 

Based on the systematic review, the following priorities are recommended: 

 Develop standardized national agricultural datasets. 

 Increase commodity-specific deep learning studies. 
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 Promote region-specific forecasting models. 

 Integrate Explainable AI into forecasting systems. 

 Expand multimodal deep learning research. 

 Investigate Graph Neural Networks for supply chain optimization. 

 Develop lightweight AI models for rural deployment. 

 Strengthen interdisciplinary collaboration. 

 Improve benchmarking and reproducibility. 

 Evaluate socio-economic impacts of AI adoption. 

 Promote open-source agricultural AI platforms. 

 Investigate Generative AI applications for agricultural extension. 

 Support real-time forecasting using IoT and satellite data. 

 Develop ethical AI governance frameworks. 

 Encourage international collaboration for agricultural AI research. 

Summary 

This systematic review demonstrates that although deep learning has substantially advanced agricultural 

market analysis, significant methodological, technical, and institutional challenges remain. Existing research is 

constrained by fragmented datasets, limited attention to the Indian context, insufficient comparative evaluation 

of model architectures, inadequate emphasis on explainability, and limited deployment of real-time decision-

support systems. Emerging technologies—including Transformers, Graph Neural Networks, multimodal 

learning, federated learning, Explainable Artificial Intelligence, and Generative AI—offer considerable 

opportunities to overcome these limitations. Future research should move beyond improving predictive 

accuracy alone and focus on developing transparent, scalable, resource-efficient, and policy-oriented AI 

systems that can be effectively integrated into India's agricultural ecosystem. Such efforts will strengthen 

market intelligence, enhance farmer decision-making, improve supply chain resilience, and contribute to 

sustainable agricultural development and national food security. 

Challenges and Policy Implications 

Introduction 

Deep learning has demonstrated significant potential for transforming agricultural market analysis by 

improving forecasting accuracy, enhancing supply chain efficiency, supporting evidence-based policymaking, 

and strengthening agricultural decision-support systems. However, despite substantial technological advances, 

the large-scale implementation of deep learning in Indian agricultural markets remains limited. The systematic 

review indicates that while numerous studies have reported impressive predictive performance under 

experimental conditions, comparatively few have examined the practical challenges associated with deploying 

these models in real-world agricultural environments. 

India's agricultural sector is characterized by diverse agro-climatic conditions, fragmented landholdings, 

heterogeneous production systems, varying levels of digital infrastructure, and significant regional disparities 

in market development. These characteristics create unique technical, institutional, socio-economic, and policy 

challenges that must be addressed before deep learning can be effectively integrated into agricultural market 
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management. This section discusses the principal implementation challenges identified in the literature and 

proposes policy recommendations to facilitate the responsible adoption of deep learning technologies within 

Indian agricultural markets. 

Data Availability and Quality Challenges 

Deep learning models require large volumes of high-quality data for effective training and validation. 

Although India has made significant progress through digital initiatives such as the Agricultural Marketing 

Information System (AGMARKNET), the National Agriculture Market (e-NAM), the Digital Agriculture 

Mission, and various state-level agricultural databases, data quality remains one of the most critical 

constraints. 

Table 7. Indian Agricultural Data Sources for Deep Learning Applications 

Data Source Managing Agency Data Available Frequency Potential 

Applications 

AGMARKNET Ministry of Agriculture & 

Farmers' Welfare 

Market arrivals, 

wholesale prices 

Daily Price forecasting 

e-NAM Small Farmers Agribusiness 

Consortium 

Electronic trading data Real-time Market 

intelligence 

IMD India Meteorological 

Department 

Weather observations Daily Weather 

forecasting 

ICAR Indian Council of Agricultural 

Research 

Crop experiments Seasonal Yield prediction 

ISRO Bhuvan ISRO Satellite imagery Periodic Crop monitoring 

CACP Commission for Agricultural 

Costs and Prices 

MSP and cost data Annual Policy analysis 

MOSPI Ministry of Statistics Agricultural statistics Annual Economic 

modelling 

Agricultural data are often distributed across multiple organizations, including the Ministry of Agriculture and 

Farmers' Welfare, state agricultural marketing boards, the India Meteorological Department, research 

institutions, and commodity exchanges. These datasets frequently differ in format, reporting frequency, spatial 

resolution, and quality standards. Missing observations, inconsistent commodity classifications, duplicate 

records, delayed reporting, and limited historical coverage reduce the reliability of predictive models. 

Another challenge is the integration of heterogeneous data sources. Agricultural forecasting increasingly 

depends on combining market prices, weather observations, satellite imagery, soil characteristics, 

transportation information, and socio-economic indicators. Developing interoperable databases capable of 

integrating these diverse information sources remains a major technical challenge. The Government of India 

should establish a National Agricultural Data Exchange Platform that integrates AGMARKNET, e-NAM, 

weather services, remote sensing data, commodity databases, and state agricultural information systems using 

standardized data formats and metadata protocols. The Ministry of Agriculture and Farmers' Welfare, in 

collaboration with the National Informatics Centre (NIC), ICAR, and state governments, should lead the 

development of common data standards, application programming interfaces (APIs), and secure data-sharing 

frameworks to improve accessibility and interoperability. 
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Digital Infrastructure Constraints 

Successful implementation of deep learning systems requires reliable digital infrastructure, including 

broadband connectivity, cloud computing services, high-performance computing facilities, and modern data 

centres. While urban regions have witnessed considerable digital transformation, many rural areas continue to 

experience inadequate internet connectivity, unreliable electricity supply, and limited computational 

infrastructure. 

These infrastructure limitations restrict the deployment of real-time forecasting systems, cloud-based analytics, 

and AI-powered advisory platforms. Agricultural extension centres and local government institutions often 

lack the computational resources required to train or deploy sophisticated deep learning models. National 

programmes such as Digital India, BharatNet, and the Digital Agriculture Mission should prioritize the 

expansion of broadband connectivity to agricultural markets, rural service centres, and farmer producer 

organizations (FPOs). Investment in regional AI computing centres hosted by agricultural universities and 

ICAR institutes would provide shared computational resources for researchers, extension agencies, and 

policymakers. Cloud-based AI platforms could further reduce infrastructure barriers by enabling scalable 

access to advanced analytical tools. 

Computational Resource Requirements 

State-of-the-art deep learning architectures, particularly Transformer models and hybrid neural networks, 

require substantial computational power, specialized graphics processing units (GPUs), and large memory 

capacity. Training these models is computationally intensive and often beyond the capacity of smaller research 

institutions and state agricultural departments. 

High computational costs may discourage widespread adoption, especially among organizations operating 

under financial constraints. Furthermore, maintaining AI infrastructure requires continuous investment in 

hardware upgrades, software maintenance, cybersecurity, and technical support.Government funding agencies 

should establish dedicated AI infrastructure grants for agricultural research institutions. Public cloud platforms 

may be leveraged through subsidized access agreements to reduce capital expenditure. Future research should 

also emphasize lightweight neural networks, model compression techniques, knowledge distillation, and edge 

computing to enable deployment on low-cost devices and mobile platforms commonly used in rural India. 

Human Capacity and Skill Gaps 

Deep learning implementation requires multidisciplinary expertise spanning artificial intelligence, computer 

science, agricultural economics, statistics, remote sensing, and domain-specific agricultural knowledge. 

However, many agricultural institutions currently experience shortages of trained AI professionals.  

Extension personnel, policymakers, and market officials often have limited experience with advanced data 

analytics, restricting the effective use of AI-generated recommendations. Similarly, many farmers remain 

unfamiliar with digital technologies, reducing adoption of intelligent advisory systems.Comprehensive 

capacity-building programmes should be introduced at multiple levels. Agricultural universities should 

incorporate AI, machine learning, and data science into undergraduate and postgraduate curricula. Specialized 

training programmes should be developed for agricultural officers, extension workers, market administrators, 

and policymakers. Digital literacy initiatives targeting farmers should emphasize practical applications of AI-

enabled advisory systems through mobile applications and local language interfaces. 

Model Interpretability and Trust 

One of the most frequently cited barriers to deep learning adoption is the limited interpretability of complex 

neural network models. Most deep learning architectures function as "black boxes," providing highly accurate 

predictions without clearly explaining the reasoning behind them. 
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In agricultural decision-making, transparency is particularly important because farmers, financial institutions, 

insurance companies, and government agencies require confidence in AI-generated recommendations before 

incorporating them into operational decisions. Limited explainability may reduce user acceptance, particularly 

when model predictions influence procurement policies, crop selection, or financial decisions. 

Future agricultural forecasting systems should incorporate Explainable Artificial Intelligence (XAI) 

techniques, including SHAP values, LIME, attention visualization, and feature importance analysis. 

Government-supported AI systems should establish minimum transparency standards to ensure that 

recommendations are understandable, auditable, and scientifically defensible. Investment in explainable AI 

research will improve public trust and facilitate broader adoption. 

Institutional Coordination Challenges 

Agricultural data and market management responsibilities in India are distributed across multiple ministries, 

departments, research organizations, and state governments. The absence of coordinated governance often 

leads to duplication of effort, inconsistent data standards, and fragmented digital initiatives. Collaboration 

among institutions responsible for agriculture, meteorology, remote sensing, digital governance, rural 

development, and food security remains limited. Such fragmentation constrains the development of integrated 

AI-enabled agricultural intelligence systems. 

An inter-institutional coordination mechanism should be established under the Ministry of Agriculture and 

Farmers' Welfare with representation from ICAR, NIC, the India Meteorological Department, ISRO, NITI 

Aayog, agricultural universities, state governments, and private technology partners. This coordinating body 

should oversee national AI strategy for agriculture, establish technical standards, facilitate data sharing, and 

monitor implementation. 

Ethical, Legal, and Data Governance Issues 

The increasing use of AI raises important ethical and legal concerns related to privacy, cybersecurity, 

algorithmic bias, accountability, and responsible data governance. Agricultural datasets increasingly include 

farm-level information, financial transactions, geospatial records, and personal data that require appropriate 

protection. 

Deep learning models trained using biased or incomplete datasets may produce inaccurate recommendations, 

potentially disadvantaging specific regions, crops, or farming communities. 

India should develop a comprehensive regulatory framework governing AI applications in agriculture. This 

framework should include provisions addressing data ownership, informed consent, privacy protection, 

algorithmic fairness, cybersecurity, model auditing, and accountability. Ethical review mechanisms should be 

established for large-scale AI deployments affecting agricultural markets and public policy. 

Financial and Economic Constraints 

Implementing deep learning technologies requires substantial financial investment in data collection, digital 

infrastructure, software development, cloud services, skilled personnel, and continuous model maintenance. 

Smallholder farmers, who constitute the majority of India's agricultural producers, often lack the financial 

resources needed to adopt advanced digital technologies independently. Similarly, many state agricultural 

departments and rural institutions operate under constrained budgets, limiting investment in AI infrastructure. 

Public–private partnerships should be encouraged to mobilize financial resources for digital agriculture 

initiatives. Government incentive programmes may support AI adoption through innovation grants, subsidized 

cloud services, startup incubation, and collaborative research projects. Financial institutions should develop 

specialized funding mechanisms for AI-enabled agricultural innovations. 
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Strengthening Policy Implementation 

The systematic review demonstrates that technological innovation alone is insufficient to transform 

agricultural markets. Successful implementation requires coordinated policy interventions addressing 

infrastructure, institutional capacity, data governance, human resource development, and stakeholder 

engagement. 

Priority policy actions include: 

 Establishing standardized national agricultural databases. 

 Expanding rural digital infrastructure. 

 Promoting open agricultural data while ensuring privacy protection. 

 Supporting interdisciplinary AI research. 

 Encouraging collaboration among government agencies, universities, and industry. 

 Integrating explainable AI into public-sector decision-support systems. 

 Developing national standards for agricultural AI applications. 

 Promoting pilot implementations before nationwide deployment. 

These measures would strengthen India's capacity to develop intelligent agricultural market systems capable of 

supporting sustainable economic growth and food security. 

A Roadmap for AI-Enabled Agricultural Markets 

Based on the evidence synthesized in this review, a phased implementation roadmap is proposed. 

Phase I (1–2 Years): Foundation Building 

 Standardize agricultural data formats. 

 Improve data quality and interoperability. 

 Expand broadband connectivity in rural markets. 

 Initiate AI training programmes for agricultural professionals. 

Phase II (3–5 Years): Technology Integration 

 Deploy AI-enabled forecasting systems for major commodities. 

 Integrate weather, market, and satellite datasets. 

 Develop multilingual mobile advisory platforms. 

 Establish regional AI innovation centres. 

Phase III (5–10 Years): Intelligent Agricultural Ecosystem 

 Implement nationwide real-time agricultural intelligence systems. 

 Integrate explainable AI into policymaking. 
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 Deploy autonomous decision-support platforms. 

 Promote international collaboration and continuous innovation. 

This phased strategy balances technological ambition with practical implementation capacity and institutional 

readiness. 

Table 8. Challenges and Policy Recommendations 

Challenge Impact Recommended Policy 

Action 

Lead Institution 

Fragmented 

agricultural data 

Poor model 

performance 

National Agricultural Data 

Platform 

Ministry of Agriculture & 

Farmers' Welfare 

Rural digital divide Limited AI 

adoption 

Expand BharatNet 

connectivity 

Department of 

Telecommunications 

Lack of AI expertise Slow 

implementation 

AI training for extension 

personnel 

ICAR & Agricultural 

Universities 

Limited model 

transparency 

Low stakeholder 

trust 

Promote Explainable AI 

standards 

NITI Aayog 

Weak institutional 

coordination 

Data silos Inter-agency AI 

coordination mechanism 

Ministry of Agriculture & 

Farmers' Welfare 

Data privacy concerns Ethical and legal 

risks 

Develop AI governance 

framework 

Ministry of Electronics & IT 

Summary 

Although deep learning has demonstrated remarkable potential for improving agricultural market forecasting 

and decision support, its successful implementation in India requires overcoming significant technical, 

institutional, financial, and governance challenges. High-quality data, robust digital infrastructure, 

computational resources, skilled human capital, transparent algorithms, and coordinated institutional 

frameworks are essential prerequisites for large-scale adoption. Policy interventions should therefore focus not 

only on technological innovation but also on creating an enabling ecosystem that supports responsible, 

inclusive, and sustainable AI deployment. Through coordinated investment in digital infrastructure, 

standardized data governance, capacity building, explainable AI, and inter-agency collaboration, India can 

accelerate the development of intelligent agricultural market systems that enhance farmer incomes, improve 

market efficiency, strengthen food security, and contribute to long-term agricultural sustainability. 

CONCLUSION 

This systematic review critically examined the evolution, applications, opportunities, and challenges of deep 

learning in Indian agricultural markets. The review demonstrates that deep learning has emerged as a 

transformative technology capable of significantly improving agricultural market forecasting, demand 

estimation, crop yield prediction, supply chain optimization, market intelligence, and risk assessment. 

Compared with traditional statistical and econometric methods, deep learning models are better equipped to 

capture the complex, nonlinear, and dynamic relationships that characterize agricultural markets. Architectures 

such as Artificial Neural Networks (ANN), Convolutional Neural Networks (CNN), Recurrent Neural 

Networks (RNN), Long Short-Term Memory (LSTM) networks, Gated Recurrent Units (GRU), Transformer 

models, Graph Neural Networks (GNN), and hybrid deep learning frameworks have shown considerable 
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promise in enhancing predictive accuracy and supporting evidence-based decision-making across the 

agricultural value chain. 

The review further highlights that India's expanding digital agricultural ecosystem—including initiatives such 

as AGMARKNET, the National Agriculture Market (e-NAM), and the Digital Agriculture Mission—provides 

a strong foundation for integrating artificial intelligence into agricultural market management. The increasing 

availability of market prices, weather observations, satellite imagery, remote sensing data, and Internet of 

Things (IoT) applications offers unprecedented opportunities for developing intelligent forecasting systems 

capable of supporting farmers, policymakers, agribusiness firms, and agricultural extension services. However, 

despite these technological advances, the implementation of deep learning in India remains constrained by 

fragmented data systems, inconsistent data quality, inadequate digital infrastructure, limited computational 

resources, shortage of skilled professionals, and concerns related to model interpretability, transparency, 

privacy, and ethical AI governance. 

The comparative analysis conducted in this review indicates that no single deep learning architecture is 

universally suitable for all agricultural applications. LSTM and GRU models remain highly effective for time-

series forecasting, CNNs perform exceptionally well in image-based agricultural analysis, while Transformer 

and hybrid models offer promising capabilities for integrating heterogeneous data sources and modelling 

complex market dynamics. Emerging technologies such as Explainable Artificial Intelligence (XAI), federated 

learning, multimodal deep learning, Graph Neural Networks, and Generative AI represent important directions 

for future research, particularly in addressing issues of transparency, scalability, and real-time decision 

support. 

This review also identifies several important research gaps. Existing studies remain fragmented across 

commodities, geographical regions, datasets, and evaluation methodologies, limiting direct comparison of 

model performance. There is a particular need for more research focusing specifically on Indian agricultural 

markets, region-specific forecasting models, standardized benchmarking datasets, explainable AI techniques, 

and practical implementation frameworks. Future investigations should emphasize interdisciplinary 

collaboration by integrating computer science, agricultural economics, remote sensing, climatology, public 

policy, and information systems to develop robust, scalable, and user-centric AI solutions. 

From a policy perspective, successful implementation of deep learning in Indian agriculture requires 

coordinated efforts among government agencies, research institutions, universities, and the private sector. 

Priority should be given to establishing interoperable national agricultural databases, strengthening digital 

infrastructure in rural areas, promoting open and standardized data-sharing mechanisms, investing in AI 

capacity building, and developing regulatory frameworks that ensure responsible, transparent, and ethical use 

of artificial intelligence. Pilot projects demonstrating real-world applications of deep learning for major 

commodities and regional markets will further facilitate adoption and provide valuable evidence for scaling 

intelligent agricultural decision-support systems. 

In conclusion, deep learning has the potential to fundamentally transform agricultural market analysis and 

management in India by improving forecasting accuracy, strengthening policy formulation, enhancing market 

efficiency, and supporting sustainable agricultural development. Realizing this potential, however, requires a 

balanced approach that combines technological innovation with institutional readiness, high-quality data 

ecosystems, robust governance, and inclusive capacity-building initiatives. By addressing the identified 

challenges and pursuing the proposed research and policy agenda, India can effectively harness deep learning 

technologies to build resilient, data-driven, and farmer-centric agricultural market systems that contribute to 

food security, rural prosperity, and long-term economic growth. 

REFERENCES 

1. Abadi, M., Agarwal, A., Barham, P., et al. (2016). TensorFlow: Large-scale machine learning on 

heterogeneous systems. https://tensorflow.org 

https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/
https://tensorflow.org/


INTERNATIONAL JOURNAL OF RESEARCH AND SCIENTIFIC INNOVATION (IJRSI) 

ISSN No. 2321-2705 | DOI: 10.51244/IJRSI |Volume XIII Issue VII July 2026 

Page 1823 

www.rsisinternational.org 

 

    

 

 

2. Abdar, M., et al. (2023). A review of explainable artificial intelligence in deep learning. Information 

Fusion, 99, 101896. 

3. Adjemian, M., Bruno, V., & Robe, M. (2020). Incorporating uncertainty into USDA commodity price 

forecasts. American Journal of Agricultural Economics, 102(2), 696–712. 

4. Ahumada, H., & Cornejo, M. (2016). Forecasting food prices: The case of corn, soybeans and wheat. 

International Journal of Forecasting, 32(3), 838–848. 

5. Akkem, Y., Biswas, S., & Varanasi, A. (2023). Smart farming using artificial intelligence: A review. 

Engineering Applications of Artificial Intelligence, 120, 105899. 

6. Ariyo, A. A., Adewumi, A. O., & Ayo, C. K. (2014). Stock price prediction using the ARIMA model. 

Proceedings of the UKSim-AMSS International Conference on Computer Modelling and Simulation, 

106–112. 

7. Arrieta, A. B., Díaz-Rodríguez, N., Del Ser, J., et al. (2022). Explainable Artificial Intelligence (XAI): 

Concepts, taxonomies, opportunities and challenges toward responsible AI. Information Fusion, 82, 

82–115. 

8. Bahdanau, D., Cho, K., & Bengio, Y. (2015). Neural machine translation by jointly learning to align 

and translate. Proceedings of the International Conference on Learning Representations (ICLR). 

9. Bishop, C. M., & Bishop, H. (2024). Deep Learning: Foundations and Concepts. Springer. 

10. Boiko, O., Medviediev, O., & Kyselov, V. (2022). Artificial intelligence in agriculture: A systematic 

review. Artificial Intelligence in Agriculture, 6, 1–17. 

11. Booth, A., Sutton, A., & Papaioannou, D. (2016). Systematic Approaches to a Successful Literature 

Review (2nd ed.). Sage. 

12. Box, G. E. P., Jenkins, G. M., Reinsel, G. C., & Ljung, G. M. (2015). Time Series Analysis: 

Forecasting and Control (5th ed.). Wiley. 

13. Brownlee, J. (2018). Deep Learning for Time Series Forecasting. Machine Learning Mastery. 

14. Chatfield, C. (2001). Time-Series Forecasting. Chapman & Hall/CRC. 

15. Chollet, F. (2021). Deep Learning with Python (2nd ed.). Manning Publications. 

16. Devlin, J., Chang, M. W., Lee, K., & Toutanova, K. (2019). BERT: Pre-training of deep bidirectional 

transformers for language understanding. Proceedings of the 2019 Conference of the North American 

Chapter of the Association for Computational Linguistics: Human Language Technologies, 4171–

4186. 

17. Dwivedi, Y. K., Hughes, L., Baabdullah, A. M., et al. (2023). So what if ChatGPT wrote it? 

Multidisciplinary perspectives on opportunities, challenges and implications of generative 

conversational AI for research, practice and policy. International Journal of Information Management, 

71, 102642. 

18. Food and Agriculture Organization of the United Nations. (2024). Artificial Intelligence and Digital 

Agriculture: Policy Guidance for Sustainable Food Systems. FAO. 

19. Goodfellow, I., Bengio, Y., & Courville, A. (2016). Deep Learning. MIT Press. 

20. Goodfellow, I., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S., Courville, A., & 

Bengio, Y. (2014). Generative adversarial nets. Advances in Neural Information Processing Systems, 

27, 2672–2680. 

21. Google DeepMind. (2024). Gemini: A Family of Highly Capable Multimodal Models. arXiv. 

22. Gouel, C., Gautam, M., & Martin, W. (2016). Managing food price volatility in a large open country: 

The case of wheat in India. Oxford Economic Papers, 68(3), 811–835. 

23. He, K., Zhang, X., Ren, S., & Sun, J. (2015). Delving deep into rectifiers: Surpassing human-level 

performance on ImageNet classification. Proceedings of the IEEE International Conference on 

Computer Vision, 1026–1034. 

24. He, K., Zhang, X., Ren, S., & Sun, J. (2016). Deep residual learning for image recognition. 

Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 770–778. 

25. Higham, C. F., & Higham, D. J. (2018). Deep learning: An introduction for applied mathematicians. 

SIAM Review, 61(4), 860–891. 

26. Higgins, J. P. T., & Green, S. (Eds.). (2011). Cochrane Handbook for Systematic Reviews of 

Interventions (Version 5.1.0). The Cochrane Collaboration. 

27. Howard, J., & Gugger, S. (2020). Deep Learning for Coders with fastai and PyTorch. O'Reilly Media. 

28. Hyndman, R. J., & Athanasopoulos, G. (2021). Forecasting: Principles and Practice (3rd ed.). OTexts. 

https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND SCIENTIFIC INNOVATION (IJRSI) 

ISSN No. 2321-2705 | DOI: 10.51244/IJRSI |Volume XIII Issue VII July 2026 

Page 1824 

www.rsisinternational.org 

 

    

 

 

29. Indian Council of Agricultural Research. (2022). Annual Report 2021–22. ICAR. 

30. Indian Council of Agricultural Research. (2023). Annual Report 2022–23. ICAR. 

31. Ioffe, S., & Szegedy, C. (2015). Batch normalization: Accelerating deep network training by reducing 

internal covariate shift. Proceedings of the 32nd International Conference on Machine Learning, 448–

456. 

32. Ji, S., Pan, S., Cambria, E., et al. (2023). A survey on graph neural networks. IEEE Transactions on 

Neural Networks and Learning Systems. 

33. Kamilaris, A., & Prenafeta-Boldú, F. X. (2018). Deep learning in agriculture: A survey. Computers and 

Electronics in Agriculture, 147, 70–90. 

34. Khan, M. A., et al. (2024). Explainable artificial intelligence in smart agriculture: Current status and 

future research directions. Computers and Electronics in Agriculture. 

35. Khaki, S., & Wang, L. (2019). Crop yield prediction using deep neural networks in precision 

agriculture. Computers and Electronics in Agriculture, 163, 104859. 

36. Kingma, D. P., & Ba, J. (2015). Adam: A method for stochastic optimization. Proceedings of the 

International Conference on Learning Representations (ICLR). 

37. Kingma, D. P., & Welling, M. (2014). Auto-encoding variational Bayes. Proceedings of the 

International Conference on Learning Representations (ICLR). 

38. Kitchenham, B., & Charters, S. (2007). Guidelines for Performing Systematic Literature Reviews in 

Software Engineering. Keele University. 

39. Kipf, T. N., & Welling, M. (2017). Semi-supervised classification with graph convolutional networks. 

Proceedings of the International Conference on Learning Representations (ICLR). 

40. Krizhevsky, A., Sutskever, I., & Hinton, G. E. (2012). ImageNet classification with deep convolutional 

neural networks. Advances in Neural Information Processing Systems, 25, 1097–1105. 

41. LeCun, Y., Bengio, Y., & Hinton, G. E. (2015). Deep learning. Nature, 521(7553), 436–444. 

42. Li, X., et al. (2024). Transformer-based deep learning models for agricultural forecasting: A 

comprehensive review. Artificial Intelligence in Agriculture. 

43. Li, Y., Tarlow, D., Brockschmidt, M., & Zemel, R. (2016). Gated graph sequence neural networks. 

Proceedings of the International Conference on Learning Representations (ICLR). 

44. Liakos, K. G., Busato, P., Moshou, D., Pearson, S., & Bochtis, D. (2018). Machine learning in 

agriculture: A review. Sensors, 18(8), 2674. 

45. Liberati, A., Altman, D. G., Tetzlaff, J., et al. (2009). The PRISMA statement for reporting systematic 

reviews and meta-analyses of studies that evaluate healthcare interventions. PLoS Medicine, 6(7), 

e1000097. 

46. Makridakis, S., Spiliotis, E., & Assimakopoulos, V. (2020). The M4 forecasting competition: Results, 

findings, conclusion and way forward. International Journal of Forecasting, 36(1), 54–74. 

47. Manogna, R. L. (2021). Forecasting spot prices of agricultural commodities in India: Application of 

deep learning models. Intelligent Systems in Accounting, Finance and Management, 28(1), 72–83. 

48. Manogna, R. L., Dharmaji, V., & Sarang, S. (2025). Enhancing agricultural commodity price 

forecasting with deep learning. Scientific Reports, 15, 20903. 

49. Minhas, A., & Mehta, P. (2022). Machine learning approaches for agricultural commodity price 

forecasting: A review. Journal of Agriculture and Food Research, 8, 100297. 

50. Ministry of Agriculture & Farmers' Welfare. (2018). Agricultural Statistics at a Glance 2018. 

Government of India. 

51. Ministry of Agriculture & Farmers' Welfare. (2020). Agricultural Statistics at a Glance 2020. 

Government of India. 

52. Ministry of Agriculture & Farmers' Welfare. (2021). Annual Report 2020–21. Government of India. 

53. Ministry of Agriculture & Farmers' Welfare. (2022). Agricultural Statistics at a Glance 2022. 

Government of India. 

54. Ministry of Agriculture & Farmers' Welfare. (2024). Digital Agriculture Mission: Framework and 

Implementation Strategy. Government of India. 

55. Moher, D., Liberati, A., Tetzlaff, J., & Altman, D. G. (2009). Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses (PRISMA). BMJ, 339, b2535. 

56. Mosa, A., et al. (2024). Generative AI applications in precision agriculture: Opportunities and 

challenges. Smart Agricultural Technology. 

https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND SCIENTIFIC INNOVATION (IJRSI) 

ISSN No. 2321-2705 | DOI: 10.51244/IJRSI |Volume XIII Issue VII July 2026 

Page 1825 

www.rsisinternational.org 

 

    

 

 

57. National Bank for Agriculture and Rural Development. (2024). Rural Infrastructure and Digital 

Agriculture Report. NABARD. 

58. National Commission on Farmers. (2006). Serving Farmers and Saving Farming: Final Report. 

Government of India. 

59. National Informatics Centre. (2019). AGMARKNET: Agricultural Marketing Information System. 

Government of India. 

60. National Informatics Centre. (2023). AGMARKNET User Manual. Government of India. 

61. National Sample Survey Office. (2014). Key Indicators of Situation of Agricultural Households in 

India. Ministry of Statistics and Programme Implementation. 

62. NITI Aayog. (2018). National Strategy for Artificial Intelligence. Government of India. 

63. NITI Aayog. (2021). Responsible AI for All: Operationalizing Principles for Responsible AI. 

Government of India. 

64. OpenAI. (2023). GPT-4 Technical Report. arXiv. 

65. Page, M. J., McKenzie, J. E., Bossuyt, P. M., et al. (2021). PRISMA 2020 explanation and elaboration: 

Updated guidance and exemplars for reporting systematic reviews. BMJ, 372, n160. 

66. Page, M. J., McKenzie, J. E., Bossuyt, P. M., et al. (2021). The PRISMA 2020 statement. Journal of 

Clinical Epidemiology, 134, 178–189. 

67. Page, M. J., McKenzie, J. E., Bossuyt, P. M., et al. (2021). The PRISMA 2020 statement: An updated 

guideline for reporting systematic reviews. PLoS Medicine, 18(3), e1003583. 

68. Paszke, A., Gross, S., Massa, F., et al. (2019). PyTorch: An imperative style, high-performance deep 

learning library. Advances in Neural Information Processing Systems, 32, 8024–8035. 

69. Paul, R. K., Sinha, K., Gurung, B., & Bhar, L. M. (2014). Statistical models for agricultural commodity 

price forecasting in India. Indian Journal of Agricultural Sciences, 84(11), 1401–1405. 

70. Pennington, J., Socher, R., & Manning, C. D. (2014). GloVe: Global vectors for word representation. 

Proceedings of the 2014 Conference on Empirical Methods in Natural Language Processing, 1532–

1543. 

71. Rakshit, D., Paul, R. K., & Panwar, S. (2021). Asymmetric price volatility of onion in India. Indian 

Journal of Agricultural Economics, 76(2), 245–260. 

72. Ras, G., Xie, N., van Gerven, M., & Doran, D. (2020). Explainable deep learning: A field guide for the 

uninitiated. Journal of Artificial Intelligence Research, 73, 329–397. 

73. Ronneberger, O., Fischer, P., & Brox, T. (2015). U-Net: Convolutional networks for biomedical image 

segmentation. In Medical Image Computing and Computer-Assisted Intervention (MICCAI) (pp. 234–

241). 

74. Schmidhuber, J. (2015). Deep learning in neural networks: An overview. Neural Networks, 61, 85–117. 

75. Sejnowski, T. J. (2020). The unreasonable effectiveness of deep learning in artificial intelligence. 

Proceedings of the National Academy of Sciences, 117(48), 30033–30038. 

76. Selvaraju, R. R., Cogswell, M., Das, A., Vedantam, R., Parikh, D., & Batra, D. (2017). Grad-CAM: 

Visual explanations from deep networks via gradient-based localization. Proceedings of the IEEE 

International Conference on Computer Vision, 618–626. 

77. Silva, R., Santos, M., & Oliveira, L. (2024). Exploring current trends in agricultural commodities 

forecasting methods through text mining: Developments in statistical and artificial intelligence 

methods. Heliyon, 10, e40568. 

78. Simonyan, K., & Zisserman, A. (2015). Very deep convolutional networks for large-scale image 

recognition. Proceedings of the International Conference on Learning Representations (ICLR). 

79. Small Farmers Agribusiness Consortium. (2019). National Agriculture Market (e-NAM): Annual 

Report 2018–19. 

80. Small Farmers Agribusiness Consortium. (2024). e-NAM Annual Progress Report 2023–24. 

81. Snyder, H. (2019). Literature review as a research methodology: An overview and guidelines. Journal 

of Business Research, 104, 333–339. 

82. Srivastava, N., Hinton, G. E., Krizhevsky, A., Sutskever, I., & Salakhutdinov, R. (2014). Dropout: A 

simple way to prevent neural networks from overfitting. Journal of Machine Learning Research, 15, 

1929–1958. 

83. Taylor, J. W. (2003). Short-term electricity demand forecasting using double seasonal exponential 

smoothing. Journal of the Operational Research Society, 54(8), 799–805. 

https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND SCIENTIFIC INNOVATION (IJRSI) 

ISSN No. 2321-2705 | DOI: 10.51244/IJRSI |Volume XIII Issue VII July 2026 

Page 1826 

www.rsisinternational.org 

 

    

 

 

84. Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser, Ł., & Polosukhin, 

I. (2017). Attention is all you need. Advances in Neural Information Processing Systems, 30, 5998–

6008. 

85. Veličković, P., Cucurull, G., Casanova, A., Romero, A., Liò, P., & Bengio, Y. (2018). Graph attention 

networks. Proceedings of the International Conference on Learning Representations (ICLR). 

86. Varshini, B. S., Alam, M. W., Nayak, G. H., et al. (2025). CNN–Transformer hybrid deep learning 

model for agricultural commodity price forecasting. Discover Computing. 

87. Wang, L., et al. (2025). Time-series foundation models for agricultural forecasting. arXiv. 

88. Wu, Y., Li, H., Zhang, X., et al. (2025). Applications of machine learning and deep learning in 

agriculture: A comprehensive review. Green Technologies and Sustainability. 

89. Xiao, Y., & Watson, M. (2019). Guidance on conducting a systematic literature review. Journal of 

Planning Education and Research, 39(1), 93–112. 

90. Zelingher, R. (2024). Democratising agricultural commodity price forecasting: The AGRICAF 

approach. arXiv. 

91. Zhang, G. P. (2003). Time series forecasting using a hybrid ARIMA and neural network model. 

Neurocomputing, 50, 159–175. 

92. Zhang, Y., Wu, X., Li, H., et al. (2025). A bibliometric review of deep learning in crop monitoring: 

Trends, challenges, and future perspectives. Frontiers in Artificial Intelligence. 

93. Zhou, H., et al. (2024). Transformer architectures for multivariate time-series forecasting: Recent 

advances and applications. Expert Systems with Applications. 

94. Zhou, Z.-H. (2021). Machine Learning. Springer. 

95. Zhu, Q., et al. (2024). Explainable AI techniques for agricultural decision-support systems. Computers 

and Electronics in Agriculture. 

96. Zou, J., Han, Y., & So, S.-S. (2008). Overview of artificial neural networks. Methods in Molecular 

Biology, 458, 15–23. 

97. Commission for Agricultural Costs and Prices. (2023). Price Policy for Kharif Crops 2023–24. 

Government of India. 

98. Government of India. (2000). National Agriculture Policy 2000. Ministry of Agriculture. 

99. Government of India. (2007). National Policy for Farmers. Ministry of Agriculture. 

    100. Government of India. (2023). Economic Survey 2022–23. Ministry of Finance. 

 

 

https://rsisinternational.org/journals/ijrsi
https://rsisinternational.org/journals/ijrsi
http://www.rsisinternational.org/

	Deep Learning Applications in Indian Agricultural Markets: A Systematic Review
	Sparsh K. Pandey
	Department of Economics, Banaras Hindu University, India
	Received: 19 July 2026; Accepted: 24 July 2026; Published: 01 August 2026
	ABSTRACT

	REVIEW METHODOLOGY
	Research Design
	Research Questions
	Review Protocol
	Search Keywords
	Eligibility Criteria
	Inclusion Criteria
	Exclusion Criteria

	Study Selection Process
	Quality Assessment
	2.9 Data Extraction
	Data Synthesis
	Analytical Framework
	Reliability and Validity
	Limitations of the Review Methodology
	Summary
	Review Methodology
	Research Design
	Literature Search Strategy

	Table 1. Summary of Selected Studies on Deep Learning in Agricultural Markets
	Search Keywords
	Eligibility Criteria
	Inclusion Criteria
	Exclusion Criteria


	Table 2. Comparative Analysis of Deep Learning Models
	Study Selection Process
	Quality Assessment
	Data Extraction and Synthesis
	Data Analysis Framework
	Limitations of the Review

	Summary (1)

	Evolution of Deep Learning in Agricultural Markets
	Introduction
	Traditional Agricultural Market Forecasting
	Emergence of Machine Learning in Agriculture
	Emergence of Deep Learning
	Evolution of Deep Learning Architectures
	Artificial Neural Networks (ANN)
	Convolutional Neural Networks (CNN)
	Recurrent Neural Networks (RNN)
	Long Short-Term Memory Networks (LSTM)
	Gated Recurrent Units (GRU)
	Transformer Architectures
	Graph Neural Networks (GNN)

	Growth of Agricultural Data Ecosystems
	Emerging Trends in Deep Learning for Agricultural Markets
	Explainable Artificial Intelligence (XAI)
	Multimodal Learning
	Federated Learning
	Edge Artificial Intelligence

	Table 3. Evaluation Metrics Used in Deep Learning Studies
	Summary

	Deep Learning Applications in Indian Agricultural Markets
	Introduction
	Agricultural Commodity Price Forecasting
	Crop Yield Prediction
	Demand Forecasting and Consumption Analysis
	Supply Chain Optimization
	Market Intelligence and Decision Support Systems
	Table 4. Evaluation Metrics Used in Deep Learning Studies
	Agricultural Risk Assessment
	Policy Planning and Government Decision Support
	Emerging Applications
	Summary

	Comparative Analysis of Deep Learning Models
	Introduction
	Artificial Neural Networks (ANN)
	Applications in Agricultural Markets
	Strengths
	Limitations

	Convolutional Neural Networks (CNN)
	Applications in Agricultural Markets
	Strengths
	Limitations

	Recurrent Neural Networks (RNN)
	Applications
	Strengths
	Limitations

	Long Short-Term Memory Networks (LSTM)
	Applications in Indian Agricultural Markets
	Strengths
	Limitations

	Comparative Discussion
	Gated Recurrent Units (GRU)
	Applications in Agricultural Markets
	Strengths
	Limitations

	Transformer Architectures
	Applications in Agricultural Markets
	Strengths
	Limitations

	Graph Neural Networks (GNN)
	Applications
	Strengths
	Limitations

	Hybrid Deep Learning Models
	Comparative Performance Analysis
	6.12 Model Selection for Indian Agricultural Markets
	Key Findings and Future Directions
	Summary

	Research Gaps and Future Research Agenda
	Introduction
	Major Research Gaps
	Limited Availability of High-Quality Agricultural Data
	Insufficient Research on Indian Agricultural Markets
	7.2.3 Limited Comparative Evaluation of Deep Learning Models
	Lack of Explainable Artificial Intelligence
	Limited Real-Time Decision Support
	Computational Infrastructure Constraints
	Limited Multidisciplinary Integration

	Table 6. Challenges and Policy Recommendations
	Emerging Research Opportunities
	7.3.1 Transformer-Based Agricultural Intelligence
	Graph Neural Networks
	Multimodal Deep Learning
	Federated Learning
	Generative Artificial Intelligence

	Policy-Oriented Research Agenda
	Proposed Research Framework
	Future Research Priorities
	Summary

	Challenges and Policy Implications
	Introduction
	Data Availability and Quality Challenges
	Table 7. Indian Agricultural Data Sources for Deep Learning Applications
	Digital Infrastructure Constraints
	Computational Resource Requirements
	Human Capacity and Skill Gaps
	Model Interpretability and Trust
	Institutional Coordination Challenges
	Ethical, Legal, and Data Governance Issues
	Financial and Economic Constraints
	Strengthening Policy Implementation
	A Roadmap for AI-Enabled Agricultural Markets
	Table 8. Challenges and Policy Recommendations
	Summary

	REFERENCES

