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Abstract: Agricultural choices depend heavily on a complex mix of environmental variables, including soil properties, 
fluctuating weather patterns, crop compatibility, market dynamics, pest threats, and the availability of vital farming resources. 
Most contemporary digital services target only one of these factors, forcing growers to manually gather data from multiple 
disconnected websites and local contacts. This paper reviews recent developments related to SmartKrishi–AI, a conceptual, 
integrated platform designed for agricultural decision-making and asset coordination. Our analysis evaluates several vital 
domains, including crop recommendation frameworks, weather forecasting networks, commodity price models, plant disease 
diagnostics, public welfare discovery, equipment leasing, and labor scheduling. We analyze recent research from 2023 to 2026 
indexed across major venues such as IEEE, Elsevier/ScienceDirect, and MDPI, exploring their mathematical approaches, 
dataset constraints, evaluation methods, and practical challenges. Based on these insights, we introduce a conceptual multi-
layer architecture that connects data-driven analytical models with verified institutional channels and peer-to-peer resource 
exchange workflows. Because the proposed ecosystem serves as a structural blueprint rather than an experimentally field-
tested software tool, no project-specific crop yield or predictive precision increases are claimed. Finally, we highlight persistent 
open challenges in this sector, such as data quality gaps, geographic adaptation limits, model interpretability, forecast 
volatility, system interoperability, regional language support, and the necessity for rigorous field trials. 
Index Terms: smart agriculture, crop recommendation, machine learning, weather forecasting, market price prediction, crop 
disease risk, farm equipment rental, labour hiring, decision support. 
 

I. INTRODUCTION 
Strategic planning in agriculture demands making a continuous series of interconnected choices throughout the crop cycle. A 
grower must select a crop variety compatible with local soil chemistry and seasonal constraints, estimate weather-related risk 
factors, optimize planting and harvesting timelines, anticipate marketplace trends, track potential crop-health hazards, and 
obtain machinery or external labor at the exact required time. Historically, these critical management choices have been executed 
based on fragmented, uncalibrated, or highly localized information sources. For example, a soil-centric recommendation tool 
might completely ignore upcoming seasonal rainfall anomalies, while an independent market price forecasting model fails to 
integrate with seasonal harvesting timelines, leaving producers unable to optimize their sales windows. Similarly, localized plant 
pathology alerts lose their genuine utility if they are delivered late, presented ambiguously, or disconnected from certified 
agronomic solutions. Modern computing paradigms—including machine learning (ML), deep learning (DL), remote sensing arrays, 
advanced meteorological engines, and decentralized digital marketplaces—offer the necessary core components to build unified 
agricultural decision platforms [12]. Recent academic efforts have explored specialized crop recommendation engines driven by 
environmental and soil metrics, interpretable recommendation frameworks, and IoT-integrated precision farming networks [1]–[4], 
[13], [15]–[18]. Concurrently, prominent research in ScienceDirect focuses on deep commodity price forecasting, high-resolution 
weather downscaling, and computer-vision-based pest and pathogen identification [5]–[9]. Additionally, emerging literature on 
shared equipment economies illustrates viable frameworks through which smallholders can utilize advanced machinery without 
facing prohibitive upfront capital costs [14]. Although these isolated studies reflect significant technical progress within specific 
domains, building a practical, farmer-centric environment requires addressing systemic challenges such as data lineage, predictive 
uncertainty, regional adaptation, and the conversion of raw data into actionable field strategies. 
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This paper makes three key contributions to the domain: 
 A structured review of peer-reviewed research from 2023 to 2026 directly mapping to the core architectural functional modules 

of the SmartKrishi–AI framework. 
 A qualitative evaluation outlining the mathematical approaches, dataset constraints, structural advantages, and operational 

drawbacks of contemporary predictive and resource-allocation models. 
 A conceptual, multi-layered architecture and evaluation matrix designed to link predictive AI intelligence with real-time 

weather analytics, market feeds, public welfare discovery, and decentralized equipment/labor networks. 
The structural flow of this paper is organized as follows: Section II reviews primary farmer requirements and operational 
boundaries; Section III surveys contemporary AI approaches; Section IV breaks down the proposed data and intelligence workflow; 
Section V offers a comparative analysis of existing literature; Section VI defines prevailing research gaps; Section 
VII illustrates the SmartKrishi–AI architectural framework; Section VIII outlines the evaluation matrix; Sections IX and X 
analyze open challenges and future vectors; and Section XI concludes the study. 

 
II. BACKGROUND AND FARMER REQUIREMENTS 

A. Decision Needs Across the Crop Cycle 
A producer’s operational priorities evolve dynamically through pre-sowing, cultivation, harvesting, and post-harvest phases. In the 
initial pre-sowing stage, parameters such as macronutrient concentrations, soil pH, moisture levels, microclimates, operational 
budgets, and regional seasonal trends dictate optimal crop selection [1], [13]. Once cultivation begins, localized weather alerts and 
real-time plant health diagnostics become paramount to mitigate risk [6], [9]. As harvest approaches, decisions are shaped by 
marketplace supply volumes, historical pricing trends, logistical constraints, and available storage infrastructure [5], [7]. Finally, 
agricultural machinery and labor represent highly time-sensitive operational assets; variables like proximity, rental parameters, 
cost-efficiency, and scheduling mechanics dictate whether a theoretical agronomic recommendation can be successfully executed 
on the ground [14]. 

 
B. Requirements for an Integrated Platform 
To deliver genuine utility, an integrated platform must satisfy the following core requirements: (i) location-specific insights that 
avoid generic crop listings by generating recommendations tailored to precise geographic coordinates and micro-regions; (ii) 
explainability and confidence intervals providing transparent, interpretable outputs backed by clear uncertainty metrics rather than 
obscure black-box calculations 
[2]; (iii) verifiable meteorological feeds delivering timely weather data containing clear source attributions and issue timestamps; 
(iv) probabilistic market forecasts presenting future commodity valuation trends as ranges and probabilities rather than definitive, 
guaranteed price commitments [5], [7]; 
(v) guided phytopathology diagnostic alerts framing computer-vision disease identifications as alerts requiring validation from 
local agronomic experts [8]; (vi) verified public scheme portals maintaining continuously updated and auditable eligibility criteria 
for state-sponsored agricultural programs; 
(vii) dynamic resource directories featuring live, searchable listings for agricultural machinery and labor, detailed with current 
availability and direct connection channels [14]; (viii) localized accessibility implementing user interfaces in regional languages 
like Marathi, optimized for mobile deployment and low-bandwidth connectivity [12]; and (ix) robust governance ensuring secure, 
role-based access controls and explicit data privacy standards. 
 
C. System Boundary 
SmartKrishi–AI is strictly conceptualized as a decision-enrichment and asset-management architecture. It does not replace 
professional agronomists, certified meteorological agencies, official government welfare bodies, or the ultimate personal 
judgment of the producer.  
Market datasets and weather metrics rely on external provider APIs, while  equipment  and  labor  listings  depend  entirely  
on participant updates. Consequently, this study maintains a strict distinction between predictive analytical models and operational 
transactions, acknowledging that a conceptual design blueprint does not serve as empirical evidence of real-world field 
efficacy. 
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III. RECENT AI APPROACHES IN SMART AGRICULTURE 
A. Crop Recommendation and Explainability 
Crop recommendation models typically map key soil indicators—such as nitrogen, phosphorus, potassium, pH, alongside ambient 
temperature, relative humidity, and historical rainfall metrics [1]–[4], [13]. Peer-reviewed studies from 2025 have thoroughly 
analyzed standard supervised classifiers for crop assignment, while parallel research introduced explainable AI models to translate 
deep-learning outputs into legible, trustworthy rationale [1], [2]. Further investigations integrated IoT edge-sensing arrays with 
machine learning architectures to provide resource-conscious decision platforms [3]. This baseline has been expanded to support 
joint crop-fertilizer optimization [10], [17], deep neural network integrations [11], and dedicated decision environments built on 
multi-class classification frameworks [15]. These collective developments support a hybrid structural approach for the SmartKrishi 
ecosystem: first, narrow down candidate crops using hard agronomic constraints; second, rank the remaining options via an 
optimized machine learning model; and third, isolate and display the most dominant environmental features driving that output. 
Notably, high training performance on static, curated datasets should not be misconstrued as uniform field accuracy across diverse 
regional soils or volatile seasons; for context, multiple studies have noted near-99% accuracy markers when evaluated strictly on 
homogenous public internet datasets [13]. 
 
B. Weather Intelligence 
Reliable weather intelligence serves as the backbone for crop selection, irrigation modeling, chemical application scheduling, and 
emergency risk management. Recent research by Kow et al. introduces a hybrid framework combining convolutional autoencoders 
with long short-term memory (LSTM) transformers to downscale macro-weather datasets into high-resolution, farm-level 
temporal insights [6]. Within the SmartKrishi architecture, meteorological inputs function via two distinct pipelines: directly 
displaying verified official forecasts alongside their validity windows, and feeding live weather variables into soil-crop models for 
advanced decision modeling. Critically, these workflows must retain source metadata and confidence windows, ensuring machine 
learning adjustments never silently overwrite or hide official government weather advisories. 
 
C. Market Price Forecasting 
Agricultural market prices are highly non-linear, driven by a complex mix of crop arrivals, seasonal patterns, meteorological shifts, 
macro-demand, logistics, policy adjustments, and global economic factors. A 2025 evaluation published in ScienceDirect 
compared various hybrid forecasting techniques across volatile commodity markets, noting that accuracy fluctuated 
significantly based on market volatility and the length of the forecasting horizon [5]. Complementary research proposed attention-
boosted deep learning architectures designed for simultaneous multi-commodity price tracking and market anomaly detection [7]. 
These findings emphasize the importance of comparing traditional time-series baselines with tree-based models and sequence 
networks. Consequently, the SmartKrishi framework is designed to show historical price points, expected pricing ranges, prediction 
horizons, and historical error margins rather than an absolute, single-value price guarantee. 
 
D. Crop Disease and Pest Risk 
Computer-vision architectures excel at identifying visible symptoms on plant tissue, whereas comprehensive disease risk 
forecasting models combine weather variables, crop growth stages, precise geographic data, and regional outbreak histories. Liu et 
al. surveyed contemporary AI-driven pest and disease identification frameworks, highlighting persistent real-world obstacles like 
training data scarcity, model execution efficiency, and edge deployment limitations [8]. A 2026 review in Engineering mapped the 
integration of advanced sensors, algorithmic modeling, and early-warning networks for automated crop disease tracking [9]. The 
SmartKrishi ecosystem explicitly separates instant image-based symptom classification from forward-looking disease risk models. 
Every diagnostic alert must highlight the suspected issue, confidence intervals, visual evidence, and a clear instruction to seek local 
expert confirmation, while strictly avoiding unverified, automated pesticide prescriptions. 
 
E. Equipment Rental and Labour Hiring 
Research into agricultural equipment sharing treats machinery access as a structured resource-allocation problem, focusing on 
smallholders who lack the capital to purchase heavy assets [14]. A digital platform can structure these transactions by indexing 
machinery specifications, owner verification, geolocation, available time slots, rental pricing, deposit criteria, and live booking 
updates. Labor directories can similarly organize skill categories, availability, location, expected project durations, and direct 
booking communication.  
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Unlike analytical crop classification engines, these modules depend less on predictive machine learning accuracy and more on real-
time data freshness, mutual trust, efficient scheduling, equitable access, and clear dispute resolution protocols. While preliminary 
studies on digital asset exchange are beginning to emerge [14], peer-reviewed data regarding standardized, cross-platform 
agricultural resource sharing remains sparse. As a result, the SmartKrishi architecture treats these components as proposed 
workflows rather than proven AI capabilities. 

 
F. Government Schemes and Advisory Information 
The identification of state-sponsored agricultural programs is primarily an information-verification and eligibility-matching 
task. Practical examples include discovering Custom Hiring Center subsidies for local machinery leasing [14]. A unified system 
must systematically index official government notices, eligibility criteria, required documentation,  application  cut-off  dates,  
and official submission portals, while maintaining strict records of the source origin and the last verification timestamp. Although 
natural-language processing can help farmers query these databases, eligibility outputs must always be framed as preliminary, non-
binding guidance until officially validated by the relevant government representative. Furthermore, authorized administrative 
managers must have clear tools to continuously monitor, modify, and archive outdated program records. 

IV. DATA AND INTELLIGENCE PIPELINE 
A. Data Sources and Preparation 
The platform’s data engine is designed to ingest farmer-provided inputs—including district/village location, land holdings, 
soil test metrics, target season, financial budget, irrigation options, and personal crop preferences—and combine them with real-
time weather feeds, historical market arrival data, plant health images, and verified resource listings. Every data source requires 
strict provenance tracking, chronological timestamping, unit standardization, missing-value imputation, and validation checks [13]. 
To ensure robust model validation, training datasets must be partitioned using strict temporal and geographic separation, preventing 
data leakage and ensuring a realistic measure of real-world model generalization. 

 
B. Model Selection 
For the crop recommendation module, performance should be systematically compared across Decision Trees, Random Forests, 
Support Vector Machines (SVM), gradient boosting models, and simple probabilistic baselines [13], [15]. Weather analytics should 
prioritize direct integration with authoritative meteorological streams; any localized downscaling or error-correction models 
must undergo rigorous regional testing before deployment [6]. Price forecasting pipelines should benchmark simple seasonal-naïve 
and ARIMA frameworks against Random Forests, gradient boosting, LSTM networks, or attention-based sequence models [5], [7]. 
Plant pathology vision tools should leverage lightweight CNN or transformer configurations suitable for mobile deployment, while 
comprehensive disease risk models rely on historical weather features and crop growth timelines [8], [9]. Ultimately, the most 
computationally complex model is not universally the optimal choice; model calibration, inference latency, interpretability, data 
access, and long-term maintenance overhead must be balanced. 
 
C. Human-Centred Output 
Every algorithmic recommendation must explicitly display the underlying input variables, a clear explanation of the logic, 
operational limitations, and a direct channel to contact a human agricultural expert [2]. The user interface must maintain a clear 
visual separation between machine-generated predictions, official institutional notices, and peer-to-peer marketplace listings. In 
addition, a direct feedback mechanism must allow users to report incorrect crop recommendations, outdated asset listings, or false 
disease warnings. This user-generated feedback must pass strict quality validation checks before being incorporated into future 
model retraining cycles. 

TABLE I 
QUALITATIVE COMPARISON OF REPRESENTATIVE SYSTEMS (2023–2026) 

Sr. 
No. 

Paper Title Author(s) Year Existing Problem 
Statement 

Existing Problem 
Solution 

Future Scope / Gap 

1 Intelligent Crop 
Recommendation 
Framework [4] 

Not listed 2026 Producers require a clear 
software system to 
translate soil inputs into 
choices. 

Presents an ML-driven 
crop selection platform 
design. 

Requires extensive field 
trial metrics and 
reproducibility tests. 
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2 Recent Developments 
in Crop Disease 
Detection [9] 

J. Yan et al. 2026 Pathology tracking 
demands integrated 
sensors and deployment 
workflows. 

Reviews state-of-the-art 
plant disease warning 
environments. 

Needs cross-regional 
testing and real-time 
farmer advice logs. 

3 Machine Learning 
Based Crop 
Recommendation [1] 

Not listed 2025 Crop assignment gets 
complicated when soil-
weather indices interact. 

Deploys supervised 
classifiers to rank ideal 
crops. 

Must be evaluated across 
genuine farms and 
active seasons. 

4 Data-Driven Crop 
Selection with XAI 
[2] 

Not listed 2025 Opaque algorithmic 
outputs reduce farmer 
trust and comprehension. 

Combines supervised 
learning with local LIME 
explainability. 

Requires localized 
clarity tests with native 
speaking growers. 

5 Optimizing Crop 
Suggestion with IoT 
[3] 

Not listed 2025 Agronomic management 
suffers from disconnected 
hardware devices. 

Integrates field-level edge 
telemetry data with an 
ML backend. 

Needs evaluation of 
physical device cost and 
link stability. 

6 Hybrid Forecasting of 
Commodity Prices [5] 

B. A. Celik et 
al. 

2025 Market price paths are 
highly volatile and hard to 
track alone. 

Merges time-series nets 
with stochastic 
simulations. 

Must be validated on 
hyper-local wholesale 
market feeds. 

7 Multi-Commodity 
Price Architecture [7] 

Not listed 2025 Cross-market anomalies 
are difficult to evaluate 
concurrently. 

Applies attention-driven 
neural sequence models. 

Requires explicit 
confidence intervals for 
local traders. 

8 AI-Driven 
Meteorological 
Downscaling [6] 

P.-Y. Kow et 
al. 

2025 Macro-weather grids lack 
the fine spacing needed 
for farms. 

Uses convolutional 
autoencoders and 
transformer models. 

Needs validation against 
standalone independent 
stations. 

9 Solutions in Pest & 
Disease Recognition 
[8] 

X. Liu et al. 2025 Vision models suffer from 
changing field 
illumination and noise. 

Reviews lightweight 
convolutional 
configurations for mobile 
use. 

Must assess behavior on 
entirely out-of-domain 
images. 

10 ML Optimization for 
Crop Allocation [13] 

V. Tomar et 
al. 

2024 Subjective intuition 
dominates regional 
agricultural practices. 

Benchmarks supervised 
algorithms, noting high 
Naïve Bayes scores. 

Lacks dataset 
provenance information 
and deep features. 

11 Empowering Farmers 
via Equipment 
Sharing [14] 

G. Rawat et 
al. 

2024 Upfront capital constraints 
prevent smallholder 
mechanization. 

Surveys cooperative asset 
pooling and leasing 
programs. 

Socio-economic impact 
indices remain 
completely unexplored. 

12 Decision Support 
Systems for Crop 
Choice [15] 

M. K. 
Senapaty et 
al. 

2024 Producers lack interactive 
software environments 
for pre-sowing. 

Builds an interactive 
multi-class classifier 
framework. 

Needs external regional 
validation and usability 
studies. 

13 Advanced 
Techniques in Crop 
Optimization [16] 

H. Lahza et al. 2023 Predictive modeling drops 
in quality without multi-
source data. 

Tunes supervised layers on 
blended environmental 
records. 

Demands explainability 
layers to unpack 
recommendations. 

14 Data-Driven Crop & 
Fertilizer Regimes 
[17] 

C. Musanase 
et al. 

2023 Farmers require 
simultaneous advice on 
crops and nutrients. 

Applies multivariate 
analysis and matching 
ML rules. 

Must automate 
connectivity to physical 
soil testing labs. 

15 Environmental Yield 
Prediction Models 
[18] 

E. Elbasi et al. 2023 A large matrix of 
overlapping parameters 
limits manual planning. 

Applies standard 
classification baselines to 
yield logs. 

Needs robustness 
tracking across highly 
diverse soil zones. 

 
D. Benchmark Evidence and Preprocessing Practice in Crop Recommendation 
Tomar et al. [13] evaluated Decision Trees, Naïve Bayes, SVM, Random Forest, and KNN using a public dataset containing soil 
metrics, pH, temperature, humidity, and rainfall across 22 distinct crop varieties. Their engineering pipeline mirrors the standard 
sequence adopted by the SmartKrishi–AI framework: exploratory data analysis, missing/incorrect value remediation, outlier 
mitigation, categorical variable encoding, feature scaling, and a strict train/test split prior to model benchmarking. On the held-out 
validation set, they reported high accuracy figures: approximately 99.5% for Naïve Bayes, 99.3% for Random Forest, 98.9% for 
Decision Trees, 96.8% for SVM, and 95.7% for KNN. These benchmarks confirm that structured soil and climate features provide 
clear mathematical boundaries for crop classification.  
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However, because the underlying training data was sourced generically from public internet repositories, evaluated solely on 
accuracy, and lacked geographic or seasonal partitioning, these findings must be interpreted strictly as benchmark evaluations rather 
than proof of real-world field precision.  
This limitation underscores why the SmartKrishi–AI evaluation matrix prioritizes macro-F1 scoring, per-crop recall tracking, 
probability calibration, and rigorous geographic cross-validation. 

 
E. Community and Platform-Based Equipment Sharing Models 
With respect to agricultural asset exchange, Rawat et al. [14] analyzed various structural models through which small-scale 
Indian farmers can utilize modern machinery without the burden of individual capital ownership. Their study examines community 
asset sharing, agricultural cooperative networks, commercial rental services, digital platforms connecting owners of underutilized 
equipment with nearby growers, state-backed programs like Custom Hiring Centers, and private-public joint ventures. The same 
work emphasizes that shared agricultural models succeed only when supported by transparent governance structures: equitable 
access rules, robust scheduling mechanisms, clear maintenance responsibilities, standardized dispute resolution tracks, and practical 
logistics for remote regions must be explicitly established. Because this literature remains conceptual rather than experimental, it 
guides structural workflow design but does not provide empirical platform performance metrics. This insight shapes the 
SmartKrishi framework’s insistence on timestamped asset availability, provider identity verification, live booking tracking, and 
dedicated dispute mediation pathways [14]. 
 

V. COMPARATIVE ANALYSIS OF REPRESENTATIVE SYSTEMS 
A. Qualitative Comparison 
Table I summarizes representative 2023–2026 research located in IEEE Xplore, ScienceDirect, and MDPI, arranged chronologically 
from the most recent to the oldest entries. This comprehensive synthesis outlines specific research directions and corresponding 
systemic constraints. 
 

VI. RESEARCH GAPS 
A. Fragmented Functionality 
Crop selection, weather modeling, disease monitoring, price forecasting, public welfare tracking, machinery rental, and labor 
hiring are typically analyzed as completely isolated tasks in literature [14]. A unified architecture must coordinate these separate 
streams, explicitly clarifying how a shift in one parameter impacts downstream operational choices, without falsely implying that a 
single mathematical model can solve all agricultural dilemmas. 
 
B. Local Generalization and Data Quality 
Predictive layers optimized on highly static, manicured repositories frequently fail to generalize when exposed to real-world soil 
diversity, volatile microclimates, changing crop variations, or unmapped local trading networks [13]. Furthermore, historical 
wholesale price indices are routinely compromised by missing records or sudden systemic interventions, requiring data lineage and 
freshness to be measured as structural quality indices. 
 
C. Explainability and Uncertainty 
Outputting a deterministic crop label or absolute pricing point conceals critical underlying variance. End-users require multi-tier 
alternate options, probabilistic confidence boundaries, and interpretable rationale behind suggestions [2]. Statistical calibration is 
essential since automated outputs directly shape the grower’s financial outlays and asset handling. 
 
D. Accessibility and Governance 
Smallholders frequently face poor cell connectivity, varying digital literacy levels, distinct regional language barriers, and limited 
access to professional physical laboratories [12].  
Concurrently, an integrated environment demands clear user consent tracks, role-based database permissions, strict protection of 
spatial records, and moderation of marketplace inputs. Existing literature has not yet demonstrated a verified, unified system 
resolving these multi-tier concerns simultaneously. 
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VII. SMARTKRISHI–AI: A CONCEPTUAL FRAMEWORK 
A. Architecture 
SmartKrishi–AI is conceptualized as a modular, decoupled web and mobile ecosystem that supports distinct operational roles: 
Farmer, Equipment Provider, Labor Provider, Agronomic Expert, and System Administrator. To maintain a secure and focused 
scope, a separate commercial Trader role is explicitly excluded from this framework. The core client interface interacts with 
individual modules through a centralized backend API gateway. Analytical AI computations execute within a dedicated Python 
service environment, while profile management, transaction workflows, and data persistence are handled by a robust Java/Spring 
Boot application framework connected to a secure relational database. 
 
B. Functional Layers 
1) User Interface Layer: Manages multi-lingual farmer dashboards, responsive entry forms, automated alert configurations, and 

natural-language search fields. 
2) Application & API Layer: Handles secure user authentication, role-based database access, request validation, and transactional 

sequence coordination. 
3) Intelligence Processing Layer: Houses the core machine learning models responsible for crop ranking, weather risk evaluation, 

price forecasting, and plant health diagnostics. 
4) Verified Information Layer: Index public welfare scheme eligibility, certified advisory content, data lineage markers, and 

manual expert verification gates. 
5) Resource Exchange Layer: Directs peer-to-peer machinery and labor listings, live availability schedules, lease requests, and 

booking tracking workflows. 
6) Data Persistence Layer: Organizes storage arrays for profiles, historical soil data, model logs, listing inputs, and system 

metadata via a secured relational engine. 
7) Monitoring & MLOps Layer: Tracks model versioning, execution logs, data drift diagnostics, system exceptions, and direct 

user feedback pipelines. 
 
C. Design Principles 
The platform prioritizes complete modularity, full lineage transparency, interpretable outputs, data minimization, and graceful 
failure paths. If meteorological connections drop, the system explicitly communicates that data outage rather than generating 
unverified values. 
When an analytical model produces an output beneath established confidence margins, alternative options must be displayed 
alongside directions to consult a human agronomist. Every peer-to-peer asset posting must preserve verification timestamps, and 
public program entries must display direct institutional links. 

 
VIII. EVALUATION METHODOLOGY 

A. Model-Level Evaluation 
Crop recommendation engines must be verified using multi-class  criteria,  including  overall  accuracy, macro-precision, 
macro-recall, and macro-F1 metrics alongside comprehensive confusion matrices; evaluating systems solely via standard accuracy 
scales is statistically insufficient [13]. Commodity price pipelines demand tracking through Mean Absolute Error (MAE), Root 
Mean Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE), assessed over strict chronological validation splits 
[5]. Weather downscaling networks must report localized error boundaries across distinct environmental variables and forecast 
horizons [6]. Finally, plant pathology computer-vision tools must document precision, recall, F1 markers, probability calibration 
curves, and error behavior on datasets collected entirely outside the original training locations [8]. 
 
B. System-Level and User-Level Evaluation 
Platform engineering quality must be assessed through technical indicators: system response times, uptime metrics, API sync 
freshness, error rates, the percentage of stale marketplace listings, and the volume of public scheme data containing active 
institutional links. Resource sharing modules require tracking via booking completion success, cancellation trends, asset verification 
latencies, and user trust indexes [14]. Any real-world field pilot must feature participants from multiple distinct agricultural zones 
working under explicit informed consent protocols. Table II summarizes the proposed evaluation matrix. 
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C. Reproducibility 
This study presents a structural framework and does not report experimental results from an active software deployment. Future 
empirical validation of the SmartKrishi–AI platform must explicitly document dataset versions, preprocessing operations, 
chronological validation boundaries, baseline performance metrics, and specific execution hardware configurations. No claims 
regarding guaranteed crop yields or absolute model accuracy are made for the conceptual design outlined in this review. 

 
IX. CHALLENGES AND OPEN ISSUES 

A. Technical and Operational Challenges 
1) Severe regional data scarcity combined with completely unverified or missing historical soil logs and yield registries [13]. 
2) Extreme data volatility and predictive uncertainty during climate shocks, sudden market disruptions, or policy changes [5], [6]. 
3) Significant domain shift in vision applications caused by shifting field lighting, hardware variations, and localized crop strains 

[8]. 
4) Intricate data pipeline coordination across incompatible APIs, legacy government portals, and local business platforms. 
5) High computational cost for long-term retraining, deployment latencies, and intermittent cellular connectivity at the farm edge. 
6) Mitigating outdated peer-to-peer asset listings, scheduling conflicts, and marketplace transactional disputes [14]. 

 
B. Trust, Safety, and Inclusion 
Because faulty agronomic advice can prompt catastrophic financial losses, all automated recommendations must remain 
interpretable and explicitly bounded. Plant health diagnostics must never be presented as definitive legal evaluations, and price 
projections should never function as financial guarantees. Interfaces require complete localization into regional languages like 
Marathi, utilizing simplified interaction paradigms while maintaining an accessible pathway to human extension professionals [12]. 
Finally, strict privacy boundaries must protect spatial farm geolocations, land ownership papers, diagnostic images, and direct 
booking logs. 

 
X. FUTURE DIRECTIONS 

A. Research Opportunities 
Future studies should investigate uncertainty-aware crop suitability ranking models, explainable multimodal recommendation 
architectures that process text, imagery, and tabular logs simultaneously, hyper-local meteorological error correction, and advanced 
commodity price models that blend market arrival volumes with immediate weather trends [5], [7]. Additionally, exploring privacy-
preserving federated learning paradigms could enable regional research institutes to collaboratively optimize shared analytical 
layers without requiring growers to surrender or centralize their private raw agricultural records [2], [6]. 

 
B. Platform Development 
A phased software implementation cycle is recommended: first, build secure grower profiles, baseline crop recommendation 
engines, official weather interfaces, and public welfare search tools; next, integrate deep commodity pricing models and forward-
looking weather-driven disease risk alerts; then, introduce full peer-to-peer machinery and labor exchange features backed by 
identity checks and live availability verification [14]. Advanced optimization passes, including offline-first local caching, voice-
assisted interaction channels, and automated referral routing, should be deployed only after core platform stability is verified. 
Comprehensive field testing must precede any full-scale public release. 

 
XI. CONCLUSION 

This comprehensive survey evaluated recent peer-reviewed literature relevant to the design of SmartKrishi–AI, a unified 
agricultural decision-enrichment and resource-management architecture. Contemporary studies [1]–[4], [13], [15]–[18] outline  
valuable algorithmic progress across machine-learning-driven crop selection, model interpretability, and IoT precision 
agriculture networks. Concurrently, specialized investigations [5]–[9] provide robust foundations for multi-market price modeling, 
weather downscaling, and computer-vision plant health monitoring. The primary operational opportunity lies in connecting these 
separate analytical blocks with verified public program registries and practical, localized machinery and labor exchange networks 
[14]. However, the proposed architecture remains entirely conceptual and demands careful software engineering, extensive 
regional validation, localized usability studies, and rigorous multi-metric evaluation before any empirical claims regarding yield 
optimization or farmer economic security can be substantiated.  
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Ultimately, building a sustainable agricultural platform relies on model optimization, data lineage verification, clear uncertainty 
communication, multi-language accessibility, and reliable peer-to-peer resource workflows. 
 

TABLE II 
PROPOSED STRUCTURAL EVALUATION MATRIX 

Module Candidate Input Evaluation Measures Key Caution 
Crop 
recommendation 

Soil NPK/pH, target season, 
regional rainfall, temperature, 
irrigation, budget 

Macro-F1, per-crop recall 
performance, probability 
calibration 

Prevent temporal data leakage; 
validate strictly by distinct 
district and season. 

Weather 
intelligence 

Official data streams, local 
historical observations, spatial 
coordinates 

MAE and RMSE tracked by 
specific variable and horizon 

Always preserve data origin 
source, issue timestamps, and 
model uncertainty bounds. 

Market price 
forecast 

Historical price points, market 
arrival volumes, seasonal 
factors, anomalies 

MAE, RMSE, MAPE metrics, 
prediction-interval coverage 

Projections must never be 
framed as a guaranteed or 
legally binding transaction price. 

Disease risk Crop type, growth phase, weather 
feeds, user images, regional 
outbreak records 

Precision, recall, F1 scores, out-
of-domain image calibration 

Require validation from 
certified experts; prohibit 
automated chemical prescribing. 

Scheme 
discovery 

Official portal guidelines, 
eligibility rules, application 
deadlines, active links 

Database source freshness, 
broken-link rates, query 
success 

Frame program matching as 
non-binding guidance until 
verified by an official. 

Equipment / 
labour 

Provider credentials, spatial 
position, asset details, live 
availability, lease terms 

Request completion success, 
listing freshness, provider 
response latency 

Demands continuous listing 
verification, scheduling checks, 
and dispute mediation routes. 
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