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Abstract—Machine learning-driven predictive analytics has become a central enabling capability in smart agriculture because it converts
heterogeneous, high-frequency observations from Internet of Things (IoT) sensor networks into operational recommendations for irrigation,
fertilisation, disease control, yield management, and risk mitigation. Recent literature shows that the field has progressed from isolated
sensing deployments toward integrated cyber-physical systems that combine in-field sensors, edge devices, cloud platforms, and decision
support modules for precision interventions. At the same time, the transition from descriptive monitoring to predictive and prescriptive
intelligence remains constrained by data quality, infrastructure fragmentation, weak interoperability, and limited generalisation across
crops, geographies, and farm scales. This review synthesises recent developments in machine learning-enabled predictive analytics for smart
agriculture with particular emphasis on IoT sensor networks, smart sensing modalities, edge—cloud architectures, benchmark datasets,
algorithmic design, and deployment challenges. The article develops a taxonomy spanning sensing layers, prediction tasks, learning
paradigms, deployment architectures, and evaluation criteria, then critically examines supervised, ensemble, deep, temporal, federated, and
explainable learning approaches used for agricultural forecasting. It also discusses system architectures that integrate wireless sensor
networks, remote sensing streams, edge inference, and cloud orchestration, highlighting trade-offs among latency, energy consumption,
robustness, and scalability. Comparative analysis demonstrates that no single model family is universally optimal; performance depends
strongly on sensing fidelity, temporal granularity, environmental drift, and operational cost. The review further addresses applications in
irrigation scheduling, disease and pest surveillance, yield prediction, nutrient management, and climate resilience, and it situates these
applications within broader agrifood transformation efforts supported by international institutions such as FAO, which frames digital
agriculture and Al as instruments for more efficient, sustainable, and resilient agrifood systems. The article concludes by identifying research
opportunities in multimodal foundation models, causality-aware agronomic learning, privacy-preserving federation, trustworthy edge Al,
and inclusive data governance for smallholder-centred deployment.
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1. Introduction

Agriculture is undergoing a structural transition from experience-driven field management toward digitally mediated,
evidence-based intervention. This transition is not simply a matter of adding sensors to farms; rather, it reflects a deeper
reconfiguration in which crops, soils, microclimates, machinery, and management actions are represented as
continuously updated data streams. [oT sensor networks play a pivotal role in this reconfiguration because they provide
the temporal granularity necessary to observe dynamic field conditions, including soil moisture fluctuations, canopy
temperature changes, nutrient stress proxies, ambient humidity variation, and equipment states. Yet sensing alone has
limited value unless the collected data can be transformed into timely predictions regarding what will happen next and
what should be done in response. That transformation is increasingly achieved through machine learning-driven
predictive analytics, which maps raw and engineered features into future estimates of yield, disease onset, irrigation
demand, nutrient deficiency, evapotranspiration, or environmental stress [1][2].

The importance of this topic has intensified as agrifood systems confront converging pressures from climate instability,
water scarcity, labor constraints, input price volatility, and the need to improve productivity without exacerbating
ecological degradation. FAQO’s recent digital agriculture agenda explicitly positions Al and digital technologies as
catalysts for more efficient, sustainable, and resilient agrifood systems, linking farm-level intelligence with broader
food security and sustainability goals [12][13]. In parallel, recent systematic reviews indicate a rapid increase in research
output centered on smart sensing technologies, machine learning classifiers, and integrated IoT platforms for arable
crops and grasslands [2][8]. However, much of the literature remains fragmented: some studies focus narrowly on
sensing hardware, others on isolated prediction models, and others on application-specific prototypes. A review that
explicitly centers predictive analytics across the entire sensor-to-decision pipeline is therefore needed.

The present article responds to that need by treating smart agriculture as a cyber-physical prediction problem. It
examines how heterogeneous sensor measurements are acquired, transmitted, fused, modeled, interpreted, and
operationalized within agricultural decision support systems. The review does not assume that higher model complexity
automatically produces better agricultural outcomes. Instead, it asks a more consequential question: under what
agronomic, infrastructural, and computational conditions do machine learning methods create decision value that
justifies deployment complexity? This question is especially relevant because agricultural environments are
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characterized by noisy measurements, nonstationary weather regimes, spatial heterogeneity, management-induced
confounding, and sparse labeled events. These properties distinguish agricultural predictive analytics from canonical
machine learning benchmarks and explain why impressive experimental metrics often fail to translate into dependable
field performance [1][2].

Accordingly, this review makes five contributions. First, it synthesizes recent developments from 2021-2026 around
smart sensing and ML-enabled prediction in agriculture, drawing on recent review literature and institutional digital
agriculture frameworks [1][2][12]. Second, it proposes a taxonomy that organizes the field according to sensing
modality, prediction target, learning paradigm, and deployment layer. Third, it critically compares model families and
architecture patterns rather than merely cataloging them. Fourth, it discusses real-world implementation tools, datasets,
and edge deployment frameworks that shape reproducibility and scalability. Fifth, it identifies unresolved issues at the
intersection of accuracy, trustworthiness, interoperability, data sovereignty, and smallholder inclusion. The remainder
of the paper proceeds from foundational concepts to system architecture, applications, evaluation, and future directions,
thereby mirroring the logic of a review article intended for publication-oriented scholarly readership.

Transitioning from this introductory framing, the next section establishes the conceptual and practical background that
has made predictive analytics indispensable to contemporary smart agriculture.

2. Background and Motivation

The conceptual foundation of smart agriculture lies in the convergence of precision agriculture, wireless sensor
networks, remote sensing, embedded systems, and Al-assisted decision support. Precision agriculture historically sought
to optimize spatially variable management by tailoring inputs to local field conditions. Earlier implementations relied
heavily on geographic information systems, farm machinery telemetry, and occasional sampling. What distinguishes
the present phase is the ability to observe and infer field states continuously through distributed sensor networks
combined with data-adaptive predictive models. The literature surveyed in recent reviews shows that the current
ecosystem includes soil sensors, weather stations, optical cameras, acoustic sensors, electromagnetic probes, and
increasingly UAV or satellite feeds that are integrated with machine learning algorithms such as support vector
machines, random forests, convolutional neural networks, and hybrid ensembles [2][8]. These systems move beyond
retrospective measurement by estimating latent agronomic variables and forecasting decision-relevant events.

The motivation for predictive analytics in agriculture is fundamentally economic, environmental, and operational.
Irrigation scheduling based on fixed calendars frequently over-applies water because it ignores spatial variability in soil
water retention and crop uptake. Nutrient application based on blanket recommendations overlooks temporal changes
in plant demand and can increase runoff risk. Disease control based on visual detection often begins too late because
symptoms emerge after the underlying infection has advanced. Predictive analytics addresses these shortcomings by
estimating near-future states before they become agronomically or economically irreversible. For example, machine
learning models can infer irrigation demand from soil moisture, temperature, humidity, and weather forecasts; predict
disease likelihood from microclimate signatures and image cues; or estimate yield trajectories from sequential
environmental measurements. Recent review evidence confirms that Al-integrated sensing technologies are increasingly
applied to irrigation, fertilization, and pest management, precisely because they support earlier, more targeted
intervention [2][8].

A second motivational layer arises from the changing structure of agrifood risk. FAO emphasizes that digital agriculture
is integral to transforming agrifood systems under climate shocks, resource constraints, and widening digital inequities
[12][13]. Agricultural systems are not merely variable; they are increasingly volatile. Heat stress episodes, rainfall
irregularity, salinity progression, pest migration, and compound weather events can invalidate historical management
heuristics. Under such conditions, farms require adaptive forecasting systems that can incorporate streaming
observations and update decisions under uncertainty. Predictive analytics thus becomes not only a productivity tool but
also a resilience mechanism. This is particularly significant for water-limited regions, peri-urban agriculture, and
smallholder systems where a mistimed intervention can have disproportionately large consequences.

The background literature also reveals why adoption remains uneven despite technological promise. Infrastructure costs

remain high, interoperability is limited, and connectivity in rural areas remains unreliable. The 2025 systematic review
in Sensors highlights high infrastructure costs, limited interoperability, connectivity constraints, and ethical concerns
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over transparency and data privacy as persistent barriers to implementation [2][8]. These barriers are not peripheral—
they shape model design itself. A farm with unstable connectivity may require edge inference rather than cloud-heavy
analytics. A cooperative with multiple device vendors may need standards-based middleware and semantic
interoperability. A resource-constrained deployment may prioritize low-power models with acceptable rather than
maximal accuracy. In other words, motivation for research in this field extends beyond algorithmic improvement toward
full-stack optimization under agronomic and infrastructural constraints.

Recent innovation trajectories reinforce this background. Edge Al is increasingly proposed for local inference to reduce
latency and dependence on persistent connectivity, while blockchain and decentralized governance models are explored
to address trust and data-sharing concerns [2][8]. In parallel, comparative TinyML studies suggest that deployment
platforms such as Edge Impulse can offer simpler workflows and lower memory footprints, while TensorFlow-based
pipelines may retain greater flexibility and model customization for advanced applications [17]. Such findings indicate
that the field is moving from proof-of-concept experimentation toward engineering questions about deployability,
maintainability, and accountability. This evolution sets the stage for a structured taxonomy, presented next, that can
clarify how different sensing and predictive design choices fit within the broader landscape.

3. Taxonomy / Classification

A rigorous review of machine learning-driven predictive analytics for smart agriculture requires a taxonomy that reflects
the multilayered nature of the problem. Existing reviews frequently classify systems by application domain—irrigation,
disease detection, or yield prediction—but this is insufficient because similar prediction tasks can be implemented
through radically different sensing and computing pathways. A more useful taxonomy recognizes five orthogonal
dimensions: sensing modality, network and communication layer, prediction target, learning paradigm, and deployment
topology. These dimensions together explain not only what a system predicts but also how it acquires evidence, where
computation occurs, and what operational constraints govern performance [1][2].

The first axis concerns sensing modality. Recent smart agriculture reviews identify soil sensors, optical sensors, acoustic
sensors, and electromagnetic sensing as major categories, often complemented by weather stations and remote imaging
[2][8]. Soil sensing captures variables such as volumetric water content, electrical conductivity, pH, and temperature,
which are central to irrigation and nutrient management. Optical sensing includes RGB, multispectral, hyperspectral,
and thermal streams that reveal canopy vigor, disease symptoms, and stress patterns. Acoustic sensing can support pest
and livestock monitoring, while electromagnetic sensing contributes to soil property estimation and machinery-state
inference. In practice, high-value predictive systems are increasingly multimodal because agronomic phenomena are
rarely identifiable from one modality alone. For example, disease pressure may depend jointly on leaf wetness,
temperature, humidity, and spectral changes, while irrigation demand depends on soil, atmosphere, and phenological
stage.

The second axis addresses network architecture and communication constraints. IoT sensor networks in agriculture
typically comprise low-power field nodes, gateway devices, and one or more upstream platforms for analytics and
storage. Communication stacks may rely on short-range mesh protocols, LPWAN approaches, cellular backhaul, or
hybrid topologies. From a classification standpoint, the crucial distinction is whether the network is designed primarily
for periodic telemetry, event-driven alerting, or closed-loop actuation. Periodic telemetry supports trend analysis but
may miss abrupt threshold crossings unless sampling frequency is high. Event-driven networks improve energy
efficiency but require reliable local triggers. Closed-loop actuation introduces stronger real-time and safety constraints
because prediction outputs may directly control valves, sprayers, or fertigation systems. The chosen communication
model therefore shapes not only energy consumption but also the feasible class of predictive algorithms.

The third axis concerns prediction target. Predictive analytics in smart agriculture can be grouped into state estimation,
event detection, forecasting, recommendation, and anomaly diagnostics. State estimation seeks latent or indirectly
measured variables, such as evapotranspiration, leaf area index, or soil nutrient status. Event detection addresses
occurrences such as disease outbreaks, pest infestation, frost risk, or equipment failure. Forecasting projects future
quantities such as irrigation requirement, biomass accumulation, yield, or marketable quality. Recommendation systems
translate predictions into actions, for example by selecting irrigation volume or crop type. Anomaly diagnostics focus
on identifying sensor faults, unusual environmental patterns, or deviations from expected crop trajectories. This
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categorization is analytically valuable because different targets imply different labeling requirements, temporal
horizons, loss functions, and tolerance for uncertainty.

The fourth axis is the learning paradigm. Supervised learning remains dominant, with commonly cited models including
support vector machines, random forests, CNNs, and ensemble methods [2][8]. However, agricultural data increasingly
motivate broader paradigms: deep temporal models for sequential forecasting, transfer learning for cross-location
adaptation, semi-supervised learning for scarce labels, federated learning for distributed ownership, and explainable
models for regulatory and agronomic trust. The field can therefore be classified into conventional shallow learners, deep
representation learners, sequential learners, hybrid physics-informed learners, and distributed/privacy-preserving
learners. Each class has distinct strengths. Tree ensembles are often robust on tabular sensor data with limited
preprocessing, whereas recurrent or transformer-like architectures can exploit temporal dependence when sufficient
data and compute are available. Physics-informed or hybrid models are attractive where agronomic process knowledge
can regularize data-driven learning.

The fifth axis is deployment topology: cloud-centric, edge-centric, and hierarchical edge—cloud systems. Cloud-centric
systems support high-capacity training and historical analysis but may suffer from latency and connectivity dependence.
Edge-centric systems prioritize local inference, continuity under network disruption, and reduced bandwidth demand,
often at the cost of model complexity. Hierarchical systems attempt to balance both by assigning feature extraction or
first-level inference to edge nodes while reserving retraining, fusion, and long-horizon optimization for the cloud.
Recent reviews explicitly identify edge computing as an important direction for optimizing decision support in smart
farming [1][2]. This deployment axis should be viewed as integral to taxonomy rather than a later engineering detail,
because deployment topology constrains feasible learning strategies and shapes evaluation metrics such as energy per
inference and end-to-end alert latency.

Table 1. Taxonomy of ML-driven predictive analytics in smart agriculture

Taxonomy Main classes Typical data sources Representative Design
dimension prediction tasks implications
Sensing Soil, optical, Moisture probes, Irrigation needs, Determines feature
modality acoustic, RGB/multispectral disease detection, richness,
electromagnetic, cameras, microphones, nutrient status, pest calibration burden,
weather, multimodal EC sensors, weather activity and fusion
stations complexity [2][8]
Network Periodic telemetry, WSN nodes, Monitoring, alerts, Shapes latency,
model event-driven, closed- gateways, actuator autonomous reliability, and
loop actuation controllers irrigation power budget
Prediction State estimation, Time series, images, Yield prediction, Influences labels,
target event detection, metadata frost warning, crop loss functions, and
forecasting, recommendation, validation horizon
recommendation, sensor fault
anomaly diagnosis detection
Learning Supervised, Tabular, image, Disease Governs
paradigm ensemble, deep, sequence, multimodal classification, interpretability,
temporal, hybrid, demand forecasting, compute demand,
federated, adaptive control and generalization
explainable
Deployment Cloud, edge, edge— Embedded devices, On-device alerts, Controls inference
topology cloud hierarchy mobile gateways, cloud analytics, latency,
cloud platforms hybrid orchestration connectivity
dependence, and
scalability [1][17]
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This taxonomy clarifies the design space and provides a scaffold for the methodological analysis that follows. Building
on this classification, the next section examines the core concepts and learning principles that convert sensor streams
into predictive intelligence.

4. Core Concepts and Methodologies

At the heart of smart agricultural predictive analytics lies a sequence of transformations that begins with raw physical
measurements and ends with actionable inference. This sequence includes sensing, signal conditioning, data fusion,
feature construction, model training, uncertainty estimation, decision translation, and feedback-based updating.
Although published systems often emphasize the machine learning component, predictive performance depends equally
on how well these preceding and succeeding stages are designed. Agriculture presents distinctive methodological
challenges: temporal nonstationary due to seasonal transitions, spatial heterogeneity across plots, latent confounding
from management decisions, and sparse labels for rare events such as disease outbreaks or irrigation failure.
Consequently, the methodological core of the field cannot be reduced to choosing between random forests and deep
networks; it involves constructing learning systems that remain agronomically meaningful under noisy, drifting, and
partially observed conditions [1][2].

Data preprocessing is the first methodological bottleneck. IoT agricultural data are vulnerable to missing values, sensor
drift, asynchronous sampling, power interruptions, and calibration mismatch. Soil moisture probes may show depth-
dependent lag, weather stations may exhibit local shielding artifacts, and low-cost nutrient proxies may be insufficiently
stable for direct modeling. For predictive analytics, poor preprocessing can be more damaging than modest algorithmic
choices because downstream models often interpret instrumentation artifacts as ecological signals. Effective pipelines
therefore include timestamp alignment, outlier screening, imputation, smoothing where justified, and quality flags for
confidence-aware learning. Multimodal systems further require spatial and temporal registration between in situ sensors
and image or remote-sensing data. The literature’s growing emphasis on data heterogeneity and sensor reliability
confirms that preprocessing is not a peripheral concern but a central determinant of model validity [1][2].

Feature representation constitutes the second methodological pivot. For tabular sensor streams, common features
include rolling statistics, cumulative deficits, diurnal amplitude measures, vapor pressure deficit surrogates, and
agronomic indices derived from temperature or moisture trajectories. For optical streams, feature learning may rely on
handcrafted vegetation indices or learned representations from CNN backbones. Temporal prediction tasks often benefit
from lagged windows and sequence embeddings that capture persistence, seasonality, and disturbance responses. When
physical process knowledge is available, hybrid features can be engineered to reflect evapotranspiration approximations,
growing degree days, or stress accumulation. Such features can improve sample efficiency and interpretability,
especially in moderate-sized agricultural datasets where fully end-to-end deep learning may overfit.

Model selection in this domain should be understood through the bias—variance—cost trade-off rather than a simplistic
shallow-versus-deep dichotomy. Tree ensembles, including random forests and gradient boosting variants, remain
strong baselines for structured agricultural data because they tolerate nonlinearities, interactions, and modest
missingness while requiring limited tuning. Support vector machines have been widely used for classification tasks
under controlled feature spaces, especially in disease and stress detection contexts [2][8]. Deep learning, particularly
CNN:gs, is especially effective for image-based phenotyping and disease recognition, while recurrent and attention-based
models are increasingly used for multistep forecasting from sensor time series. Ensemble strategies often yield superior
robustness by combining heterogeneous learners or integrating model outputs across modalities. However, higher
predictive accuracy on benchmark splits may not translate into field utility if model latency, power consumption,
calibration dependence, or retraining burden exceed operational constraints.

The predictive core is often formalized as a mapping from multimodal observations to a target variable. For a supervised
learning system, this can be written as

Vean = fo(X1:0, 2, M)

where X;.; denotes the historical sensor sequence up to time t, Z; denotes contemporaneous contextual inputs such as
weather forecasts or remote imagery, m denotes static metadata such as soil class or cultivar, and ¥, is the prediction
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at horizon h. In irrigation forecasting, ¥, may represent the required irrigation volume; in disease warning, it may be
the probability of outbreak within a forecast window. Training typically minimizes an empirical loss,

1 N
L£O) =3 ) £ fo(xi,7,me)) +20(0)
i=1

where ¥ is task-specific and (0) regularizes model complexity. In agricultural settings, the challenge is that the training
distribution often shifts over time and across sites, so fg must generalize under covariate drift rather than only interpolate
within a fixed benchmark.

A final methodological theme concerns explainability and uncertainty. Farm decisions are seldom made by fully
autonomous systems; they are mediated by agronomists, extension workers, or growers whose trust depends on
interpretable rationales and calibrated confidence. Recent review literature identifies transparency and data privacy as
emerging concerns in Al-enabled agriculture [2][8]. This makes explainability more than a convenience. Feature
attribution, counterfactual reasoning, and uncertainty intervals can help distinguish robust recommendations from
fragile outputs driven by noisy sensor readings or out-of-distribution conditions. Methods that combine predictive
competence with trustworthy explanation are therefore especially valuable in this sector. With these methodological
foundations established, the analysis now turns to the system architectures and algorithms that instantiate them in
practical smart agriculture deployments.

5. System Architecture / Algorithms

The system architecture of machine learning-driven smart agriculture is best understood as a layered pipeline in which
sensing, communication, computation, and actuation are co-designed. A representative architecture begins with field-
layer sensors that monitor soil, weather, crop canopy, and equipment state. These sensors feed into local acquisition
nodes, which may perform basic filtering, compression, or threshold-based event detection. Data then move through
wireless links to a gateway or edge node where first-stage analytics—such as quality control, feature generation,
anomaly filtering, or lightweight inference—can be executed. Higher-capacity cloud services subsequently handle
historical storage, model retraining, multimodal fusion, dashboarding, and strategic optimization. Outputs return
through advisory interfaces or actuator commands for irrigation, fertigation, or greenhouse control. Recent review work
explicitly notes the growing integration of edge computing with cloud-based architectures to optimize real-time data
processing and decision support in precision agriculture [1][2].

This layered architecture is not merely a convenience; it reflects fundamental agricultural constraints. Fields are
geographically distributed, communications can be intermittent, and many interventions are time sensitive. A frost alert
delivered after cloud synchronization has little agronomic value. Similarly, a disease-warning system that depends on
continuous broadband connectivity may fail in precisely the rural settings where it is most needed. For these reasons,
architectural decisions often revolve around where to place inference. Edge-centric systems support local
responsiveness and resilience to network disruption but impose strict memory and energy limits. Cloud-centric systems
support more complex models and fleet-level coordination but increase latency and dependence on connectivity.
Hierarchical edge—cloud systems attempt to partition tasks: local nodes perform immediate inference or actuation, while
cloud services retrain models, reconcile farm-wide histories, and support long-range planning.

From an algorithmic standpoint, the architecture supports several recurring pipelines. In the simplest form, a regression
model estimates a continuous target such as soil moisture one day ahead or expected irrigation volume. Classification
pipelines estimate discrete outcomes such as disease presence or stress class. Multistep forecasters predict trajectories
across future horizons, enabling scheduling rather than reactive alerts. More sophisticated architectures incorporate data
fusion, combining local sensor streams with weather forecasts, satellite observations, or historical management logs.
Ensemble algorithms are particularly attractive in this setting because they can aggregate tabular, image, and temporal
predictors. The literature reviewed in 2025 and 2026 repeatedly highlights SVMs, CNNs, random forests, and ensemble
learners as common choices in agricultural Al pipelines [1][2][8].

Edge deployment introduces an additional algorithmic layer: model compression and resource-aware inference.
TinyML-oriented work in agriculture has shown practical interest in deploying CNN-based disease detection and related
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predictive workloads on microcontroller-class devices. A 2024 comparative study reports that Edge Impulse offered
advantages in ease of use, reliability, and memory footprint, whereas TensorFlow offered higher flexibility, more
customization, and in some cases better accuracy for crop disease detection workflows [17]. This comparison
underscores that algorithm design in smart agriculture increasingly includes quantization, pruning, architecture search,
and feature distillation. The best model is not always the most accurate one in isolation; it is often the model that meets
a multi-objective criterion over accuracy, latency, memory, energy, and maintainability.

A general optimization objective for architecture-aware deployment can be expressed as

0" = arg %1518 O‘*Cpred (6) + BCiac(®) + Yceng(e) + 8Cmem (0)

where L4 denotes predictive loss, while Ciat, Ceng, and Cmem denote latency, energy, and memory costs, respectively.
The weighting coefficients vary by deployment setting: autonomous irrigation nodes may heavily weight latency and
energy, whereas research cloud platforms may prioritize predictive loss and extensibility. This multi-objective
perspective is essential because agricultural systems are implemented in environments where computational budgets
and operational reliability are inseparable from agronomic value.

Transitioning from architecture to evidence, the following section compares model families and deployment choices in
terms of predictive quality, scalability, interpretability, and implementation trade-offs.

6. Comparative Analysis

Comparative evaluation in ML-enabled smart agriculture must move beyond raw accuracy because agricultural decision
systems operate under heterogeneous constraints that make single-metric rankings misleading. A random forest may
outperform a deep temporal network on a moderate-sized irrigation dataset due to better inductive bias and lower
variance, yet the reverse may hold when long multiseason sequences and rich weather forecasts are available. Similarly,
a cloud-based multimodal CNN may achieve stronger disease classification performance than an edge-optimized
compact model, but the latter may be operationally superior if it supports offline inference in connectivity-poor
environments. Recent reviews underscore this heterogeneity by presenting comparative assessments across accuracy,
scalability, and computational efficiency rather than promoting a universal best method [1][2].

At the level of algorithm families, tree-based ensembles retain a strong position in tabular sensor analytics. Their
advantages include resilience to nonlinear feature interactions, limited preprocessing requirements, and relative
interpretability through variable importance and partial dependence analyses. These properties are valuable for irrigation
scheduling, nutrient estimation, and yield regression where datasets often combine environmental time aggregates with
static covariates such as soil type or cultivar. Support vector machines, although less dominant than in earlier literature,
continue to be used effectively for structured classification under moderate feature spaces, especially when the sample
size is not large enough to justify deep models [2][8]. Their main limitations are scaling difficulty and reduced
transparency in complex kernels.

Deep learning exhibits its clearest advantages in perception-heavy tasks. CNNs excel in disease and stress recognition
from leaf or canopy imagery because they learn hierarchical spatial features that handcrafted indices cannot match when
symptoms are subtle or confounded by lighting and background variation. Sequential deep models are increasingly used
for sensor forecasting, where temporal dependence and nonlinear interactions matter. However, these strengths come
with notable costs: training instability under small datasets, greater hyperparameter sensitivity, increased energy
demand, and a heavier burden for edge deployment. The literature’s growing interest in edge Al reflects recognition
that raw deep-learning capacity must be reconciled with embedded constraints [1][2][17].

Hybrid and ensemble methods often offer the best practical balance because they can combine strengths across model
classes and data modalities. For example, a disease prediction system may fuse microclimate-based risk estimation with
CNN-derived image confidence. A yield forecasting system may combine a temporal sequence model with a tree-based
model over seasonal aggregates and management variables. These architectures are particularly valuable in agriculture
because different data streams have different failure modes: sensors drift, images suffer from illumination variability,
and weather forecasts carry exogenous uncertainty. Ensemble approaches can reduce dependence on any one modality
and improve robustness under real field conditions.
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Table 2. Comparative characteristics of major model families in smart agriculture

margin control

Model family Strengths Limitations Suitable tasks Deployment
suitability
Linear/statistical High interpretability, Weak nonlinear Baseline Strong for edge
models low compute, easy modeling, limited forecasting, trend and advisory
calibration multimodal estimation baselines
capacity
SVM Effective in Kernel tuning Disease/stress Moderate, better
moderate- burden, weaker classification with for offline or
dimensional scalability, limited engineered gateway inference
classification, good explainability features [2][8]

Random forest /

Strong on tabular

Can miss complex

Irrigation, yield,

Strong for cloud

ensemble trees data, robust to temporal structure, nutrient and risk or gateway
nonlinearities, limited model size may prediction deployment [2][8]
preprocessing grow
CNN / deep vision Powerful spatial Data hungry, Disease detection, Best for cloud or
models feature learning, compute intensive, phenotyping, optimized edge
excellent for imagery less transparent stress mapping accelerators
[2]17]
Temporal deep Capture sequence Require larger Demand Moderate to
models dependence and Mult labeled sequences, forecasting, yield strong in edge—
horizon dynamics tuning complexity trajectory cloud hierarchies
prediction
Hybrid / ensemble Better robustness, Integration Multimodal Strong if
multimodal exploit complexity, higher disease warning, infrastructure
models complementary maintenance resilient supports
evidence forecasting orchestration
[112]

Comparative analysis should also distinguish between predictive and decision performance. A model with lower root
mean squared error may not produce better agronomic outcomes if errors occur near decision thresholds or during rare
but critical events. In irrigation management, for instance, underprediction during heat stress can be more damaging
than symmetric average error suggests. In disease surveillance, false negatives may carry much higher cost than false
positives. Therefore, comparative studies should report calibrated probabilities, threshold sensitivity, event-based
metrics, and downstream utility measures such as water saved per hectare or yield preserved under intervention. The
field has not yet standardized such utility-centric evaluation, which remains a major gap. This observation naturally
leads into the next section, where the practical application domains of these predictive systems are examined in greater
detail.

7. Applications

The most visible application of machine learning-driven predictive analytics in smart agriculture is irrigation
management, where IoT sensor networks provide the substrate for water-efficient decision making. Soil moisture
probes, canopy temperature indicators, ambient humidity sensors, and localized weather stations generate time-varying
evidence about water availability and crop demand. Predictive models then estimate irrigation timing and volume,
replacing calendar-based practices with adaptive scheduling. This application has attracted sustained attention because
it directly links sensor-driven prediction with measurable benefits in water savings, energy reduction, and yield
stabilization. Recent reviews confirm that Al-integrated sensing systems are widely deployed for irrigation optimization,
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often using random forests, SVMs, or related learners over environmental and soil features [2][8]. In water-stressed
regions, the strategic significance of such systems is amplified by climate variability and the need to reconcile
productivity with sustainability.

Disease and pest surveillance constitute a second major application area. Here, predictive analytics is valuable not only
for recognizing visible symptoms but also for estimating outbreak risk before severe manifestation. Image-based disease
classifiers using CNNs are often combined with microclimate features such as humidity, leaf wetness, and temperature,
since pathogen emergence depends on both phenotypic expression and environmental favorability. Acoustic and optical
sensing are increasingly considered for pest detection in controlled or semi-controlled environments, while remote
sensing can extend surveillance over larger fields. The 2025 Sensors review identifies optical, acoustic, electromagnetic,
and soil sensors as prominent smart sensing technologies and notes frequent use of Al models such as CNNs, SVMs,
and random forests for pest and crop management tasks [2][8]. From an application standpoint, the key advantage is
temporal: systems can issue early warnings, enable targeted intervention and potentially reducing blanket pesticide
application.

Yield prediction and crop recommendation represent a third application cluster that connects farm-level prediction to
planning and market strategy. Yield models typically integrate sequential environmental data with static attributes such
as soil properties and crop variety, sometimes augmented by remote sensing or management records. Their outputs are
useful not only at harvest planning stage but throughout the season for estimating risk and adjusting interventions. Crop
recommendation systems, often trained on soil and climate variables, attempt to predict suitable crops under prevailing
conditions. Public benchmark-style datasets such as Kaggle’s crop recommendation datasets have become common
educational and prototyping resources in this space, using variables like soil nutrients, temperature, humidity, pH, and
rainfall to classify crop suitability [14][19]. Although these datasets are useful for baseline modeling, their simplified
structure often understates real-world uncertainty, management confounding, and site-specific agronomic constraints.

Nutrient management, greenhouse automation, and anomaly detection form additional application areas where
predictive analytics increasingly matters. Nutrient prediction systems infer deficiency or fertilization demand from soil
and plant observations, aiming to reduce over-application and environmental loss. Greenhouse settings, because they
offer denser instrumentation and more controllable environments, are especially suited to closed-loop predictive control
involving temperature, humidity, and irrigation actuators. Anomaly detection is important for identifying failing sensors,
unusual environmental deviations, or infrastructure malfunctions before they corrupt decision making. Across all these
applications, the central theme is the same: predictive analytics derives value when it converts sensor streams into time-
sensitive, resource-aware action. The cumulative evidence from recent reviews and institutional roadmaps suggests that
these applications are part of a broader digital transformation agenda rather than isolated engineering experiments

[1][2][12].

Having outlined the primary application domains, the discussion next narrows to a representative case study that
demonstrates how an end-to-end predictive pipeline can be conceptualized for publication-grade analysis.

8. Case Study

To ground the preceding discussion, this section presents a representative case study of machine learning-driven
predictive irrigation for open-field cultivation using an IoT sensor network. The case study is synthetic in the sense that
it abstracts from multiple documented architecture patterns and benchmark variables reported across recent reviews and
public datasets, but it remains realistic in technical design and evaluative logic [1][2][14]. The target problem is to
forecast next-day irrigation requirement for a field divided into several management zones. Each zone contains soil
moisture probes at multiple depths, a local temperature and humidity module, and access to short-term weather forecasts
through a gateway. Optional satellite or UAV imagery can supplement the in-situ data at lower temporal frequency. The
objective is not merely to predict water demand accurately, but to reduce water use while preserving agronomic safety
margins.

The input representation combines temporal and static variables. Let st(z) denote the multivariate sensor vector for zone
z at time t, including soil moisture at different depths, soil temperature, ambient temperature, relative humidity, and

rainfall accumulation. Let Wy..,;, denote exogenous forecast variables and q® denote static soil and crop metadata. The

@)

model predicts irrigation demand 0,

for the next control interval. A practical architecture uses a two-stage learner: a
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temporal model estimates zone-level water stress from recent sequences, while a tree-based ensemble refines irrigation
volume using static metadata and forecast context. This hybrid design is attractive because it exploits sequence
information without sacrificing the robustness of ensemble trees on structured covariates.

The deployment pipeline proceeds as follows. Edge nodes perform local filtering and detect missing or implausible
readings. A gateway aggregates zone-level sequences, enriches them with weather forecast data, and executes
lightweight inference. If connectivity is available, data are synchronized to a cloud platform where periodic retraining
occurs using historical outcomes and intervention logs. The recommendation engine outputs irrigation volume and
confidence. Where confidence is low, the system can defer to conservative irrigation rules or request operator
confirmation. This confidence-aware control is essential because environmental drift, sensor malfunction, or unusual
crop stages can destabilize purely data-driven recommendations. Such an architecture aligns with recent review
emphasis on edge—cloud integration for smart farming decision support [1][2].

A publication-grade evaluation of this case study would examine both predictive and agronomic endpoints. Predictive
metrics would include RMSE, mean absolute error, and calibration over low- and high-demand regimes. Agronomic
metrics would include water applied per hectare, incidence of stress threshold violations, and seasonal yield retention
relative to expert scheduling. An illustrative analysis may reveal that a hybrid model reduces error compared with a
purely linear baseline while also lowering unnecessary irrigation events because it better incorporates nonlinear
interactions among soil depth profiles, humidity, and incoming weather. However, the most informative result would
likely concern failure modes: prediction reliability degrades when probes drift, when weather forecasts are poor, or
when models trained in one soil regime are transferred unadopted to another. This case study therefore captures a central
lesson of the field: successful smart agriculture systems depend less on isolated model accuracy than on robust end-to-
end design under real operational variability.

The transition from case study to practice raises a natural question regarding the concrete tools and software ecosystems
used to implement such systems at scale. That question is addressed next.

9. Tools, Technologies and Implementation

Implementation of predictive analytics for smart agriculture requires a heterogeneous technology stack spanning
hardware, communication middleware, data platforms, machine learning frameworks, and deployment tools. At the
sensing layer, field installations typically combine soil moisture probes, temperature and humidity modules, electrical
conductivity or pH sensors, cameras, and weather stations. The exact hardware mix depends on crop type and target
application, but the recent review literature consistently reports strong uptake of optical, acoustic, electromagnetic, and
soil sensing technologies in arable agriculture and grassland monitoring [2][8]. This diversity in sensing implies that
implementation is as much a systems integration task as an algorithmic one.

At the analytics layer, common software ecosystems revolve around Python-based ML pipelines, cloud-hosted storage,
and dashboarding services. TensorFlow and PyTorch remain dominant for deep learning workflows, particularly for
image-based disease recognition and temporal sequence modeling. Classical machine learning tasks on structured sensor
data are frequently implemented using libraries such as scikit-learn, which provide robust baselines for SVMs, random
forests, and ensemble models. For edge deployment, especially under microcontroller or low-power constraints, tools
such as TensorFlow Lite and Edge Impulse are increasingly relevant. The 2024 TinyML comparison study in smart
agriculture found that Edge Impulse offered a favorable ease-of-use and memory footprint profile, whereas TensorFlow
retained greater flexibility and stronger customization potential [17]. This finding is important because implementation
choice directly shapes who can deploy systems: a research lab, an agritech startup, an extension service, or a resource-
limited local innovation hub.

Datasets form another implementation pillar. Despite the growing number of prototypes, the field still lacks sufficiently
standardized, multimodal, longitudinal benchmark datasets that cover diverse climates, soils, and management regimes.
Public crop recommendation datasets on Kaggle, using attributes such as N, P, K, temperature, humidity, pH, and
rainfall, are common in model demonstrations and educational implementations [14][19]. Yet such datasets are often
static, sanitized, and weakly representative of real sensor network behavior. They remain useful for algorithm
familiarization but are inadequate substitutes for real deployment datasets with missingness, calibration noise,
intervention feedback loops, and temporal drift. This gap explains why reproducibility in agricultural ML often remains
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superficial: many studies compare algorithms on simplified datasets while leaving the hardest engineering and curation
challenges underreported.

Implementation also requires governance and ecosystem support. FAO’s current digital agriculture agenda emphasizes
capacity development, policy and governance frameworks, evidence generation, and innovation ecosystem building as
essential enablers for scaling digital solutions responsibly [12]. These priorities are directly relevant to implementation
because farms do not adopt models in isolation; they adopt them through extension channels, public programs, vendor
ecosystems, financing arrangements, and regulatory settings.

10. Performance Evaluation

Performance evaluation in smart agriculture has often lagged methodological sophistication. Many published studies
report conventional machine learning metrics but provide limited evidence that their systems remain reliable across
seasons, sites, or deployment conditions. Yet agricultural prediction is inherently nonstationary. Soil water dynamics
differ by texture, disease pressure shifts with microclimate and cultivar, and management interventions alter the data-
generating process itself. Consequently, evaluation must be designed to answer not only whether a model fits historical
data, but whether it generalizes across time, geography, and operational constraints. Recent reviews that compare model
accuracy, scalability, and computational efficiency implicitly recognize this broader evaluative requirement [1][2].

For regression tasks such as irrigation volume estimation or yield prediction, standard metrics include RMSE, MAE,
mean absolute percentage error, and coefficient of determination. For classification tasks such as disease detection,
common metrics include precision, recall, F1 score, specificity, and area under the ROC or precision—recall curve.
However, these metrics should be stratified by agronomic regime. A disease classifier that performs well on abundant
healthy images but poorly on early infection stages may appear strong in aggregate while being operationally weak.

Similarly, a regression model may show moderate overall MAE but perform poorly during heat extremes, when
predictive reliability matters most. Robust evaluation should therefore include regime-aware slices, event-based

analysis, and temporal back testing.

Table 3. Recommended evaluation dimensions for ML-IoT smart agriculture systems

Evaluation Typical metrics Why it matters
dimension
Predictive validity RMSE, MAE, F1, AUC, calibration error Measures statistical quality of forecasts
or classifications
Temporal Season-wise holdout, rolling-origin Tests resilience to drift and seasonality
generalization validation
Spatial Cross-field or cross-site validation Assesses robustness across
transferability heterogeneous environments
Operational Inference latency, bandwidth, memory, Critical for edge and rural deployments
efficiency energy per inference [1][17]
Agronomic utility Water saved, input reduction, yield Connects predictions to real farm value

retention, alert lead time

Robustness Performance under missing data, noise, Reflects real IoT operating conditions
sensor failure [1]12]

A more suitable framework distinguishes four levels of performance: predictive validity, operational efficiency,
agronomic utility, and system robustness. Predictive validity measures statistical fit. Operational efficiency covers
latency, bandwidth consumption, power use, and model memory footprint—particularly relevant for edge deployments.
Agronomic utility measures field outcomes such as water savings, input reduction, yield retention, or early warning lead
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time. System robustness assesses resilience to missing data, sensor drift, connectivity disruption, and cross-site transfer.
The importance of this multidimensional perspective is reinforced by review findings that stress sensor reliability,
computational complexity, and connectivity as practical determinants of system effectiveness [1][2].

These dimensions can be summarized in a utility-oriented objective such as
U=mA—-nE—m3L+n,R

where A denotes agronomic benefit, E energy or resource expenditure, L latency or deployment friction, and R
robustness under perturbation. Although simplified, this expression captures an essential principle: field value is a
composite outcome, not a single accuracy number. Published work in this area would be stronger if it reported not only
model metrics but also field-relevant utility improvements and ablation studies that isolate the contribution of sensing
modalities, feature groups, or architecture layers.

The field is beginning to recognize that evaluation protocols must align with deployment realities, but standardized
benchmarks remain underdeveloped. This evaluative gap leads naturally to the broader challenges and limitations that
continue to constrain progress.

11. Challenges and Limitations

Despite substantial progress, machine learning-driven predictive analytics for smart agriculture remains constrained by
a set of interdependent technical and organizational limitations. The first and perhaps most pervasive is data
heterogeneity. Agricultural data arise from sensors with different sampling frequencies, calibration states, noise
characteristics, and semantic conventions. These streams are then combined with weather forecasts, management logs,
remote imagery, and sometimes market or labor information. Recent reviews identify data heterogeneity and sensor
reliability as primary challenges in ML-IoT precision agriculture [1][2]. The issue is not merely inconvenient
preprocessing; heterogeneous data can distort training distributions, undermine transfer learning, and produce brittle
decision rules that fail under site-specific conditions.

A second challenge is generalization under environmental and managerial drift. Agricultural systems evolve over time
because crops grow, weather regimes shift, and farmers adapt practices in response to prior recommendations. This
means the target of prediction is partly endogenous: interventions alter the future states being predicted. Standard
supervised learning assumes a relatively stable relationship between inputs and outputs, but agriculture often violates
this assumption. Models trained on one season, variety, or irrigation regime may degrade rapidly when transferred
elsewhere. This explains why many apparently promising studies remain prototype bound. Without continual
adaptation, domain generalization, or causal structure, predictive analytics risks becoming a sequence of local models
with limited external validity.

Infrastructure limitations present a third major barrier. The Sensors systematic review emphasizes high infrastructure
costs, limited interoperability, and rural connectivity constraints [2][8]. These issues affect every layer of deployment.
Unreliable connectivity can prevent timely alerts. High-cost sensing architectures can exclude smaller farms. Vendor
fragmentation can trap users in proprietary silos, making integration difficult and long-term maintenance expensive.
Edge computing is often proposed as a solution, but edge deployment introduces its own constraints in memory,
compute, and update management. Consequently, scalability is not simply a matter of building larger datasets or deeper
models; it requires interoperable, maintainable, and cost-aware system design.

A fourth limitation concerns benchmarking and reproducibility. The field lacks sufficiently rich public datasets that
reflect real-world multimodal, multisession, and multisite variation. Public datasets like crop recommendation
benchmarks are useful for introductory modeling but seldom capture missing data patterns, sensor drift, or intervention
feedback [14][19]. As a result, many studies compare algorithms under simplified conditions that are weak proxies for
deployment reality. This creates a reproducibility paradox: results are reproducible on the benchmark but not on the
farm. Without open, high-quality, longitudinal datasets and transparent reporting of data curation, calibration, and
evaluation protocols, the literature will continue to overestimate readiness for large-scale adoption.
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Finally, there is a conceptual limitation: much of the field still frames success as prediction accuracy rather than decision
value. This framing can misdirect research toward marginal metric gains on narrow tasks while underemphasizing trust,
utility, and adoption pathways. The next section extends this critique by examining ethical and societal dimensions that
are increasingly central to responsible deployment.

12. Ethical and Societal Considerations

Ethical and societal considerations in smart agricultural analytics are no longer peripheral concerns; they are central to
whether digital agriculture contributes to equitable and sustainable transformation. FAO’s current framing of digital
agriculture explicitly emphasizes inclusive access, responsible Al governance, and the need to bridge digital, rural, and
gender divides in agrifood systems [12][13]. This is a critical starting point because predictive analytics, if deployed
without governance safeguards, can reinforce existing inequalities. Large farms with capital access are more likely to
benefit from high-resolution sensing, proprietary platforms, and custom analytics, while smallholders may face
exclusion due to cost, connectivity, or limited technical support. Thus, the ethical question is not only whether models
are accurate, but who can benefit from them and under what conditions.

Data ownership and sovereignty constitute one of the most pressing ethical issues. [oT sensor networks continuously
generate farm-level data about soil conditions, production strategies, and operational routines. When these data are
transmitted to external cloud platforms, questions arise regarding consent, reuse, commercialization, and bargaining
power. Farmers may supply the raw material that fuels model improvement while having limited visibility into how
data are aggregated, monetized, or shared. Recent review literature also highlights ethical concerns about transparency
and privacy in Al-enabled agriculture [2][8]. In response, some recent discourse has turned toward decentralized
governance models and blockchain-supported data management, not because blockchain is inherently necessary, but
because the underlying concern—verifiable control over agricultural data—is genuine.

Algorithmic transparency and accountability form another ethical dimension. Agricultural recommendations can
influence irrigation volume, pesticide timing, or crop selection, all of which have ecological and financial consequences.
A system that provides high confidence but poorly explained recommendations may shift decision authority away from
farmers without offering meaningful recourse when predictions fail. Explainable Al and calibrated uncertainty are
therefore ethical as well as technical necessities. They support informed consent in practice: users can understand
whether a prediction is based on stable agronomic signals or on weak extrapolation beyond the model’s experience.
This is particularly important when systems are deployed through public programs or agribusiness intermediaries that
may implicitly pressure farmers to conform to machine-generated advice.

Environmental ethics should also be considered. Predictive analytics is often promoted as a sustainability technology
because it can reduce water use, input waste, and unnecessary chemical application. These benefits are plausible and,
in many cases, well-motivated. Yet digital systems also have material footprints: device manufacturing, battery disposal,
communication infrastructure, and compute energy consumption. Moreover, an optimization-oriented system may
increase short-term efficiency while encouraging monocultural intensification if broader agroecological criteria are not
encoded in the objective function. Ethical evaluation must therefore extend beyond farm-level efficiency gains to
include long-term ecological effects, labor relations, and rural data governance. These issues naturally inform the future
research agenda, which must integrate technical innovation with institutional and ethical design.

13. Future Research Directions

Future research in machine learning-driven predictive analytics for smart agriculture is likely to proceed along several
converging trajectories, each addressing a limitation of current systems. The first direction concerns multimodal
foundation and transfer models specialized for agronomic environments. Current studies often develop narrow task-
specific models trained on one data type and one crop context. However, agriculture is intrinsically multimodal,
combining time series, images, weather forecasts, soil metadata, and intervention history. The next generation of models
should learn shared representations across these modalities while retaining the ability to adapt to local conditions with
limited labeled data. Such a direction would extend current work on CNNs, sensor forecasting, and hybrid fusion by
emphasizing cross-task transfer and low-data adaptation rather than isolated benchmark optimization [1][2].
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A second direction involves causality-aware and physics-informed learning. Purely predictive models can exploit
spurious correlations that fail under changed management or climate regimes. Integrating process knowledge—such as
crop water balance, disease ecology, or phenological progression—can improve robustness and interpretability. Hybrid
models that embed domain equations, constraints, or mechanistic latent variables may provide better extrapolation
across seasons and sites than unconstrained black-box learners. This line of work is especially important in agriculture
because interventions influence future observations, making naive pattern learning vulnerable to confounding.

A third direction centers on trustworthy distributed intelligence. The literature already identifies edge Al, decentralized
governance, and stronger data stewardship as emerging needs [2][12][17]. Future systems should support privacy-
preserving federation, on-device adaptation, and auditable model updates, allowing farms or cooperatives to benefit
from collective learning without surrendering raw data control. Advances in TinyML, efficient transformers, and
adaptive compression can make local inference more capable, but they must be paired with governance frameworks that
define who owns models, who benefits from updates, and how harms are addressed when predictions fail.

A fourth and crucial direction is the construction of realistic benchmarks and evaluation ecosystems. The field needs
open, longitudinal, multimodal datasets that capture missingness, calibration errors, intervention effects, and cross-site
heterogeneity. It also needs shared evaluation protocols that incorporate decision utility, robustness under perturbation,
and social inclusion criteria. FAO’s emphasis on evidence generation, innovation hubs, and capacity development
suggests that future progress will depend not only on better algorithms but also on institutional platforms that coordinate
experimentation and standard setting [12][13].

14. Conclusion

Machine learning-driven predictive analytics for smart agriculture using IoT sensor networks has evolved from a
promising research niche into a strategically important component of digital agrifood transformation. Recent literature
demonstrates clear momentum in smart sensing, Al-assisted irrigation, disease warning, and edge-enabled farm
intelligence, while also documenting persistent obstacles related to data heterogeneity, infrastructure fragmentation,
interoperability, and ethical governance [1][2][12]. The field’s central achievement is the shift from passive monitoring
to anticipatory decision support: sensor networks now do more than observe farms; when coupled with appropriate
models, they help forecast stress, allocate resources, and reduce delayed intervention.

At the same time, the review shows that the path to mature deployment is more demanding than rising accuracy scores
might suggest. No single model family dominates across all agricultural settings, because success depends on sensing
fidelity, temporal structure, compute budget, operational latency, and agronomic context. Edge—cloud co-design,
realistic evaluation, explainability, and data governance are therefore not secondary concerns but core determinants of
whether predictive analytics generates dependable value. The most consequential future advances will likely come from
systems that integrate multimodal learning, robust adaptation, trustworthy deployment, and inclusive institutional
design rather than from isolated algorithmic novelty.

In this sense, smart agricultural analytics should be understood as a full-stack scientific and engineering endeavor: it
links sensors, communication networks, machine learning, domain agronomy, governance frameworks, and human
decision processes into one socio-technical system. The maturity of the field will ultimately be measured not by the
sophistication of individual models alone, but by the extent to which these integrated systems become reliable,
explainable, scalable, and equitable instruments for sustainable agriculture.

15. References

1. S. et al., “A review on machine learning-based precision agriculture techniques for crop farming monitoring with IoT,” Discover
Environment, 2026, doi: 10.1007/s44274-025-00305-8.

2. T. Miller et al., “The IoT and Al in Agriculture: The Time Is Now—A Systematic Review of Smart Sensing Technologies,” Sensors, vol.
25, no. 12, p. 3583, 2025.

3. B. Nsoh et al., “Internet of Things-Based Automated Solutions Utilizing Machine Learning for Smart and Real-Time Irrigation
Management: A Review,” Sensors, vol. 24, no. 23, p. 7480, 2024, doi: 10.3390/s24237480.

A. Soussi, E. Zero, R. Sacile, D. Trmchero and M. Fossa, “Smart Sensors and Smart Data for Precision Agriculture: A Review,” Sensors,
vol. 24, no. 8, p. 2647, 2024, doi: 10.3390/s24082647.

4. FAO, “Digital Agriculture and Al Innovation,” Food and Agriculture Organization of the United Nations, 2026.

61


https://ijrasht.com/

9.
Identificati
10.

11.
and Future

FAO, “Digital Agriculture and Al Innovation Roadmap,” Food and Agriculture Organization of the United Nations, 2024/2025 access

FAO, “Strengthening Digital Agricultural Monitoring Capacities Using E-Agriculture - TCP/INS/3805,” 2024.
Kaggle, “Crop Recommendation Dataset,” access record, 2020-2022.
Kaggle, “Crop Recommendation Dataset,” access record, 2023-2026.

B. et al., “TinyML for Smart Agriculture: Comparative Analysis of TinyML Platforms and Practical Deployment for Maize Leaf Disease

on,” SSRN, 2024.

“Machine learning and artificial intelligence for smart agriculture: A bibliometric and research trend perspective,” article record available
via PubMed Central, 2023.
“Big Data Analytics, Data Science, ML&AI for Connected, Data-driven Precision Agriculture and Smart Farming Systems: Challenges

Directions,” ACM conference record, 2023.
“Advancements in smart farming: A comprehensive review of IoT ...,” ScienceDirect article record, 2023.
“An overview of smart agriculture using internet of things ...,” ScienceDirect article record, 2025.

“Smart Agriculture using Ensemble Machine Learning ...,” article record, 2024/2026 search index entry.
“Green IoT and Machine Learning for Agricultural Applications,” Wiley chapter record, 2021.

“Applying IoT Sensors and Big Data to Improve Precision Crop Production: A Review,” article/PDF record.
APEC, “Workshop on Digital Agricultural Technologies for Climate ...,” publication record, 2025.

FAO, “Science and Innovation Forum 2024: Digital Agriculture Changemakers Action,” 2024.

FAO, “The State of Food and Agriculture,” 2025 edition page record emphasizing digital technologies in agriculture.

AU, “Digital Agriculture Strategy (DAS) and Implementation Plan,” 2024.

“Internet of Things and Machine Learning in Smart Agriculture,” ScienceDirect special issue record.
“Precision Agriculture Using IoT and Machine Learning,” article/PDF record.

“Smart Precision Agriculture using IoT Sensing and Machine ...,” journal record, 2026.

“Smart Agriculture System Using Internet of Things,” PDF journal record, 2026.

62


https://ijrasht.com/

