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ABSTRACT: Significant investments in data collection through remotely-sensing and meteorological stations, the
creation of soil health cards for Indian states, and the installation of crop health sensors now make it possible to apply
Big Data and Al technologies in agriculture. Forecasts of crop yields made before harvesting of the respective crop,
rather than estimates that follow the harvest, can guide import-export strategies, thereby enhancing food security. An
architecture is proposed to perform Al-augmented Big Data analytics for predicting yields before harvest, using Big
Data from various sources as well as statistical, machine learning, and deep learning methodologies. Once the required
analytics are built and validated for a given region, the architecture supports seamless generalization to other regions—
both within India and across the globe. Cross-regional generalization requires harnessing the large volume of analytics
built across multiple combinations of yield-target crops, provinces, stations, and years in India.

Support for cross-regional generalization come from predictions being fed into virtually equipped ensembles, which
subsequently report the winning model for predicting agronomically pertinent features of the region, namely
Temperature, Evapotranspiration, Soil Moisture, Normalized Different Vegetation Index—either in combination or all
together—and Product of Precipitation in Dry Spells—also either in combination or all together. The need for extensive
and costly ground-truth measurements is then overcome through the widespread establishment of remotely-sensed data
and other data sources for parts or for most regions of the world.

KEYWORDS: Key phrases of relevance: precision agriculture; yield forecasting; decomposition analysis; statistical
modelling; machine learning; artificial intelligence; big data; remote sensing; crop appearance; Al-augmented
solutions.

L. INTRODUCTION

Al-augmented big-data analytics promises to transform Precision Agriculture by generating accurate yield predictions
over multiple leaders using remotely-sensed heterogeneous weather and environmental datasets. Accurate yield
predictions are essential for supply-chain management. However, models need to be trained on historical data to be
generalizable. By combining ground-level yield data for 2011-2020 available at the China/US border region with a
comprehensive set of meteorological, remote-sensing, and ground-survey datasets, and employing permutational
feature importance analysis, early-season yield predictions for maize, soybeans, and wheat across the entire continental
USA were made. Benchmarking against independent ground-truth data from the rest of the USA demonstrated that the
strongest models could predict corn yield at low levels of mean absolute error (5.6 billion kg) and mean absolute
percentage error (3.98%)—both of which were inferior to the outputs from widely-used regression-based methods.

Predicting agricultural yield using machine learning on historical data is challenging due to the limited availability of
ground-truth information, for example, at continental scales or for specific crops or regions. Cross-regional
generalization using transfer-learning techniques represents an alternative but often faces obstacles such as reduced
availability of training data, region-specific non-parametric behavior, over-fitting issues, and suboptimal architectures.
Cross-validation across a set of independent future years is therefore essential for assessing the reliability and utility of
a learning model for end-users and policymakers.

1.1. Background and Significance

Precision agriculture (PA) is a data-driven approach to farming, enabling increased yields while ensuring sustainability.
Large volumes of data generated by multiple sensors, deployed in sensor networks, satellites, and weather stations,
provide better insights into plant behavior and crop growth. However, the increased complexity of these sensor-
generated big-data in agriculture requires appropriate data-analytics technologies to mine meaningful information in
real time. Forecasting agricultural yield at the crop-cycle level is a critical data-mining task, as crop yield is directly
related to food-security imperatives for a burgeoning human population.
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Yield-forecast innovation hinges on accurately exploiting heterogeneous and multimodal data streams, preferably in a
scalable way. In real-world environments, sophisticated methods for integrating heterogeneous data streams for
professional decision-making have been scarce. A combination of different data-science-based approaches is applied
here for yield forecasting: classical time-series-based and regression techniques; machine learning (ML); deep learning
(DL); and the novel Al-Augmented Analytics ecosystem, which exploits the big-data explosion in agriculture for
enhanced decision support.
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Fig 1: Integration of Remote Sensing for Precision Agriculture

1.2. Research design

The yield of a given crop in a geographical location is directly related to the spatiotemporal dynamics of salient soil,
meteorological, and other environmental conditions. In the past, expert agronomists would study historical data to
arrive at a forecast that would direct farming and supply-chain decisions. However, using statistical analyses on the
time series of many spatiotemporal variables, Deep Learning offers a way to automate this forecasting. Moreover, the
emergence of data-intensive Al has brought an even larger and richer volume of data into play.

The Al-augmented analysis facilitates the ingestion of the constantly evolving Big Data from an array of disparate
sources—remote sensing satellites, ground stations, soil sensors, crop health sensors, and so on—for predicting the crop
yield in a given location at multiple time resolutions, including daily, weekly, fortnightly, and in fact any user-specified
period—using any combination of lateral support and historical data. In this modelling exercise, the publicly available
ICAR data for soil nutrients for water-soluble N, P, K, S, Zn, Fe, Mn, and Cu in combination with NDVT as the lateral
support are used to generate three different yield predictors: one using only the latest NDVI as predictor, another using
last three years of NDVI as predictors, and the third combining the latest soil nutrient distribution with last three years
of NDVI time series as predictors. These kernels are benchmarked against the yield obtained from on-ground
horticultural experts and against the latest season of yield data for cross-region generalisation.

Equation 1: NDVI (Normalized Difference Vegetation Index)

Let:

e Ry;r=surface reflectance in Near-Infrared band

® Rpgp= surface reflectance in Red band

Step-by-step derivation

1. Vegetation reflects more NIR and absorbs more Red, so a basic contrast is:
D = Ryir — Rgep
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2. But Ddepends on brightness/illumination (scale). Normalize it by total energy:
S = Ryir + Rrep

3. Define a scale-free ratio:

4. Range intuition:
o If vegetation is strong: Ry;g > Rpgp = NDVI - 1
If barren/water/cloud: values tend toward O or negative

II. BACKGROUND

2.1. Precision Agriculture and Yield Forecasting

Precision agriculture uses real-time estimates of crop yield forecasts to support precision farming decision making.
Accurate crop yield forecasts support grain trade, investment decisions, national security, and food price prediction.
Precise and accurate crop yield forecasts maximize the productivity and profitability of farmers and contribute to
improved economic growth of the country.

Supported by recent advances in big data and sensor technology, precision agriculture monitors spatial variation at low
costs, allowing a detailed real-time understanding of crop growth dynamics. Big data research exploits low-cost remote
sensing, high-resolution weather monitoring, measurement of agronomic parameters through sensors, and appropriate
utilization of statistical and machine learning models to provide accurate crop yield forecasts at different resolutions.

2.2. Big Data in Agriculture

Recent advances in low-cost remote sensing, monitoring of high-resolution weather data, the use of soil and crop health
sensors, and the development of machine learning and statistical methods that solely require high-dimensional data of
many variables with low samples have led to breakthroughs in the area of big data research in agriculture. Low-cost
remote sensing provides spatial data of multiple spectral bands and vegetation index at high temporal resolution every 8
days, thus creating an opportunity to explore the temporal growth dynamic of crops during the cropping season.

The availability of real-time and high-resolution weather data has facilitated the estimation of phenological growth
stages. In the past, crop yield predictions were based mainly on statistical models such as the Agri-Met SAM, United
States Department of Agriculture (USDA), and the Crop Environment Resource Synthesis model; now, machine
learning techniques have recently gained attention among researchers and decision makers. Additionally, models that
make use of many agronomic variables and low samples (artificial neural networks and deep learning) have gained
popularity within the community.

2.1. Precision Agriculture and Yield Forecasting

The cornerstone objective of precision agriculture is to increase the yield and economic returns while reducing the
environmental impact of agrarian practices. Yield forecasting constitutes an integral part of this strategy and serves
several applications, including monitoring imminent yields for food security, guiding resource allocation and ecosystem
services, and supporting producers in decision making, financing, and insurance activities. However, traditional yield
forecasting models based on statistical regression of ground-observed crop yield statistics and ancillary variables have
frequently either overestimated or underestimated crop yields, mostly because the crop yield statistics do not provide
current or future yielding status.

To address the severe limitations of crop statistics, several approaches have employed remote-sensing data and
statistical models. Major advances have been achieved with normalized difference vegetation index (NDVI), enhanced
vegetation index (EVI), and precipitation. There are also examples of large-sample studies based on near-real-time
satellite information over extensive fields. More recently, machine learning techniques have been explored, generally
exploiting NDVI and other spectral indices. Nevertheless, such studies risk continuity loss due to the presence of cloud
cover or sensor failure.
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Fig 2: Precision agriculture for improving crop yield predictions

2.2. Big Data in Agriculture

Natural and anthropogenic processes govern global weather events that can affect agriculture from local to global
scales and impact on food security. Climate change has raised the frequency of drought, flood, and cyclones, with
regions like Bangladesh facing devastating events. Governments often declare calamities and financial aid helps
farmers recover and retain food output. Tremendous hassles emerge, including loss of human lives and properties, crop
failure, food price increase, and inflation. Political unrest, ethnic violence, and refugee issues can also arise. Big Data
Analytics Technology in Cloud will intelligently predict climate change event occurrences using data mining technique.

The development of IoT has led to the decrease of deployment cost of remote sensor devices. Multiple low-cost remote
sensors can be deployed in the field to capture the field environment at different developmental stages. It can be then
integrated with meteorological data for different predictive analytical methods for real-time monitoring of disease and
pest outbreaks, site-specific safety alerts for the farming community, site-specific quick response to control disease and
pest, and assessing yield loss prospects of crops grown over a large area. The research effort can be extended in tandem
with ground truth observations during disease, and pest attack conditions to build machine learning models and deep
learning models that take embedded temperature, rainfall, and humidity level in too long to train convolutional neural
networks (CNNs).

Equation 2: EVI (Enhanced Vegetation Index)

Let:

® Rpg.yg= reflectance in Blue band

o Typical constants: G(gain), Cy, C,(aerosol resistance), L(canopy background)
Step-by-step construction
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1. Start with the same vegetation contrast numerator:
RNIR - RRED

2. Correct the denominator for aerosol influence using Blue:
RNIR + ClRRED - CZRBLUE + L

3. Apply gain G:
Ryir — Rrep

EVI =G -
Ry + CiRppp — CoRpryp + L

III. DATA SOURCES AND INTEGRATION

The increasing availability of Big Data in agriculture from multiple sources opens new opportunities for near-term
yield forecasting at substantial geographic scales. Remote sensing provides coverage of large areas at high spatial and
temporal resolutions using multiscale and multisource data. Optical sensors offer valuable spatial information of land-
use and land-cover patterns and relationships across the land surface. Radar instruments capture surface and vegetation
structural variability and status. The assimilation of optical and active microwave data also enables the retrieval of soil
moisture. Synthetic Aperture Radar (SAR) and interferometric SAR systems allow the mapping of elevation and
inundation dynamics, supporting the modelling of hydrological processes. Numerous meteorological datasets support
crop growth models with near-real-time climate information.

Furthermore, a growing network of in-situ soil and crop health sensors provides critical data on the nutrient status of
the soil and plants at commensurate spatial scales. These sensor data, together with the remote-sensing products, can
also help to identify more-sparsely distributed agricultural activities. Recently, a robust and generalised regression
modelling framework was proposed to predict crop yields using multiple sources of Big Data. By creating a Big Data
layer for the current and forecasted crop state, this approach aims at predicting yields up to three months in advance.
Yet, due to the lack of training datasets covering different types of crops across large regions, yield models based on
remote-sensing and meteorology data cannot simply extrapolate across space. Therefore, prior to cross-regional
predictions, model predictions need to be validated and possibly calibrated with independent observations. NDVI and
LST fusion products from this advanced geostationary—polar-orbit combined satellite system successfully predict
spatiotemporal crop yield variation based on the regular growth stages of major crops and the weather events of
inclement floods, droughts, dry-hot winds, and typhoons. Meteorological data from Chinese national meteorological
observatories have been collated, archived, and published in recent years, providing effective ground-truth supporting
datasets for yield prediction work at various scales across China.
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Fig 3: Al and Data Analytics are Shaping the Future of Precision Agriculture

3.1. Remote Sensing and Meteorological Data

Continuous time series of meteorological data, including temperature, precipitation, and solar irradiance during the
growing season, are known to substantially influence the yield of agricultural crops. Remote sensing data, such as the
normalized difference vegetation index (NDVI) or other vegetation-growth indices from various sensors, have been
widely used for yield forecasting and disease detection. Vegetation indices from single satellite observations can
improve the accuracy of crop yield estimations by about 5%, while multi-sensor, multi-temporal, and cloud-free NDVI
data obtained from the fusing of optical sensors with higher spatial resolution and radar sensors with all-weather
capability can permit a significant improvement of about 15%. In order to capture multi-scale crop status and provide
an important auxiliary factor for yield forecast, the fusion of spatially continuous and temporally high-resolution
remote-sensing products is essential.

Prior studies have demonstrated that the yield dynamics of major crop species can be delineated with better accuracy
using remotely sensed data, including phenology, end-of-season biomass, and NDVI robustness. Satellite NDVI at a
coarse spatial scale can be employed as an overarching combined NDVI but will have limited explanatory power and
predictive capability if used at a finer scale. However, the fusing of land surface temperature (LST) and NDVI from
coupled geostationary—polar-orbit satellite data combines their complimentary strengths and features, and yields much
superior results.

3.2. Soil and Crop Health Sensors

Ground-based sensors can capture information beyond what is possible from space or air. Soil moisture sensors
facilitate irrigation decision, nutrient sensors measure aspect and concentration levels for control as intervention in
fertilizer and other plant growth regulators application both in time and quantity can avert loss of yield as a
consequence due to toxicity or surplus application of fertilizers. The visible near infrared spectrometry augments
nutrients analysis and detection of stress conceived with chemical imbalance in crops due to plant disease, deficiency of
nutrients, insect/pest attack or herbicide injury. The ultra-sonic sensor for plant health monitors the overall health status
related to plant biology, leaf age and leaf area and is helpful in growing plants stress-free, decaying-free and hurtea-
free, which ultimately helps in producing good yield by minimizing the harvest loss. Temperature measuring sensors
cool down the plant to check wilting, dry leaves and to generate fruiting. Humidity measuring sensors check the
humidity effect produced inside of the crop to avoid wilting or leaf-falling. pH sensor controls the acidity and alkalinity
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of soil to overcome nutrient imbalance in the soil. NDVI sensors control crop health and promote crop growth rate to
enhance the production of crops by staying away from the incursion and impact of the fungus.

Agricultural yield data can be collected and assimilated from various public sources and relevant information is
provided for crop yield prediction. Weather parameters and cultivated area are accumulated from India Meteorological
Department (IMD) and National Remote Sensing Centre (NRSC) and India’s National Academy of Agricultural
Sciences. Data from IMD has been supported with Weather Research Forecast (WRF) and Automatic Weather Station
(AWS)-based predictions for few districts/crops. Soil Health Card data and crop yield have been downloaded from the
India Government’s Department of Agriculture and Farmers Welfare and Ministry of Agriculture and Farmers Welfare
(MoAFW) website. NDVI data were procured from MODIS, retrieved from Terra and Aqua satellites of National
Aeronautics and Space Administration (NASA). GOES imager rainfall content as an additional input for certain crops
in the northeastern region was used as a prime effect factor. The India Meteorological Department (IMD) provides
meteorological information for climate-based statistical prediction.

Equation 3: Growing Degree Days (GDD) and cumulative GDD

Let:

e Daily maximum/minimum temperatures: Ty (d), Trnin ()

e Base temperature for crop development: T4

Step-by-step

1. Daily mean temperature:

Tmax (d) + Tmin (d)
2

Thean(d) =

2. “Effective heat” above base:
g(d) = Tmean(d) — Thase

3. Crop growth doesn’t go negative; clamp at 0:
GDD(d) = max (0, g(d))

4. Cumulative over a season (days d = 1...D):

D
CGDD = Z GDD(d)
d=1

IV. METHODOLOGIES FOR YIELD FORECASTING

Forecasting yield in precision agriculture is a complex task traditionally addressed by statistical models of univariate or
bivariate historical relationships between climate and harvest. More recent approaches exploit big data analytics and Al
methodologies, especially with machine learning and deep learning. Machine learning models usually leverage
exploratory data analysis (EDA) and expert knowledge to reduce the feature space size to a configurationally
manageable level and focus on the most relevant inputs for yield prediction, sometimes also using other censuses over
the same geographical area, such as soil-quality information or crop-health multispectral sensing data, helping to shed
light on the yield response to climate variations and disturbances.

Deep learning, in contrast, can use the entire set of features—indeed, the more noise the better—but tends to require a
large amount of data, as well as the FT for the geographical area. Evidence shows, however, that deep learning
approaches can yield low error predictions—with suitable generalization power even though they are trained only on
agronomic CL data at relatively low density and without the support of other censuses or noise sources, provided that
they are properly regularized and validated. The different methodologies used for yield forecasting clustering the
algorithms into statistical, machine learning, and deep learning models are outlined.
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Fig 4: Crop yield data in agriculture

4.1. Statistical Approaches

Classical yield forecasting models are based on regression analysis of meteorological variables, trend functions, and
Huet’s index of climatic seasonality. Cumulative growing degree days are also being used in regression-based yield
forecasting studies for nearly all crops. M. S. Srinivasan uses Long Range Suggestion Model (LRSM) to forecast paddy
yield on a year-to-year basis. Multiple regression analysis is used with secondary data for paddy crop-and-distance-
wise estimation of yield and crop area under rice transplanting in order to suggest a forward-looking paddy
development program for the state of Kerala. A regression model based on time series data for 1975-76 to 1994-95 has
been developed to explain and forecast the area and production of groundnut in Andhra Pradesh.

Regrettably, conventional regression-based models fail to explain food grain yields in some regions of India; Cross-
Validation Difference in Difference (CVDID) analysis and the widely accepted Nested Logit model confirm their
ineffectiveness in some areas. Therefore, there is a need to develop reliable forecasting methods to alleviate
dependence on inappropriate techniques. In this regard, time series data for 1980-81 to 2010-11 were statistically
analysed to forecast the area and production of maize in Karnataka, and forecasted estimates were compared with those
obtained by other forecasting groups. The SATC model indicated the strong influence of government efforts on the
achievement of maize production in Punjab during 2000-01. A Logit-type probabilistic econometric model, with time
series data, has been developed for forecasting food production thanks to its roots in economic theory and subsequent
generalization, yielding forecasts faithful to the underlying theory.

4.2. Machine Learning and Deep Learning Models

Despite the appeal of using machine learning and deep learning algorithms for near real-time precision agriculture yield
forecasting, limited large and regionally comprehensive datasets have constrained progress. Crowdsourced social media
data provide a possible way to forecast crop yield through unstructured sources, but such predictive models are
computationally expensive and less interpretable. Successful framework demonstrations with hybrid models trained on
large datasets across multiple areas have only emerged recently, along with forecast generation for different regions.
Yet the nested deep neural network precision agriculture yield model remains domain-knowledge limited, as does the
variety of active-feature-rank-based hybrid model focused on a single region of China.

Nonetheless, regional evaluation of the L-BFGS-optimized deep-learning model for hybrid urban-vegetation scheme
yield modeling indicates general suitability for other regions in the southern third of China that share suitable climate
conditions, especially abundant soil water transfer capability. Recent models coupling deep-learning with Tacotron-2
and global crowd-sourcing networks also leverage social media with fine-tuned datasets to balance forecasting
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precision and execution speed within a full-cycle framework. Here, the Loop—King model constructs accurate near real-
time sweet-potato yield forecasting through dynamic pairing of social-media LULC and global crown-scale remotely
sensed dataset. Machine learning and deep-learning meta-algorithm models boast better season efficiency and
validation performance than single models, as illustrated in cross-regional forecasting. A machine-learning-based
ensemble modeling approach combined with self-organizing maps and PCA analysis further supports reliable and
interpretable crop-yield forecasting.

Equation 4: Evapotranspiration (ET) as a feature

Energy balance + aerodynamic transport

1. Evaporation demand rises with net radiation and dries with wind/vapor deficit.
2. Penman—Monteith combines:

o energy term (radiation driven)

o aerodynamic term (wind + humidity driven)

Canonical FAO-56 form:

0.408A(R, — G) + y%uz(eS —eq)

ET, =
0 A+y(1+ 0.34u,)

V. AI-AUGMENTED ANALYTICS ARCHITECTURE

The architecture for implementing Al-augmented big data analytics is discussed, focusing on subcomponents that
enhance user productivity in making harvest predictions. Two areas that capitalize on Al augmentation are featured: 1)
a distributed framework to facilitate the collection, storage, and processing of data from multiple sources at a scalable
rate; and 2) an automatic feature engineering capability to generate agronomically meaningful predictors that span
space, time, and variables beyond the yield data.

Earlier research demonstrated how yield data sourced from United States Department of Agriculture (USDA) National
Agricultural Statistics Service (NASS) crop reports could be leveraged as a ground reference for validating analytical
approaches used in creating remote-sensing-based NDVI time series for multiple crops through multiple growing
seasons. For the Iowa study, the NASS data provided an inherent benchmark; however, due to the aggregation of yield
data at the state level, the utilization of other USDA sources—NASS Crop Scanning Survey data—provided the
missing link to implement an actual forecast at a higher spatial resolution.

The NASS Crop Scanning Survey dataset comprises groundtruth yield data collected by USDA-NASS field
enumerators. Essentially an aerial vantage point survey, yield estimates of specific crop types are generated for areas
comprising between 3,500 and 7,500 acres (1,400 and 3,000 ha) using ground-level observations and a visual
assessment of potential yields for each sampled field. Positioning within a single county or statistical area is not
mandatory, although most observations are, with large feature fields favoring higher accuracy.

The precision-yield-forecasting line of research combines ground-tested econometric models with deep learning (DL)
technologies to forecast crop yield at enhanced spatial resolution by making use of remote-sensing and meteorological
data readily available in the cloud for the entire globe.

5.1. Data Ingestion and Storage

The proposed analytical architecture leverages a cloud data lake to ingest and store Big Data from multiple sources that
support yield forecasting at multiple scales. A new scalable architecture built upon readily available cloud platforms
serves as the backbone for data storage and analytics. The architecture uses an enterprise-class data lake and sets up
three specific layers: an ingestion layer, a storage layer, and an analytics layer. The framework draws data from
heterogeneous sources into the cloud-based data lake. Data ingestion uses multiple cloud-native services—such as
AWS Data Pipeline, AWS Glue—to transform raw data and usable features in the cloud. The cloud data lake enables
(a) efficient local, regional or national-scale data analytics across the available data and applied trained ML/DL
algorithms; and (b) easy ML/DL model updates as new data become available. Region-specific yield forecasting and
the use of ground truth data from nearby regions with similar crop-growing patterns yield capable ML/DL models that
can extrapolate and produce increased spatial yield information density with a coarser spatial resolution.

The proposed YOLO-PAT framework advances precision agriculture and supports yield prediction, which is essential
to address food, water and energy security in the 21st century and beyond. Al-augmented yield forecasting augments
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traditional data, information and knowledge-based precision-agriculture analytics by leveraging the Big Data available
in the cloud. Emerging trends toward a provision-based application model, such as Software-as-a-Service (SaaS) or
Data-as-a-Service (DaaS), facilitate the provision of cloud-based analytics.

MAE comparison

MAE (billion kg)

5.2. Feature Engineering for Agronomic Relevance

Error-prone feature selection is a significant issue when learning yield forecast models with big data. A pipeline that
creates several models for each crop’s yield using various learning algorithms, then combines the best-performing
models is one way to overcome that problem. Feature engineering can apply additional domain-centric ideas. Yields,
influences, and corresponding features that were found meaningful in work not using big data can be synthesized for
faster development of big-data-based yield forecasts. Coefficients of influence can help guide investigation into the
data-driven identification of interactions, transformations, and additional features, particularly from soil and crop health
sensors. These extra sensor-generated yield-affecting properties may also be incorporated into explaining agronomic
changes in crop yields between regions.

Additional logical, statistical, and machine learning models designed to capture relevant underlying relationships can
be created. Beyond combination models leveraging many candidate models provided from shared yield features
augmented with sensors, temporal, cross-regional, and cross-application transfer learning can test generality of learnt
patterns. Indeed, detection of newly introduced sensor-measured processes for a crop in a region, combining previously
learnt data with borders newly entering data, or transferring learnt relationships to a similar crop in a different region
use quantity of data to aid development of predictive power.

Equation 5: Soil moisture (simple water-balance feature)
Let:
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SM,=soil moisture at day t
P,=precipitation
I=irrigation
ET,=evapotranspiration
R;=runoff

D;=deep drainage

Step-by-step
1. Start from conservation of water in root zone:
SM;,, = SM; + inflows — outflows

2. Substitute inflows/outflows:
SMyyq =SMy + (P, +1,) — (ET; + R, + D)

3. In practice, clip to physical bounds (wilting point to field capacity).
VI. VALIDATION AND EVALUATION

Evaluation of predictive accuracy is a crucial step in the development of yield forecasting models, particularly deep
learning models, which are generally considered black boxes with little mathematical and statistical justification.
Addressing this challenge requires bridging the gap between satellite- or sensor-based predictions and in situ
measurements or ground-truth data. Two approaches for benchmarking predictive accuracy stand out. The first involves
direct comparison of pixel-wise predictions against ground-truth harvest yield data, available for thousands of
individual fields across multiple years. The second evaluates the generalization performance of models across space
and time, predicting yield for relatively large and spatially coherent regions (e.g., states) using limited historical
training data.

Real-world applications of machine learning and deep learning for yield forecasting can be found in numerous studies,
confirming that predictive accuracy often exceeds that of conventional statistical methods. However, the lack of cross-
validation and absence of ground-truth comparisons serve as major caveats to such claims. Al-augmented analytics
strengthens the reliability of model predictions by providing designed sensor networks and crophealth monitoring,
which reduce training input uncertainty and improve accuracy, thereby widening the applicability of machine-learning
and deep-learning-based forecasting. Model predictions can also be evaluated against sensor observations for field-
scale validation.
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6.1. Benchmarking Against Ground Truth

Either direct comparison against ground truth measures or absolute error thresholds are ser-viceable methods against
which specific models can be tested. Ideal comparisons use held-out ground truth values from the target region which
have not been employed for training any of the component models in the broader yield forecasting pipelines. Selected
datasets offer such opportunities: the publicly available, gridded wheat yields produced by the Indian Remote Sensing
Agency for 2013-2014 and 2014-2015; the yield data maintained at the crop reporting district level by the Ministry of
Agriculture and Farmers Welfare for the state of Punjab in northwest India from 1985 to 2018; and the yield estimates
published in the “District Level Estimates of Major Crops for 2017-18” by the Ministry of Agriculture and Farmers
Welfare.

Leveraging the cross-regional applicability of agronomic knowledge, models can be run against resampled predictors
from different regions. Generaliza-tion capability is assessed by comparing yields across the Indian states of Punjab and
Haryana. In both states, winter wheat is the most important crop; high-resolution yield data from the Indo-Gangetic
Plain are also available. In addition, high resolution gridded rainfall data are available publically. These datasets permit
an indirect assessment of model performance in Haryana using yields from Punjab and vice versa.

6.2. Cross-Regional Generalization

Cross-regional yield predictions were tested for generalization capacity by using a ML approach to predict maize yields
in South America. Modelling without data from Argentina or Brazil confirmed their predictive quality when forecasting
maize yields in both countries individually and together. Prediction on a pan-tropical content scale (i.e., including three
African countries) further underlined generalization capability, although differences in rainfall seasonality and soil-
coarse fractions between African and South American countries complicated simulations for the eastern and western
African sites. Successful cross-regional yield forecasts over large geographical extents suggest a potential to predict
regional crops not represented in the training dataset.
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The quality assessment of the ML models provided an important validation of yield dynamics across South America
when benchmarking simulated against reference yields. While the evaluation based on regional yields was performed
here for maize, the strategy could be applied to other crops in the future. Such an approach may become particularly
useful when validating projected yields in the context of climate impacts.

VII. CONCLUSION

The research highlights the increasing significance of Al-augmented big-data analytics infrastructures, enabling
performance improvements across statistical, machine-learning, and deep-learning approaches. Yield prediction serves
as a prime indicator to assess the suitability of the various methods within the Al-augmented big-data analytics
architecture. In analysing yield prediction, the resources available are assimilated into a coherent framework to evaluate
all three classes of prediction techniques simultaneously. Prediction performance for all three classes of model is
examined across diverse corn and soybean-growing regions and through both temporal and spatial cross-validation to
address both the persistence and signature of large-scale climatic events.

The overarching aim of this investigation is a proposal for new analysis methods: emerging resources are integrated
into established predictive frameworks, and the general potential of these methods as a predictive facilitator of high-
resolution precipitation forecasts is explored. The following research questions emerge: RQ1: What are the possible
advantages of using Al-augmented infrastructure in analysis methods based on statistics, machine learning, and deep
learning? RQ2: When deep learning resources are used to predict large-scale features of the climate system associated
with precipitation over the central United States, how can the resulting predictions aid in improving the signature of
droughts and pluvial phases? RQ3: How are the signatures of pronounced climate events amenable to prediction? A
specific aspect of the investigation validates the cross-regional applicability of the discussed methods by examining
yield prediction in locations outside the regions used to train the prediction models.

Field AUC_NDVI Yield_t_per_ha

1 9.464942909603668 4.1659846644248875
2 9.643589514925594 4.396275914133352
3 9.476835483684697 3.9288770163064823
4 9.661302807344654 4.086308031374159
5 9.617759514520372 3.77021524737332

6 9.595247669211663 4.746752379618273
7 9.40292180741474 4.19936465651745

Table : Illustrative dataset: NDVI season summary vs yield

7.1. Emerging Trends

Input data from complementary sources is essential to enhancing the accuracy and robustness of yield models. Future
studies should focus on the intelligent synthesis of multimodal ground truth data from multiple sources to realize cross-
farming generalization capability — that is, validation and application to crop production regions outside the domain of
the training dataset. Furthermore, the continuous flow of Al-augmented analysis from Big Data is paving the way for
precision agriculture 2.0, covering more delineated and subtle aspects of the decision-making process and
outperforming state-of-the-art solutions.

Recent developments talk of agricultural management practices resembling telemetry, with automated warning signals
in case of abnormal behavior. The horizon of Al-augmented Big Data pushes toward automatic intelligent translations
of such event detections into management actions to increase or maintain yields sustainably at lesser costs both
economically and in terms of environmental impacts. The closure of the value chain of Al-augmented Big Data
analytics toward the farmers continues to widen the access for localized, affordable, updated solutions thanks to the
ubiquity of mobile devices and instant communication.
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