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ABSTRACT: Precision agriculture is an approach capable of increasing the productivity of crops with the most
efficient use of inputs for the production. A crucial part of precision agriculture is irrigation management which allows
a more precise use of water and other inputs, producing a higher productivity and quality yield. The difficulty is to find
the best irrigation strategies that guarantee the productivity of crops and minimizes water consumption. The use of big
data analytics provides a powerful new approach to optimize irrigation management in precision agriculture capable of
integrating large volumes of multi-source information into more accurate decision-making models in the irrigation
management process. Such information can be acquired and analyzed from different sources and based on different
techniques, including a combination of machine learning, statistical and physical models. Such techniques allow
decision-making about irrigation directly or indirectly, identifying, among other aspects, the best spatial and temporal
irrigation strategies. Nevertheless, the adoption of big data for irrigation is still incipient facing a large number of
challenges related to people and organizations, technical aspects of data acquisition, quality and security, and also
ethical issues.

Irrigation is of paramount importance for irrigation-deficient countries. Therefore, given the scarcity of water resources
and the adverse effects of irrigation on the environment caused by poor irrigation management, the development of
innovative and efficient management approaches for irrigation is of utmost importance. New paradigm decisions, based
on newer reservoirs and not only on historical series of rainfall and temperature, policy rules that go beyond the
economic aspect of the irrigation decision, and new technology to run large-scale irrigation systems and to open new
regions with deficit irrigation, are the requirements for the advancement of irrigation science in those countries with the
greatest irrigation potential in the world.
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I. INTRODUCTION

Innovation in human activities involves comprehensive solutions and greater efficiency: a lightweight, fast,
compartmented, and effective way or method reduces time, effort, and relative costs. Agriculture lacks this innovative
spirit, except for agriculture and soil preparation—the production of hybrid dwarf varieties has affected nature in
various ways and made agriculture subsidized, with the main objective of intensified food production on a limited land
area. However, the environmental imbalance has made the practice unaffordable in several administrative pockets,
including drought- /water-logged and flood-prone areas. Therefore, precision agriculture is crucial, defined as crop-
soil-seasons-insect disease-/weed-specific product application in the right quantity, at the right place, at the right time,
targeting at the right people, including the involvement of the farm community—it provides isa facet every inch.
Because, practically it is not possible to implement this concept at any one given point of time.

Precision irrigation must be linked to precision agriculture; as crop production increases, irrigation intensity increases.
Present irrigation practice is area-ecology-crop-soil-based, generally estimating cumulative sensitive weather
parameters—phenology, temperature, sunshine hours, rain, and soil moisture—watery yield relationship, field
conditions, etc. Latest precision irrigation practices on rice, sugarcane, maize, and wheat are separate for the Rabi and
Kharif seasons with respect to time of irrigation, quantum, and field preparation. Yield prediction of various crops is
also provided with profitable irrigation needs, required-all sources of data-support-resources are fused, integrated and
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physically processed for precision-support product application. Requirements include launching boards for irrigation
support centres, low-cost sensors, strategical site selection of remote sensing platform, combination of satellite data
with ground sensors for precision monitoring, irrigation pattern, unit-tested prediction model, low-cost handheld
devices for farmers, model development for other crops and kernel output for other district/countries.

TRADITIONAL AGRICULTURE PRECISION AGRICULTURE
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Fig 1: Precision Ecosystems: Integrating Multi-Source Data Fusion and Low-Cost Sensor Networks for
Optimized Irrigation and Sustainable Crop Management

1.1. Overview of the Research Focus and Objectives

Precision irrigation (PI) can maintain and even improve crop yield and quality while using less water and fertilizer,
thereby minimizing unnecessary drains on scarce natural resources. Research during the last decade has shown that Big
Data analytics can improve irrigation design, scheduling, and season management. The acquisition of irrigation data
from multiple sources and their fusion—including data from sensor networks, remote sensing, databases, and expert
knowledge—offers enormous potential for more accurate assessments of irrigation requirements and their better match
with irrigation operations. A large number of Pl studies have appeared recently in which Big Data-based information
was employed to enhance irrigation practices for specific crop types. These contributions can neither be exhaustive nor
definitive.

Much PI research can be categorized according to the specific data type analyzed. Seven categories have emerged: (i)
data-demanding dynamic irrigation management, (ii) mapping irrigation demand, (iii) irrigation-management decision
support, (iv) irrigation season design, (v) design of irrigation networks, (vi) irrigation-management strategies for water-
scarce regions, and (vii) groundwater-depletion assessment and mitigation. Big Data plays a supporting role in most
cases. Moreover, the overall volume of PI studies that directly exploit multi-source data fusion approaches, such as
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Sensor-Web, is still relatively low. Research in these areas holds the promise of realizing the enormous potential of
Big-Databased irrigation for agriculture.

Soil-water depletion and irrigation triggers (synthetic example)
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Equation A. From weather — crop water use: ETo — ETc

A1) Reference evapotranspiration (ETo)

A widely used physics-based reference is the FAO-56 Penman—Monteith form (shown here because the article

emphasizes physics-based models alongside ML/statistical ones).

0.4084 (R, — G) + y% u, (e; —e,)
A+y(1+0.34u,)

Step-by-step meaning of the structure (how the equation is “built”):

Energy term available for evaporation:

Net radiation minus soil heat flux: (R,, — G)

Convert energy to equivalent mm of water using 0.408

Weight by slope of saturation vapor pressure curve: 4

So energy-driven part: 0.4084 (R,, — G)

Aerodynamic (drying power) term:

Wind enhances vapor transport: u,

Vapor pressure deficit drives evaporation: (e; — e,)

R 900
Temperature scaling:
i i T+273
Psychrometric weighting: y
So aerodynamic part: y ———u, (e, — e,)
yn party s u2(es —eq
Total “resistance” in denominator:

Combined influence of 4 and y plus wind adjustment 1 + 0.34u,

ETO =

O WO O 0 0OO0OMNOOGOO K
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A2) Crop evapotranspiration (ETc)

To move from reference surface to a real crop canopy (phenology-dependent), use the crop coefficient K_:
ET. = K. ET,

Derivation (logic):

1. ETo describes a reference surface’s atmospheric demand.

2. Real crops differ by canopy cover, height, stomatal control, albedo — all wrapped into K.

3. Multiply ETo by K, to scale demand to the crop.

1. BACKGROUND AND THEORETICAL FOUNDATIONS

From the big picture perspective, Precision Agriculture encompasses the entire agricultural process, while Precision
Irrigation encompasses the irrigation subsystem. According to the definition of precision irrigation by the International
Society for Precision Agriculture, “Precision Irrigation applies principles, methods, and technologies for observation,
analysis, simulation, monitoring, management, and decision-making of irrigation area resources, spatiotemporal
distribution of soil moisture, and crop growth to maintain or improve yield and quality while reducing resources and
environmental risk.” Precision irrigation aims at improving the water-use efficiency of irrigation systems and achieving
higher yield and better-quality crops but with less water applied than under conventional management. The key to
precision irrigation is the timely supply of sufficient water to the root zone of the crop for optimum growth at each
stage of phenology. The primary performance measures for precision irrigation systems are the adequacy of soil (or
root-zone) moisture across the entire growing cycle of the crop and hence the yield or quality of the crop, especially the
spatial yield variation within the irrigated area.

From the analytics perspective, Big Data enables smart agriculture through data acquisition, data management, and data
analytics pipelines. Literally, a data pipeline is the automation of data collection, storage, cleaning, integration, and
transformation into a format suitable for analysis. Several definitions of Big Data in the context of agriculture have
appeared in the literature, but most highlight the three V’s of Big Data: volume, variety, and velocity, and the value
embedded within it. The three V’s relate to large collections of data generated from diverse sources and at high speeds
for a wide array of applications. In agriculture, spatial-temporal data derived from traditional sources such as ground-
based meteorological stations, soil physicochemical analysis, crop phenology studies, along with emerging data sources
such as remote sensing, sensor networks, and citizen science are growing rapidly and undergoing heavy exploration to
achieve the value envisaged from Big Data Analytics.

2.1. Precision Agriculture and Irrigation Management

Precision agriculture (PA) applies advanced technologies and concepts for managing varying field conditions. PA
facilitates decision-making for continuously monitoring, assessing, and modeling several biophysical, climatic, and
economic parameters. Big data analytics considers spatial and temporal variations in crop needs, aiming to utilize
available resources optimally as part of decision-support systems. These systems enhance the decision-making process
in irrigation management, determining when, where, and how much irrigation is required using numerous data
measures, including crop phenology and soil moisture conditions. Given climate change impacts, the need for data-
driven models working at region-specific scales has become indispensable for crop and irrigation management.

Irrigation is central to agricultural systems for sustaining crop growth, improving yields, and reducing risk. Root-zone
soil moisture greatly influences crop yields, as well as crop response to fertilizer and crop variety. Decision-making
support systems based on soil moisture conditions and phenology stages govern irrigation requirements over the season
and consequently improve water-use efficiency. Ground-based sensors and agro-meteorological data collected during
cropping seasons demonstrate large variations in irrigation water requirement for different crops, seasons, and spatial
locations. Irrigation management information systems provide decision rules for specific locations using timely
irrigation water supply in the required gquantity, thereby improving water and nutrient use efficiency.

2.2. Big Data Analytics in Agriculture

Agriculture has entered the era of big data, with multiple data sources providing information for the management of
different production processes and facilitating decision-making. Various types of big data from agriculture can be
divided into three categories, namely multi-source, multi-temporal, and multi-dimensional data. Multi-source data
includes the weather, soil, crop growth, and field condition information and can physically reflect the relations between
crop growth and the environment, crop growth and soil factors, and the interactions among these factors. Multi-

1JRAI©2020 |  An SO 9001:2008 Certified Journal | 4302



http://www.ijrai.com/
mailto:editor@ijrai.com

International Journal of Research and Applied Innovations (IJRAI)

| ISSN: 2455-1864 | www.ijrai.org | editor@ijrai.org | A Bimonthly, Scholarly and Peer-Reviewed Joumal |

|| Volume 3, Issue 6, November - December 2020||
DOI:10.15662/IJRAIL.2020.0306004

temporal data refers to data captured at different growth stages of important meteorological factors affecting crop yield,
such as photosynthetic active radiation (PAR), temperature, rainfall, and irrigation volume. Multi-dimensional data
sources include remote sensing satellite data, scene data, and field-evapotranspiration data. Data fusion of different data
sources can increase the quantity and quality of big data, which is essential for improving the precision of irrigation
management. Precision irrigation improves water-use efficiency and ultimately raises the yield and quality of crops.

Big data analytics for precision irrigation assess the relationship between irrigation and crop growth factors and support
the establishment of an appropriate spatial and temporal irrigation strategy. The big data pipeline for irrigation data
acquisition comprises four stages: data acquisition and sensor networks, remote sensing, data cleaning and integration,
and data preprocessing and database construction. Four types of models, specifically prediction models, machine-
learning models, statistical models, and physics-based models, are discussed. Issues related to model validation and
benchmarking are also presented. Several application examples address crop-specific irrigation strategies, the fusion of
multi-source data, and the coupling of soil moisture, phenological stage, and crop yield with irrigation decision-making.

Day | ETO (mm/day) | Kc | ETc = Kc-ETO (mm/day)
25 | 3.81 0 |00
26 | 3.74 0 |00
27 | 3.7 0 |00
28 | 3.7 0 |00
29 |[3.74 0 |00
30 |3.81 0 |00

I1l. METHODOLOGIES IN BIG DATA FOR IRRIGATION

Big Data methodologies for Precision Irrigation consider how datasets associated with Big Data can be generated,
acquired, structured and integrated and focus on exploring the needs of the irrigation research community, the
challenges and the temporary state of the art regarding how to acquire, pre-process, structure and exploit those datasets
to yield knowledge. The processing pipeline can be divided into three main phases: Data Acquisition, Data Modelling
and Prediction. Data Acquisition refers to the sources from which a particular dataset can be acquired and highlights the
new sources of data described within the Big Data paradigm, namely, data originating from Sensor Networks and from
Remote Sensing. Data Modelling and Prediction encompasses the prediction techniques that are used throughout
Precision Agriculture; it stresses their relative advantages and disadvantages, especially with regard to the accuracy of
the predictions generated by each technique, and suggests the precautions and bibliography to follow in order to
properly validate the predictions made and compare them against other approaches. It outlines some of the latest
research works related to Data Acquisition and Data Modelling and Prediction and presently considers that
infrastructure support for Big Data in Irrigation is in a reasonably advanced stage of development.

Equation B. Root-zone soil water balance — irrigation scheduling
Let D,. = root-zone depletion (mm). Higher D,. means drier soil.
B1) Daily soil water balance (discrete time)
Start with conservation of water in the root zone:
Dyt =Dyry+ETe = Pey — It + RO + DP,

Step-by-step derivation (from conservation):

4. “What makes soil drier?”” — crop water use:

o addET,,

5. “What adds water back to the root zone?”” — effective rainfall and irrigation:

o subtract effective rainfall P, ,

o subtract net irrigation infiltrated I,, ,

6. “What reduces infiltration effectiveness?” (water that doesn’t stay available):

o runoff RO, (water leaves surface)

o deep percolation DP; (water drains below root zone)

o both behave like “losses” from the root-zone store, so they increase depletion.
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B2) Total Available Water (TAW) and threshold (MAD)
Define:
e O = soil water content at field capacity
e 0,,p = soil water content at wilting point
e Z,.=root depth
TAW = 1000 (Bpc — Oyp) Z,
Steps:
1. Plant-available fraction per volume = (6z; — 0yp)
2. Multiply by rooting depth Z,. to convert to depth of water
3. Multiply by 1000 to convert meters to millimeters.
Define management allowable depletion fraction p (often called MAD fraction in practice):
Dr,trigger =p- TAW
Interpretation:
o If D, exceeds this, the crop enters stress — schedule irrigation.

B3) Net irrigation depth required to refill
Choose a target depletion D, .. (0ften near O or a small buffer):
Ly =D, — Dr,target (when D,. > Dr,trigger)

If field application efficiency is E, (0-1), then gross irrigation applied:

[ ==

9 Ea
3.1. Data Acquisition and Preprocessing
In precision agriculture, data acquisition is the initial and one of the most critical tasks in the analytical process.
Terrestrial sensors, sensor networks, sensor-based remote sensing, and the Internet of Things (loT) have made it
possible to collect spatiotemporal information to provide high-spatial-resolution information over a growing area.
These technologies are being deployed at increasing spatial and temporal resolutions for diverse categories of variables
that influence irrigation needs: meteorological variables posing a global hazard to crop growth, soil variables describing
local properties and conditions essential for determining water demand, and agricultural variables, such as crop
phenology and yield. Other specialized sensors adopt a higher temporal resolution to detect and predict conditions
triggering irrigation needs; for example, soil moisture sensors detect depletion and trigger the application of irrigation
water.

The data acquired from a single source, at a variable level of accuracy, can rarely provide support for precise irrigation
management in agriculture. Data from diverse periods, seasons, and sources should thus be integrated to provide the
accuracy and precision demanded by farmers. Data integration is not just a point-wise union; spatial and temporal
predictions obtained from different data sources, such as ka-band radar satellite images and numerical weather
prediction models, should be fused to enhance the temporal resolution of surface soil moisture maps used as inputs for
the irrigation model. The assimilated data should then be cleaned, de-noised, and validated at the intended level of
accuracy and detail for the irrigation management domain. Data preprocessing prepares the integrated data for model
building and pruning, and different preprocessing requirements exist for different types of academic, research, and end-
user models. Delay, redundancy, and noise in sensor measurements should be handled, and missing data should be
predicted for machine-learning models. A carefully conducted preprocessing pipeline improves model performance
while simplifying the training phase.
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Fig 2: From Sensors to Synergies: Spatiotemporal Data Fusion and Preprocessing for Precision Irrigation

3.2. Modeling and Prediction Techniques

Classic big data analytics relies on traditional machine learning and statistical models for irrigation prediction
problems. As these methods have complex and substantial requirements for data preparation, especially labeled
irrigation data, the development of physics-based models is actively pursued. Based on a foundational understanding of
crops, soils, and weather, these models are introduced in the irrigation prediction step whenever available. In
anticipation of further developments ending the chicken-and-egg dilemma, benchmarking studies have sought to
identify those data sets and regression methods that yield the best and most consistent predictions of irrigation in terms
of accuracy. The goal is to prevent model interdependence from degrading the prediction quality in either direction.

Physics-based models are either used as benchmarks for machine learning and statistical models in cases when data sets
with labeled irrigation are insufficient, or they are implemented in parallel in a multiple-model ensemble in situations
when model interdependence can jeopardize prediction performance. For large-scale irrigation demand estimation at
the district and regional level, when even data sets of limited size are very costly and time-consuming to produce,
classical regression approaches and machine learning models can only be applied on a crop-specific basis.
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Reference vs Crop Evapotranspiration (synthetic example)

S — ETO
‘ — ETc
5.5 1
5.0 ~
> 4.5
©
2.2
£
E = \/
3554 ‘
3.0 1

0 5 10 15 20 25 30
Day

IV. APPLICATIONS AND CASE STUDIES

Irrigation is a primary resource for agriculture and is essential for sustaining crop growth and achieving high yields.
When crop water requirements during critical growth stages are not met, yield deficiencies increase. Precise irrigation
management can increase yield, but crop-specific irrigation strategies to date have been investigated separately for
different crops. A feature is the investigation of precision irrigation for different crops under different environments at
different phenophases. The proposed model forms the basis for developing precise irrigation strategies that control
irrigation time and volume for specific crops, ensuring adequate soil moisture levels during critical phenophases—
increasing the yield and quality of the major crops.

Fusion of spatial and temporal data at different scales can increase irrigation precision and reduce resource
consumption. Multi-source remote sensing data are indeed merged to improve the extraction accuracy of soil moisture
content, which is important for irrigation management. However, the existing data fusion methods have limitations, and
data fusion using the Spatio-temporal Adaptive Reflectance Fusion Model (STARFM) is applied to multi-source data
from the NASA Moderate Resolution Imaging Spectroradiometer (MODIS) and the Chinese Huanjing-1A (HJ-1A)
satellites. Results demonstrate that STARFM overcomes the first of these limitations and achieves a significant
improvement in irrigation management during the rice-growing period, thereby enhancing water-use efficiency and
determining scaling potential.

Model family Typical inputs Strengths Weaknesses

Physics-based (soil- | Weather, soil hydraulic | Interpretability; works with | Parameter calibration; may

plant-atmosphere) params, crop params limited labels simplify reality

Statistical Weather  +  historical | Fast; simple baselines; | Misses nonlinear

(regression/time-series) irrigation/yield uncertainty estimates possible | dynamics; needs
stationarity

Machine learning | Multi-source sensor + RS | Captures nonlinearities; | Needs labeled data; risk of

(RF/GBM/NN) + weather scalable overfitting/bias
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4.1. Crop-Specific Irrigation Strategies

Crop-specific irrigation strategies ensure proper irrigation command areas (ICAs) for different crops grown in multi-
crop systems. These irrigation strategies consider the phenological evolution of crops and their relationships with soil
moisture and yield magnitude. For example, crops grown during the rainy season do not require irrigation. During the
dry (kharif) season in northwest India, when rice is cultivated, the largest ICA (16.4 Mha) receives irrigation, followed
by the rabi-sugarcane and rabi-rice (0.14 Mha) ICAs. Yield levels of kharif crops, especially rice, are critically
dependent on irrigation. Therefore, the decision regarding the depth of irrigation for rice is made based on the soil
moisture regime. For other crops that are planted in the post-rainy season and do not grow up to the arrival of
monsoons, irrigation is critically important, and the command area is then considered.

The main aim of implementing the command-area approach along with allocation of irrigation supplies based on
weather forecast is to maximize yield per unit of water supplied. It integrates forecast information of weather, crop
need, soil moisture condition, irrigation reservoir storage and command area under different crops and suggests
irrigation for short duration crops to maximize the yield. The approach clearly revealed the potential of irrigation in
increasing the yield, especially for rainfed crops, the need for irrigation in sugarcane and rice, and the proper allocation
of supplies during monsoon. The combination of command-area irrigation for sugarcane and rice with met-advisory for
other crops is also evident from the analysis.

Soil-water depletion and irrigation events (synthetic example)
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Equation C. Water-use efficiency / “yield per unit water” (used in allocation strategies)
A common metric:

Y
or IWUE =-—

WP =
ET, i

Steps:

4. Decide the “water denominator™:

o total crop water consumption ET, (best biophysical basis), or
o irrigation applied I (management basis)

5. Divide yield Y by that denominator to compare strategies.

1JRAI©2020 |  An SO 9001:2008 Certified Journal | 4307



http://www.ijrai.com/
mailto:editor@ijrai.com

International Journal of Research and Applied Innovations (IJRAI)

| ISSN: 2455-1864 | www.ijrai.org | editor@ijrai.org | A Bimonthly, Scholarly and Peer-Reviewed Joumal |

|| Volume 3, Issue 6, November - December 2020||

DOI:10.15662/IJRAI.2020.0306004

4.2. Spatial and Temporal Data Fusion

Multiple sources of information that include remote-sensing data, weather information, soil moisture observation data,
soil texture and crop coefficient information can improve the precision of irrigation. Different remote sensors can
provide data at different spatial and temporal scales with much lower cost than traditional methods. Fusion of data
obtained from multiple sensors can produce more accurate results. By fusing data from new-generation satellite data
(MODIS), UAV, microwave, synthetic aperture radar images, standard meteorological stations, and different machines
used for observation or prediction, better results than with individual sensors are produced. For example, soil moisture
can be observed using an unmanned aerial vehicle, but the expense of flying and equipment limits this usage. Fusing
soil moisture observed by drones and other sources with observations from other sensors at lower costs yields a product
with finer spatial resolution than for MODIS imagery and is less expensive than stand-alone UAV products.

The ability to obtain expected results with fewer observations highlights the importance of data fusion, especially
within the context of irrigation. Fusing different data sources for temporally and spatially available soil moisture can
particularly enhance irrigation accuracy and scientific resource allocation. However, obtaining appropriate testing data
for multiscale fusion is still an ongoing challenge in the development of a temporally and spatially continuous and
high-precision soil moisture monitoring network.

V. CHALLENGES, RISKS, AND ETHICAL CONSIDERATIONS

The challenges and risks in Big Data analytics for irrigation management arise from technical, operational, as well as
data quality limitations. Uncertainties related to weather, irrigation technology, hydrology, and agriculture in general
may diminish the overall impact of Big Data analytics. Inadequate data quality in some parts can lead to misleading,
incomplete, and erroneous conclusions, and thus proper governance, data ownership, quality control, as well as
redundancy mechanisms should be assured.

CHALLENGES & RISKS

TECHNICAL & DATA QUALITY ETHICAL & SOCIAL
OPERATIONAL LIMIITATIONS
- |
t{@{} ? PO)? @
o > s ©
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Fig 3: Governing Big Data for Sustainable Irrigation: Addressing Technical Uncertainties, Data Ownership
Equity, and Ethical Frameworks in Digital Agriculture
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Ethical dimensions must also be properly addressed at a tactical level before these methods may be adequately utilized.
Agricultural Big Data gathers information from producers, market players, or affected societies, abating any possibility
of developing biased, dishonest, and detrimental scaremongering campaigns. Data privacy is particularly focused while
providing insurance to the main data owners. Even though agriculture is mostly driven by technology up-hill, there are
still vast areas in which basic data and information are not sufficiently available and reliable for either agriculture- or
society-use. Therefore, an attempt towards a better equity of data, supported by an adaptable algorithm and complete
set of relevant information to relevant BM will provide the real benefits to society, through data ownership fairness and
balanced cost-sharing equity. The analysis of Big Data from different territories is still in a nascent phase. Thus, a
different qualitative development, permitted by emerging data technologies and analysis techniques, should create the
real conditions for full-scale operation on understanding the interaction of Big Data Analytics together with minorities
and all Agriculture Business categories behavior.

5.1. Addressing Challenges and Ethical Implications in Agricultural Data Utilization

Agricultural Big Data and Driving Forces of the Data Ecosystem in Agriculture and Food Processing

The above Big Data paradigms have provided a basis for the deployment and development of data-driven irrigation
strategies for PA and Pl with the objective of developing sustainable solutions. This has demonstrated scalable
irrigation solutions for agriculture capable of providing higher crop-yield productivity under climate change scenarios.
Data-driven prediction and decision-making on food processing operations have been reported. Emerging trends
indicate that data science and scalable precision agriculture 4.0 services solutions in developing countries are supported
and by newly established international alliances and funding bodies in collaboration with the e-Agriculture initiative of
the Food and Agriculture Organization.

While the response for data-driven approaches is growing, there are clear concerns regarding the challenges that need
to be addressed both at the operational level and at the data level for building trust and confidence for all stakeholders
to engage within the evolving data ecosystem. A recent report confirmed that the greatest opportunities of big data in
agriculture lie in its ability to predict risk and increase efficiency; and that areas of concern relate to data quality,
privacy and ownership. Five specific levels have been identified for action to better enable the opportunities of Big
Data in agriculture: the technical level, the operational level, the information level, the contextual capital level and the
synergy level. Central to the operational level is the requirement for good data governance so that incentives to share
data are aligned with a greater return for the data.

5.2. Navigating Challenges and Ethical Dilemmas in Agricultural Data Usage

The diverse technical and operational challenges within Big Data in Precision Irrigation Management should not be
overlooked. Sensors and sensor networks are currently at risk of imperfect or partial coverage based on non-scalable
cost models and operating constraints. Despite intensive research, the highly heterogeneous and dynamic nature of the
agricultural ecosystem continues to affect the quality of the data gathered. Consequently, potato production is sensitive
to data quality problems. Spatial and temporal fusion from different biological sources has been shown to improve
multisource-based potato irrigation management, though at the expense of higher operational complexity.

Because of the substantial amount of agricultural data generated every day, its quality is often a concern. Data from
defaulted sources or by conducting operations with insufficient quality have been found negatively affecting irrigation
management and evaluation. Furthermore, Effect On Irrigation Management should also be visualized as a greater
demand for other agricultural resources or economical aspects, such as time management. Production strategies without
taking into consideration demand and supply policy have been reported as risky. For Big Data in Precision Irrigation
Management. These problems can be alleviated by enhancing the overlapping support, developing decision rules,
indicating the cross-effects, and checking opposite-paradigm patterns.

Data quality cannot always be fully ensured, and this aspect should be analyzed in a precautionary way. As described
above, other types of weak-quality databases can be used to curb unreasonable water application. So, a general standard
checklist is suggested for Risk Management, including technical, operational and data quality risks. In addition, for
several risk sources various preventive measures are proposed, such as calibration, redundancy, integration, redundancy
and aggregated QUALITY DISCUSSION.

Analysis of the use of agricultural data according to Big Data quality dimensions has opened an interesting discussion
on the ethical implications. Ethical concerns on data privacy and usage, data ownership, social equity, and transparency
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are now in the focus of intellectual property organizations and Big Data analytical companies alike. Users of
agricultural resources and systems—from farmers to associations, companies, academic institutions, and
governments—should pay more attention to the pattern of data generation, sharing and consolidation with respect to
these Data Quality Management, Fairness And Justice, Risk, Insurance, Knowledge Creation, Fair Trade And Social
Justice.

Water balance components (synthetic example)
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VI. FUTURE DIRECTIONS AND EMERGING TRENDS

The outlook for big-data-based precision irrigation practices emphasizes climate-resilient, water-saving, and cost-
effective methods that can easily scale with future developments in Al, IoT, and climate science. The logical
progression of research culminates with a blueprint for future progress and proposed solutions that align with the
problem areas identified in the study. Future directions encompass advancements in data-driven irrigation decision-
support systems for precision agriculture, including innovations in irrigation technologies, technical constraints and
solutions for combining big data and Internet of Things with irrigation, smart governance strategies for data quality
assurance, and future solutions for spatio-temporal crop irrigation decisions.

The concurrent development and integration of irrigation data at different spatial and temporal resolutions, as well as
from multiple data sources, enhances irrigation decision support during dry years and ultimately improves agricultural
water economy. Interoperability of the various data sources and synthesis with decisive and predictive models enable
real-time operation. These aspects further the dream of a “driver-free” smart irrigation system with only climate and
crop variables feeding the irrigation scheduler. Superhigh-frequency data generation also allows the recent exploit of
the “Big Data” paradigm, with the mathematical tools adopted for solving it being different from traditional application
development. Hence, both the quality of the predicted response variable and the input data, along with the crop-water-
carbon coupling in complex models, remain crucial for effective precision irrigation decision support, especially during
extreme events.

Day | ETO (mm/day) | Kc | ETc = Kc-ETO0 (mm/day)
25 |3.81 0.9 | 3.43
26 | 3.74 0.9 | 3.37
27 | 3.7 0.9 | 3.33
28 |37 0.9 | 3.33
29 |3.74 0.9 | 3.37
30 |[381 0.9 | 3.43
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6.1. Advancements in Data-Driven Irrigation Practices and Sustainable Solutions

Precision Irrigation represents one of the areas in agricultural research with high-going data-driven solutions on the
production and economic aspects of the crop-water relationship. Across the globe, a variety of statistical models aimed
at customising the irrigation application have been implemented following the crop growth stages. The irrigation timing
derived from the phenological development have shown to contribute to enhancements in numerous important yield
traits. This is also evident in the evaluation of irrigation scheduling in common found conditions over three years,
highlighting that when considering the combination of crop phenology and soil moisture conditions at multiple depths,
deep-rooted crops such as maize and cotton require smaller timing shifts < 3-14% before flowering.

Moreover, data fusion of images taken at different times or from different viewpoints can ameliorate the spatial and
temporal resolution of ground surface features. In irrigation management, data fusion of information acquired from
different sources also has shown benefits in performance. Multi-source data fusion approaches that integrate spatial,
temporal, and data-type dimensions will also enhance the precision of irrigation recommendations and resource
utilization. The combination of crowd-assisted irrigation base algorithms with deep learning techniques has prompted a
much expected leap in irrigation accuracy, particularly the ability of crawler and UAV census to acquire a spatial
distribution of soil moisture as a template for data completion at lower detection drone heights.

Equation D. Generic spatio-temporal data fusion (consistent with “multi-source fusion”)
A generic fusion estimator for a target variable (e.g., soil moisture 9):
K

00x,t) = Z Wy (6,6) 0,(x,£)  with Z we () =1, w, =0
k=1 k

Step-by-step meaning:

1. Each sensor/model k gives an estimate 6, (x, t).

2. Assign weights w, (x, t) based on reliability, scale match, recency, cloud cover, etc.
3. Normalize weights so they sum to 1 — fused estimate is a convex combination.

6.2. Innovations in Irrigation Technologies and Data Integration Strategies

Swarm robotics, unmanned aerial vehicles (UAVS), and ground robots are expected to aid on-farm data collection and
monitoring. These systems are increasingly deployed for precision farming, providing several advantages over
traditional data collection methods, such as lower cost, higher speed, and improved temporal coverage. Nevertheless,
the data produced by these data-acquisition platforms is often heterogeneous, generated by different entities and at
different scales, making data fusion difficult because they lack semantic coherence despite potentially serving similar
puUrposes.

Advancements in Internet of Things (1oT) technologies enable ubiquitous and cost-effective data generation related to
climatic, phenological, physiological, and soil- and crop-related characteristics. The integration of such data across
different sources and at different temporal and spatial scales supports big-data-driven precision irrigation practices.
Moreover, these advances will provide data with a sufficiently high spatiotemporal resolution to facilitate the seamless
exchange and dynamic integration of irrigation-related data across distributed actors. Consequently, irrigation decisions
can be tailored to a particular crop or location while improving irrigation resource use efficiency. Techniques for
intelligently fusing multi-source and multi-resolution crop-soil-water data are also expected to support higher-quality
predictive analysis and feedforward irrigation decision-support systems for Internet-of-Things-enabled precision
irrigation services, further enhancing irrigation precision and resource efficiency.

Despite being an indispensable component of reliable big-data-driven precision irrigation practices, automated
irrigation scheduling has not truly been achieved due to the high labor cost involved. Therefore, innovative irrigation
technologies capable of self-management under real-time monitoring are essential. These technologies should either
self-schedule irrigation operations automatically or facilitate labor-free irrigation.

VIl. CONCLUSION
Smart agriculture holds great promise for enhancing food production while preserving resources, a goal compatible

with advancing precision irrigation. Emerging big data technologies and machine learning techniques are being
integrated into irrigation management, yet real-world applications remain few. An expository review has surveyed key
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challenges, technological progress, opportunities, and countervailing factors that shape future trends in data-intensive
precision irrigation.

Big-data analytics, machine learning, and the Internet of Things are realistically expected to provide climate-resilient
inductive irrigation solutions. Open-source, data-sharing platforms, transformers, and Reservoir-Information-Aware
Units could make future data-driven precision irrigation systems widely available, improving water use efficiency and
crop yield in water-scarce areas.

Key Technological Progress Indicators

1001 95-4'!& %-83’0

80 7

60

Technological Readiness (%)

204

Big-Data Machine loT Transformers Reservoir-Aware Open-Source
Analytics Learning Connectivity Units Platforms

Fig 4: Key Technological Progress Indicators

7.1. Summary of Key Insights and Future Outlook

Big data analytics for precision irrigation in smart agriculture is an emerging area of research and practice. A wide
variety of analytical techniques and methods have been developed and applied for irrigation decisions. These methods,
which incorporate multiple data sources and types, are especially suited to decision-making based on plant phenology,
growth stage, location, climatic season, and yearly yield. Although numerous data-driven methods and models for
irrigation management exist, some challenges remain. Exploiting large data sets created by sensor networks, UAVS,
and satellite remote sensing is still an ongoing research direction.

An important trend in the field is the combination of multiple heterogeneous sources of spatial and temporal data,
which aids computer vision and provides more complete information about agricultural production, improving
irrigation efficiency, scheduling, and the precision of water resource use. Ground sensor networks, UAVs, and satellite
remote sensing create rich and extensive irrigation data. The key challenge lies in integrating sensors, UAVs, and
satellites and improving the fusion ability of multi-source data. Furthermore, optimizing data fusion algorithms and
exploiting complementary information in multi-source data can assist the generation of new data. Real-time prediction
methods and techniques using multiple data sources can support accurate and timely irrigation decisions in precision
agriculture.
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