s

' EUROPEAN ADVANCED
JOURNAL FOR EMERGING
TECHNOLOGIES

VOLUME: 02ISSUE: 04

RECEIVED: OCTOBER 27 REVISED: NOVEMBER 14 ACCEPTED: NOVEMBER 27 PUBLISHED: DECEMBER 19

oy

Adaptive ML Analytics for AgriTech Business Intelligence on Azure

Christopher Wilson
Asst Professor

Abstract

Adaptive Predictive Analytics Pipelines on Microsoft Azure: A Machine Learning Approach for Dynamic Business Intelligence
in AgriTech Systems

Business intelligence systems, including predictive analytics repositories, are essential for effective decision support in
agriculture and agri-tech. Yet, many existing solutions are unable to adapt to changing conditions. Recent advances in machine
learning (ML) provide opportunities to alleviate some of the associated problems. On the Microsoft Azure platform, a set of
services built around data lakes and ML models enables the implementation of adaptive predictive analytics pipelines—data-
processing assemblies that optimize performance by continuously learning from available data. These pipelines can react to
changes, such as the emergence of new patterns, by automatically altering feature engineering processes, retraining models using
updated sources, or providing predictions with new data representations, characteristics, or horizons.

The architecture and implementation of these adaptive predictive analytics pipelines are described in detail, with descriptions of

the pipelines’ general structure and operation, along with a case study focused on the Agri-Tech Risk Mitigation Solutions (AT-

RMS) predictive analytics service. AT-RMS assists executive-level actors in the agriculture and insurance sectors with strategic-
level decision-making, and the implementation leverages Azure to support infrastructure-as-code and operational governance.

Keywords : Adaptive analytics, agri-tech, business-intelligence, cloud-based machine-learning, data-lake, Microsoft-Azure,
predictive-analytics, risk-assessment, scalable-architecture, supporting-systems

1. Introduction

Business intelligence (BI) usually requires data collection and preparation for a finite period leading up to specific reporting time
frames. Adaptive predictive analytics pipelines directly update models and can thus provide fresh predictions anytime. Dynamic
predictive analytics built around such pipelines rapidly integrate new data and regularly retrain the models. When applied to
machine-learning problems facilitating decision support in agriculture, these pipelines allow business intelligence to expand from
static historical reporting to dynamic risk management, planning, and governance. A case study encompassing a relevant sample
of such predictive problems illustrates the application of dynamic predictive analytics on Microsoft Azure.

The architecture of adaptive predictive analytics pipelines ensures automatic, up-to-date predictions for machine-learning tasks
associated with areas such as forecasting near-future variable values using data from the past, estimating targets conditioned on
other variables, assessing likely adverse outcomes, or providing elaborate decision-support information. These pipelines integrate
a series of data-management processes on Microsoft Azure that monitor the quality of ingested data, consolidate predictions from
external services, refine training and validation data sets, and enable such analyses to be executed seamlessly. Such adaptations
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require maintenance and supervision. Adaptation pipelines monitor performance using external benchmark data, assess model
drift through time, execute retraining when necessary, ensure the reusability of new models, and maintain knowledge of previous
versions of each model within a multiworkspace setup.

1.1. Problem Statement and Relevance

Aggregated long-term forecasts generated by traditional Business Intelligence solutions often fail to provide the timely, relevant
insights needed by agricultural operators. Weather and climate projections may evolve significantly during the fulfilment of crops
and business opportunities develop dynamically according to market supply and demand. As a consequence, more frequent
predictive analytics and forecasting services—reflecting data from a wider range of sources and targeting shorter time horizons—
are desirable. Pipelines that generate such predictions, however, are still seldom found in practice. Sources of predictive datasets
may not only differ on a day-to-day basis but also across spatial areas and occur in various data modalities (e.g., text, images),
which creates a need for pre- and postprocessing code and guides that support the use of predictions in Bl systems.

With technology enabling the collection and storage of ever more data, the ability to easily implement and deploy data-driven
models that support Bl processes across a given business domain is desirable. In particular, on-demand model training and
inference are especially valued in domains such as political elections and sports competitions, for which accurate forecasting
remain important within a clearly defined period. Dynamic Bl refers to fulfilling that aspiration when training and inference are
performed more frequently than typically found in practice. More specifically, the term denotes a business-driven approach to the
generation of data-driven predictions in which the standard workflow supporting Bl activities is supported by—rather than takes
precedence over—an analytics ecosystem. The fulfilment of these requirements in the context of adaptive pipelines that can
ingest, preprocess, train, and apply predictive models in a time-sensitive manner and within a realistic operating environment
provides their primary justification. Such pipelines are envisaged within a dedicated ecosystem deployed on Microsoft Azure.
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Fig 1: Predictive Maintenance with Azure ML

1.2. Scope and Objectives
Adaptive Predictive Analytics Pipelines on Microsoft Azure: A Machine Learning Approach for Dynamic Business Intelligence
in AgriTech Systems

Delineating the bounds of an investigation into business intelligence in AgriTech requires consideration of the data handling
capabilities it entails. The elusive stable feature set for predictive models, along with the sporadic collection of information in
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many domains, suggests that model training be carried out on an ad hoc basis. This is made possible by deploying appropriate
machine-learning capabilities in the cloud and that decision making make use of services provided by a cloud Azure-based Bl
platform. Pipelines that provide such capabilities are termed Adaptive Predictive Analytics Pipelines.

The system aims to provide dynamic solutions for agriculture and horticulture by making predictions on an appropriate time scale
to meet the present needs of primary producers and related stakeholders. Dynamic data for predictive analysis pipelines are
achieved within specific bounds: the feature space is distinct at each time of prediction, but data of the set of features needed for
prediction are also distinct at any instant. Thus, the information available is capable of lending support to policymakers to take an
informed decision on the economic status of the country, including the status of exports or imports of agricultural products. The
pipeline of the whole system ensures such predictions automatically without human intervention and can be monitored by
humans.

2. Background and Related Work

Adaptive Predictive Analytics Pipelines on Microsoft Azure: A Machine Learning Approach for Dynamic Business Intelligence
in AgriTech Systems

The presented approach builds on established theories of predictive analytics and agile BI, and addresses their integration in a
system architecture that manages data quality, model retraining, and adaptation of feature representation and data freshness in a
seamless manner. The building blocks of the solution are outlined, along with practical implementation steps and an illustrative
AgriTech scenario.

Predictive analytics and cloud-based ML services are being adopted in a growing range of AgriTech decision-support
applications. Supported use cases include forecasting, yield estimation, risk assessment, and recommendations. A wide variety of
data types from multiple, often heterogeneous, sources contribute to system inputs. Standard Bl models are augmented with
predictive algorithms in areas where time-varying predictions can facilitate strategic decision-making or operational planning.
With model training usually performed offline, the outputs often exhibit a significant time lag compared to the underlying data
and fail to account for sudden changes in the relevant variables or the feature relationships. The value of a dynamic or agile
approach to predictive analytics becomes apparent, especially when these model predictions are utilized by AgriTech
stakeholders for planning and resource management purposes.

Equation 1: Data preprocessing equations the paper implies

Given a feature column x = {x, ..., x, }:

Step 1: Compute the mean

...
1l
[

Step 2: Compute the population standard deviation
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Step 3: Normalize each value

Why this works (key property):

e  Mean of z becomes 0:

1on 1lon Xi—H 1 (1 n )
—_ 2= = e == - X — =0
nZl—l i n&i=l 4 P nzl—l i U

Variance becomes 1 (similarly follows by substitution).

2.1. Predictive Analytics in Agriculture

Predictive analytics has been applied across diverse domains for use cases such as forecasting, yield estimation, risk
management, decision support, and investment planning. The agriculture sector has investigated predictive analytics as well, but
to a lesser degree. The use cases can be differentiated into different categories, including forecasting and estimation tasks,
analyzing risk or vulnerability of specific zones (e.g., flood risk estimation) based on weather and zone-specific conditions,
providing decision-support tools, and providing predictive risk management tools for specific agricultural developments. The
primary types of data sources used are weather data (e.g., temperature, rainfall), remote sensing data, and other crop-specific
parameters affecting the region. The time frame for predictive deployment differs from weeks to months. While forecasting and
yield estimation problems are generally addressed using benchmarks of trained models and predictive accuracy, considerations of
the other categories may require a different evaluation methodology, such as prediction stability and reliability of prediction for
risk management.

Dynamic business intelligence for predictive analytics in the agriculture sector has received minimal attention to date. Existing
predictive analytics use cases, especially in AgriTech-related sectors, would increase decision-making support services if adapted
to variations in environmental and economic conditions. Such adaptation would maintain sustainability of agencies making
predictions based on complex data sources (e.g., remote sensing images) and systems with poor prediction reliability during
specific time periods. Domain-relevant predictive risk management systems related to agriculture, finance, insurance, or any
other stake-sharing settings with a time horizon of weeks or months would be able to fill such gaps with proper predictive support
during planning.

2.2. Cloud-Based Machine Learning on Microsoft Azure

Microsoft Azure offers a comprehensive cloud platform for delivering Machine Learning as a Service (MLaaS) in enterprise
environments. Central to the proposed adaptive predictive analytics pipelines are the Azure ML services, which afford first-class
support for design, training, deployment, and monitoring of machine-learning models; integration with Azure Data Lake Storage
for reliable long-term management of all data assets; and convenient governance, scalability, and regulatory-compliance features.
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The Azure Data Lake Storage service enables secure management of structured, semi-structured, and unstructured data within a
single facility, providing data connectors and integration tools for data ingestion, transformation, and preparation. Other
advantages of using Azure ML include fine-grained governance and security features; enterprise support for computations that
can allocate resources according to demand; and ready sharing of systems and models across tenants without requiring additional
service accounts.

The extensive ecosystem offered by Azure presents some key advantages over other cloud service providers. The Azure
ecosystem includes highly experienced teams of specialists within Azure services—Analytics, Al + Machine Learning, Digital
Twins, 10T, and so on—enabling rapid, accurate, cloud-native implementations of predictive models aligned with existing data
sources. For predictive analytics pipelines requiring integration of video, audio, or natural-language text (or a combination
thereof), Azure provides ready integration with Microsoft Video Indexer, Azure Cognitive Services, and Azure Machine
Learning. For business automation, an extensive ecosystem of low-code workflows is offered via Microsoft Power Automate,
enabling multi-cloud integrations. Complementary Azure services for predictive analytics pipelines are readily available and
maintained, including Azure Synapse Analytics, Azure Key Vault, Azure Monitor, and Azure Well-Architected Review tooling.
Data governance, regulatory-compliance, and severe-data-quality-detection services are offered via Microsoft Purview.

3. Architecture of Adaptive Predictive Analytics Pipelines

The architecture of adaptive predictive analytics pipelines on Microsoft Azure comprises data ingestion and integration, feature
engineering and representation, modeling, and evaluation. Together these processes create dynamic business-intelligence
predictions that support strategy formulation in AgriTech systems. By enabling different learners or retraining strategies based on
temporal proximity, the architecture mitigates the risks of static prediction models that may become unreliable over time.

The pipelines are designed to adapt as business requirements change or when data become available for additional features or
learned representations. These two types of adaptation are achieved by employing connectors that track data availability and
quality; by provisioning separate feature pipelines for different predictive models; and by establishing a formalized approach for
collecting data that requires costly manual curation. The pipelines also provide a reproducible data-labelling and evaluation
framework centred on a dedicated feature store, together with an ensemble of models based on drift detection logic. The
integration of representation-learning algorithms into the process further enables adaptation through the use of more powerful
features as they become available without incurring retraining costs.
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Fig 2: Proposed Big Data Architecture for Predictive Analytics

3.1. Data Ingestion and Integration on Azure
Built-in connectors and services integrate diverse historical and real-time data sources. An overarching pipeline orchestrates the

steps—alignment with a common structure, quality checks, and cleansing—that ensure the data are always ready for timely
predictive model training. Historical and near-real-time data can be ingested in either batch or streaming mode, with ingestion
frequency determined by the temporal resolution of the prediction. During such pre-processing, data are automatically assigned to
a metadata environment—the Data Catalog—supporting exploration, testing, and auditing by domain experts.

Flexible architecture for seamless adaptation relies on intelligent yet unobtrusive management of the underlying data. A feature
store mirrors other pipelines, accelerating model training by tracking and making accessible the same engineered features
employed by production models. A dedicated feature pipeline is a more powerful concept, since it can represent
multidimensional patterns in the data with much less engineering effort. Feature construction becomes more of a discovery
process, revealing higher-level features learned from the raw data by independent ML models.
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Illustrative monitoring: drift event and retraining recovery
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3.2. Feature Engineering and Representation

Adaptation requires a dedicated feature engineering process that constructs the features employed in initial predictive modeling
(covering dimension, resolution, and selection) as well as those used for representation learning. Such a process should also
support feature normalization (to benefit models sensitive to scale) and engineering of one or more temporal features (to enhance
model prediction precision). To facilitate reproducibility and credit assignment, a feature store should manage engineered assets,
much like a model repository structures prognostic artifacts.

For the Probability of Frost prediction example, a dedicated pipeline applies rules devised in earlier PhD research (facilitating
rapid prediction of risk for multiple locations) to create new feature dimensions that document spatially-relevant data sources.
The features support models based on only climatic data, while guiding the construction of models for which farming activities —
correlated with warmer conditions — are relevant. Each model implements winter-Summer seasonal dynamics through an
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indicator feature. For the Cane Disease Risk assessment, a second pipeline normalizes features representing extreme antecedent
conditions and quantifies intensity of key disease outbreaks across the instances (including cross-plot temporal integration).

4. Methodology

Data processing, prediction modelling and the adaptation mechanisms of the proposed architecture are designed to facilitate
environments with constantly changing data. Prediction objectives, feature spaces and models remain valid for a limited time
span, especially in the case of time series data. Using historical data for DC directs non-experts towards intelligent forecasts
concerning rainfall, temperature and natural disaster risk.

Data Sources and Preprocessing

The implementation is illustrated through a sample use case, and two open-access Internet of Things (IoT) data sources are used.
The first source is the Global Surface Summary of Day dataset from the National Oceanic and Atmospheric Administration
(NOAA) provides geographic information on world weather stations, daily temperature and precipitation data. The second source
is a complete record of rainfall in Tamil Nadu State, India, from a subsidiary of the Indian Meteorological Department. The data
is extracted, cleaned and transformed into user-friendly files using the Extrac, Transform, Load/Extract, Load, Transform
(ETL/ELT) strategy, along with any other data sources, using real-time processes such as stream and batch ingestion connected
via a common metadata repository for quality control and data governance. Missing data points are imputed using interpolation
or prediction methods to retain the usefulness of these data.

In generalised predictive analytics scenarios, features and predictors need to be identified, and data should be cleaned. The
detection of data drift is assisted by visualisation tools. Depending on the nature of the drift and the prediction algorithm,
different techniques may be used. For example, a descriptive model, such as an ensemble based on a large training set covering
many reasonable scenarios, can provide low-cost predictions, while other techniques can be used when changes between samples
need to be scrutinised. Performance monitoring may also be facilitated by a stratified or a large-scale subsample of data, enabling
triggering tests of different prediction models without major investments. The remove-purge-and-learn methodology permits
continuous adaptation of predictive models.

Equation 2: Interpolation-based imputation for missing data

For linear interpolation between two known points (t,, x,) and (t;, x;,), for a missing time t where t, < t < ty:

Step 1: Compute the fraction along the interval

Step 2: Interpolate

f(t) =Xqt+ A(xb - xa)
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Expanded form

t
2(@t) =x4 +

t
- (xb - xa)
ta

This is exactly the equation of the straight line passing through the two known points.

4.1. Data Sources and Preprocessing

Dynamic Bl on Azure involves data from multiple sources within a defined geographical context. For illustrative purposes, a
specific scenario involving the impact of climate variables on the yield of a key crop is adopted. Historical data, spanning up to
20 years, is made publicly available and serves as the primary input for predictive analytics. In addition, procedure data is
acquired to support examination of the broader scenario and to facilitate investigation of operational decisions that can influence
yield. These data can also enrich model prediction.

Five datasets, each containing a single type of information, are integrated to achieve the modelling goal. Model performance
typically benefits from a rich set of features, yet the availability of data for prediction on the feature side dictates any temporal
condition on the training set at any given time. Data from the past year have no equivalent next-year features. Reliable values for
all features, especially for crops, can extract seasonally and spatially meaningful subsets of the combined data. Missing data and
blanks are appropriately examined and processed on a per-feature basis, with techniques such as interpolation, imputation using
neighbours, and seasonal decomposition methods considered. Data quality checks are deployed to enhance the value of the data
collected and stored in the Azure Data Lake.

4.2. Modeling Techniques and Adaptation Mechanisms
Support for advanced modeling techniques for predictive analytics, novelty detection, and drift detection ensures that changing
data distributions are adequately handled in an adaptive predictive analytics system.

Models chosen for predictive analytics covering agritech activities feature decision trees and random forests for structure and
multiclass classification support, while ensemble models deliver accuracy improvements. More nuanced approaches enable
prediction of plant health and soil quality, with hard and fuzzy segmentation identifying problems and maladies at pixel level. For
yield estimation, regression techniques predict the total yield first, with the individual yield per crop derived from the proportions
observed during previous periods.

Support for novelty detection ensures sudden changes in data patterns do not adversely affect predictions used for strategic
planning and risk management. A combination of clustering and tree-based classifiers identifies non-standard data entries,
facilitating investment in research into their causes. The strategic nature of many applications means that an erroneous prediction
does not have an immediate costly impact, and therefore able to tolerate a degree of drift.

Time is tagged as a temporal nth dimension descriptive of any ML model suitable for processing time series. Temporal features
aid generalization, representational learning facilitate transformations to higher dimensional spaces, and feature engineering
pipelines generate a stream of socially-neutral samples ready for ML. The architecture supports both ensemble and online
learning, with a separate prevention mechanism for component model drift detection that triggers retraining when the decreased
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performance exceeds a predefined threshold and automated mechanisms for all categories of model drift. Model performance
during the retraining phase is monitored to ensure that any activated backup models deliver acceptable prediction quality.

5. Case Study: Dynamic Bl for a Representative AgriTech Scenario

A practical example demonstrates the approach, addressing a realistic problem for an agribusiness and its customers with
concrete steps and a results framework. The scenario emphasizes accurately predicting interim data distributions, updating the
final distribution as necessary, providing warnings when conditions diverge, remaining cost-effective for a single user, and being
easily adaptable to different farms with minimal overhead.

The business problem, data volumes, and set of features in the Azure Data Lake are consistent with other studies in the field
(Table 1). The company interacts with natural-resource investors and water-logistics providers on a near-real-time basis, and their
customers are often required to provide short-term forecasts of their future water consumption patterns. These short-term
forecasts allow both firms to better predict the future demand for water and allocate resources accordingly. Short-term forecasting
of water consumption several months ahead is therefore of significant interest. It is also beneficial to be able to supply forecasts
for the temporal distribution of water consumption during each month. Although the model is built only for a single area, overall
demand dynamics for the whole river basin can be inferred from the Water-Logistics Company’s predictions and can inform
Hydro-Management Company decisions.

5.1. Scenario Description and Data Characteristics

The case study focuses on a Lentic Ecosystem (Wetland) management scenario involving uncertainty around flood events and
their consequences. The primary stakeholder is a government authority responsible for long-term planning and management. The
operation horizon is between one and five years, with preparatory steps undertaken monthly or yearly. A representative
combination of data sources with varying historical lengths has been identified for a single lake. The Azure Data Factory service
is used to evaluate implementation profiles and Excel files are readily available. Three different configurations support analysis
of data availability and quality.

The focus of this case study is on risk management and strategic planning functions. However, predictions may also support
diminishing behaviour in public policy decisions. A model-agnostic methodology that captures the feature representation of the
analysed data allows these two functions to be integrated into a single framework. Data for at least six different risk scenarios
have been identified, and additional synthetic scenarios will be generated to assess solution robustness. Overall, the goal is to
consolidate a dynamic Bl solution that can be implemented across different water reservoirs in the region and repeated in the
future.
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Fig 3: Scenario Testing

5.2. Implementation Details on Azure

Dynamic business intelligence delivered in the selected case study scenario is made possible through an implementation deployed
in Microsoft Azure. A combination of products and services in Azure provides the necessary capabilities, including Azure
Machine Learning services, data lake storage, and centralized governance. To contain the costs of running the solution, Azure
resources are used on a pay-per-use model and automatically scaled according to the current processing load. Consideration is
given to multi-tenancy strategies so that the same pipelines can serve multiple farms or different geographical regions without
duplicating machine learning models or data-science resources.

Utilizing multiple Azure Machine Learning workspace environments—from development to testing and production—ensures
model quality throughout the alignment process. Development resources are kept independent from production to avoid the risk
of testing new code with the production database when uploading models. End users benefit from an adaptive predictive-analytics
pipeline that can evolve with changing data characteristics. A monitoring dashboard keeps track of ML model performance so
that the most predictive algorithm for each prediction window can be selected. An open-source governance framework designed
for the responsible use of Al helps lessen concerns about bias in the generated predictions.

6. Implications for AgriTech Stakeholders

The predicted variables are of strategic relevance to various actors in the agriculture sector. Predictions of weather events such as
floods, droughts, heatwaves, or cyclones are crucial for the timely planning and execution of any activity by farmers. These
predictions not only help mitigate risks, but also aid in adopting proactive measures. Similarly, predictions of seasonal average
yield enable better demand and supply management, reducing chances of price crashes during the harvest. Forecasts of potential
food grain production or commaodity prices are useful to national-level agencies for policy formulation and identifying threats to
food security. Potential yield forecasts are, in particular, beneficial for farmers and policymakers in countries like India, where
the majority of farmers are smallholders. They can be used for timely supply chain decisions by agriculture insurers and real-time
market intervention by the government. Planned transportation of food grains surplus in one part of the country to other deficit
regions also requires these predictions.
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Business Intelligence provides solutions and strategies to analyze data, make competitive decisions, and formulate appropriate
business policies. With predictions such as those discussed above being made at the level of a business intelligence service, other
non-contentious mining services such as risk mapping can also be deployed. As the cloud provides services on pay-per-use,
small, medium, or new players need not invest in maintenance of the required hardware, which can be costly. Since these services
can scale up and down seamlessly as per demand, they should easily be affordable by community-based organizations, such as
the Agriculture Insurance of India Company, which hold data on multiple stakeholders in a region. Also, economies of scale can
be realized if cloud services such as Azure are used for AgriTech needs across States, by the respective Departments of
Agriculture, or Central Government Ministries.

[llustrative feature importance (tree-based model)
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6.1. Decision Support and Strategic Planning
Effective management of agriculture and agribusiness depends heavily on accurate predictions of crop behavior. These
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predictions are essential for operational decision-support systems as well as for long-term strategic planning. At the operational
level, predictions shape decisions related to seedlings, irrigation, fertilization, and pest management. At the strategic level, they
inform decisions regarding land use planning, labor force allocation across different months, contract production planning, supply
of raw materials for processing, insurance and risk management, and climate policy. Recent history underscores that most of the
current problems, including the world food crisis, involve a demand-supply imbalance. Predictions of food production that fall
short of meeting demand are, by orders of magnitude, more critical than predictions that overestimate supply.

Food production predictions, especially predictions of food risk or threat areas, serve as inputs for decisions at the country and
regional levels. Cautionary warnings not only attract the attention of producers but also of political leaders, policy makers, and
traders. For example, four countries—Austria, Ireland, Spain, and the United Kingdom—cautioned of possible risk or threat
conditions in world food production during 2004. Responsive actions taken included a stabilization guarantee for consumers and
a BS billion emergency fund for poor countries.

6.2. Scalability and Resource Management

Across the prediction space, many models are trained to address similar business challenges, such as forecasting sales and
demand, estimating crop yield, or assessing risk mitigation strategies. Managing these diverse predictive models and pipelines is
challenging; therefore, the architecture should be developed as an adaptive business-intelligence-as-a-service solution. The Azure
implementation supports tenant subscriptions to monitor multiple farms or regions, offering business predictions to different
customers and enabling multi-tenancy. The cloud-based framework also allows variation in resources to cater for customer
demands while optimising cost. During off-peak periods, several unused prediction models can be decommissioned to minimise
deployment costs, yet market demand is too limited for a complete model-elimination approach.

Dynamic business-intelligence requirements, like prediction accuracy and fresh data, change with time, so adaptive business-
intelligence-as-a-service solutions based on an on-the-fly model-building paradigm are favourable for information-deriving
industries such as agri-tech. Resources and costs can also be optimally used by applying model-monitoring, stakeholder-
governance, and prediction-prioritisation techniques/engineers.

Equation 3: Prediction/modeling equations implied
Let:

e  Feature vector for sample i: x; € RP

e  Stack them into matrix X € R™*?

e Targetsy € R"

e Weights B € RP

Model:
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Objective (least squares):
Ir};in JB) =lly —XB I
Step-by-step derivation of the normal equation
Step 1: Expand
JB) = —-Xp)T - XB)

Step 2: Differentiate w.r.t. 8
A standard result:

Vg 0 —XB)T(y —XB) = —2XT(y — XB)
Step 3: Set gradient to zero
—2XT(y—Xp) =0
Step 4: Rearrange
XTy =XTXB

Step 5: Solve
If XTX is invertible:

B=&TX)"XTy

That gives the closed-form fit used in many pipeline baselines.

7. Challenges and Limitations

Several caveats must be considered when assessing the proposed approach. First and foremost is the quality and completeness of
the underlying data: AgriTech systems often rely on sources with significant gaps, delay, or other reliability issues, and while
regions of dense reporting can yield valuable predictions, any forecast must be treated as a surrogate until confirmed by ground
truth. Addressing these issues remains an active area of research, and many of the publicly available systems openly acknowledge
these limitations. In the case of weather stations, adaptive techniques could also be deployed to interpolate missing or spurious
records based on spatiotemporal proximity to other sensors.

The algorithms employed are responsive to such weaknesses, but insufficient data quality still impairs prediction accuracy. An
accurate warning of an impending rainfall may allow a farmer to delay harvesting, but such a decision is ultimately based on
calibrating the tradeoff between crop yield and harvest quality. Maintaining such a tradeoff requires an accurate estimate of the
yield across the entire farm, which can differ substantially from the predicted rainfall intensity in a small region and thus require
different actions. Moreover, predicting drifts represents only one side of the adaptation challenge. Other factors besides the tested
input labels may trigger model retraining, and prediction performance should also be monitored. If predictions consistently
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deviate from the expected label or vice-versa over a time window, and the configured labels might still be valid for the
confirmation time period, the adaptation threshold could be satisfied and subsequently trigger retraining of the model.
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Fig 4: Analysis of Challenges and Solutions of 10T in Smart Grids Using Al and Machine Learning Techniques

7.1. Data Quality and Availability

Many systems rely on input or training data of proven quality. A dynamic Bl system cannot be economically maintained under
the same constraint—particularly in the light of data from less developed countries or from sources in the academic literature.
Residual gaps can be filled with synthetic datasets such as those derived from UniCrop. Country-specific datasets will usually
have a higher level of accuracy and completeness than those of lower resolution, but at country level data will often be gathered
from a wide variety of sources and become difficult to trust. GIS-based datasets deserve a closer look, both for completeness and
reliability. The noise or even bias in a dataset may not affect a specific application; for other applications quality assessment may
be more critical. These aspects cannot be determined a priori, so the assessment should accompany the use and detect possible
issues. One way to mitigate the problem is to focus on quality-aware machine-learning approaches. Such approaches incorporate
latent variables explaining the reliability of the other explanatory features into the model and are therefore able to cope with noisy
data. Other solutions include associated sampling strategies based on the quality of the data. Quality issues often apply to the
predictands as well.

The exploitation of model ensembles is another way of coping with data quality issues. For most applications in Bl systems
prediction performance is of paramount interest. It makes no sense to favour one specific model at the expense of accuracy; the
predictive outcomes can simply be averaged to deliver the needed result—at least in theory. When exploring the real-world
application of a dynamic Bl approach using crowd-based datasets the reliability of applied datasets—that clearly differed in
nature due to fast-changing foundations—was difficult to assess a priori. The exploration of a deployed dynamic Bl system for
agriculture-based risk assessment showed that even though the prediction performance delivered a useful picture of future risk,
gauging the reliability of the risk measure was not as straightforward. An additional concern is that many applied datasets are
inherently limited in size for specific regions. When focusing on risk assessment, another potential drawback of exploiting a Bl
system that provides predictions for a rolling time horizon is that prediction performance may tend to improve—yet too few
predictions are generated across years to ensure the reliability of the results.
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7.2. Model Drift and Adaptation Latency

The drift of statistical characteristics in the input data is a common problem when it comes to the generalization capabilities of
machine learning (ML) models. Although drift can occur at any point during development, it particularly affects the phase where
predictions are made. This phenomenon can occur after the model has been deployed, due to factors like seasonal variations or
local events, even if it had performed well at validation time. Detection of drift can be managed using methods such as univariate
index monitoring, multivariate index monitoring, or even specialized packages (e.g. ADTK).

When using supervised learning models trained in an offline or batch mode, any detected alteration in the statistical
characteristics of the input data can trigger the retraining of the model using more recent data in an online learning strategy. It is
worth mentioning that any maintenance or retraining procedure is usually a long-term process from an analytical point of view,
meaning that no training requires high levels of computational resources. Even in cases where an ensemble of models is used,
model production can be quite light, based mainly on executing simple procedures rather than on a full-blown training process.
Addressing drift detection and retraining through these mechanisms can help provide reasonable, up-to-date predictions with very
low latency.

A more complex situation arises in the context of transfer learning models or in cases where the initial model is a specialized
component of an ensemble model (e.g. a specialist within a mixture of experts). In these cases, only part of the model needs to be
retrained and a more fine-grained mechanism that detects drift in the specific domain covered by that specialized model should
be considered.

8. Conclusion and Future Directions

The proposed architecture enables the definition of adaptive predictive analytics pipelines for business-intelligence support in
AgriTech scenarios, and has been illustrated through a case study set in the territory of a public agronomic research institution
and involving the development of predictive models for typically predictable but hard-to-forecast events. For the considered case
study, the action of several public and private stakeholders combines to guarantee successful operation and improve a business
process, and those stakeholders need to combine prediction information at a local level to allow proper decision-making at a
regional level. However, the approach is general and can be applied to any center that wants to develop predictive models using
cloud-based machine-learning services, shared by several tenants, for business-intelligence purposes.

The framework clearly allows for the extension, automation, and application of more advanced techniques. First of all, pipelines
could be defined for different machine-learning classes (not only supervised) and purposes (not only prediction). Moreover, once
basic templates are defined, adapting pipelines to specific zones or predictive targets could take advantage of transfer-learning
techniques. Adding a drift-detection capability would allow the models to signal changes in performance, and advanced
techniques would then automatically create epidemiological, machine-related, statistical, or other features. Finally, the approach
could apply to other connected environments that use complementary Business Intelligence, Knowledge Management, or activity
and asset management data ecosystems, to reinforce a synergy-based regulatory-market strategy.

8.1. Advanced Adaptive Techniques
Aiming to fill current gaps in Azure-based dynamic decision-making for agriculture, the presented approach lays a solid
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foundation for future research. Directions include exploiting advanced procedures for model adaptation, augmenting data-driven
analytics, introducing increased automation into the pipelines, and enabling knowledge transfer across agri-tech enterprises.
Replicability and broad applicability of the method define an additional line for future exploration.

A more intelligent data-parsing layer would allow the pipelines to hop from one configuration to another—without human
intervention—as soon as any component reached a switching condition. Advanced model-adaptive techniques could also be
conceived. Enabling ensemble learning across different models would avoid unlearning when data drift occurred and data from
different regions across a similar temporal range were available for training. Meanwhile, open-source algorithms for quantifying
uncertainty in regressors and classifiers, and monitoring the associated signals, could be incorporated into the Azure architecture
to exploit this information via a covariance matrix or in subsequent models.

Transfer learning capabilities could be developed to switch a model in a pipeline for another model trained in a similar context
but with a much longer training history, making it possible for the model to adapt rapidly. Expanding the data-storing strategy to
accept more high-boarding data streams analyzed for other purposes in the same region is also desirable. Such cross-domain data
ecosystems have the potential to expand the contribution of machine learning in prediction and decision-support inquiries and
problems from the probabilistic perspective.

8.2. Cross-Domain Generalization

The Azure Pipelines for Adaptive Predictive Analytics can be further extended and adapted to serve the prediction demands of
additional domains of the AgriTech sector and potentially other application areas, such as supply chain management. Demand
prediction in the food sector, predicted yields for various grains worldwide, prediction of wheat and rice prices in different
regions, detection of disease and pest outbreaks for different crops, plant health assessment, prediction of erratic weather patterns,
and crop insurance-related use cases all depend on similar prediction models. Crop insurance prediction is particularly interesting
because the prediction can directly help in policy formulation. Actual demand and supply play important roles in predicting these
types of events and decisions. Data from multiple sources can be collected for these events, and predictive models can be trained
and used through these pipelines. All these models are updated over different periods, which can be handled using the discussed
architecture.

With a few adaptations and refinements, the discussed pipelines can be generalized and adapted to work beyond the AgriTech
domain, especially in other technology-related areas such as supply chain management. The need for continuous updating of the
predictive model due to changing environments, repeated prediction for short periods (on a daily basis), and lack of reliable and
consistent models in the supply chain domain are key factors. Many products and services in the supply chain depend heavily on
the intelligent prediction of products and risk assessment. These pipelines can be used to create demand forecasts for various
products, detect the likelihood and impact of PANDEMIC/EPIDEMIC diseases, and predict the level of risk in product
deliveries, especially curative products. These four aspects can be examined in greater detail. Further, with enhanced efforts and
exploration, knowledge transfer and sharing from complementary areas and domains can be made possible.
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