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Abstract—Efficient water use is a constant challenge in modern
agriculture, especially in drought areas. The development and use
of soil sensor technologies are essential for effective water
management and for achieving sustainable high-yield farming
systems. This literature review compares the different soil sensor
methods and draws together findings from a group of 156 peer-
reviewed articles published between 2015 and 2025. The review
covers dielectric methods (TDR and FDR), tensiometers, neutron
probes, salinity probes, and pH probes. The meta-analysis showed
that TDR systems can give highly accurate estimates of soil
moisture (with a pooled RMSE of 0.016 m*/m?), but they are also
expensive (ranging from $500 to $1200 per unit). In contrast, low-
quality capacitive sensors can attain acceptable accuracy (an
RMSE of 0.045 m*/m?®) provided they are calibrated with care.
LoRaWAN (Long Range Wide Area Network) has been identified
as the most suitable communication protocol for agricultural
Internet of Things (IoT) applications because it offers long-
distance transmission of between 2 and 15 km and has a battery
life of 2 to 10 years. The accuracy of irrigation scheduling can be
increased by 15 to 30% through the use of machine-learning
techniques, and water savings with Al systems can go as high as 35
to 50%. Important research gaps include the absence of standard
calibration procedures, limited validation in 67% of the studies,
insufficient long-term stability testing (since 23% of the studies
have not been tested over a period longer than six months), and a
lack of adequate assessment of multi-sensor data fusion. The
review ends by outlining the future research needed in order to
develop robust, scalable and innovative irrigation systems that
support crop production.

Index Terms—Smart irrigation; IoT sensors; precision
agriculture; time-domain reflectometry; LoRaWAN; machine
learning; systematic review.

L. INTRODUCTION

griculture is the largest user of freshwater globally—
mostly due because it makes up for that almost 70% of
total withdrawals. However, if watering is not applied
in an appropriate manner, it can lead to water waste and soil
erosion while at the same time providing only a minimum
production of crops. In arid and semi-arid areas, the constant
deficient state of water multiplies these problems. Due to the
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increasing world demand for food and sustainable use of natural
resources, high irrigation efficiency opportunities have become
a major research and policy focus among the world's farmers
[1]. Some are solved by various smart irrigation systems, which
combine soil sensors with communication devices and
automated control to provide crop specific water needs.

Real-time monitoring of soil characteristics (i.e., moisture,
matric potential salinity and pH) will allow for data driven
irrigation scheduling. It helps reduce water loss as a result of
over- or under-watering, while increasing overall water-use
efficiency [2]. Soil sensors, from which such systems were
derived, are the data source for making decisions. Several such
related arts have been disclosed and practiced in the field. Some
dielectric sensors, including the time and frequency domain
reflectometry (TDR, FDR), and capacitive probes, are widely
employed for measuring VWC according to their dielectric
properties. They measure soil matric potential and, therefore,
have a one-to-one correspondence with the availability of water
to plants. Although not in common use, for regulatory control
and calibration purposes neutron probes are very accurate
standards. Electro-conductive/chemical contact type agro-
sensors for (EC) and pH are necessary factors of the monitoring
system to analyse soil salinity and nutrient flow. These
technologies all have trade-offs in accuracy, cost, response time
to the stimulus, need for calibration and susceptibility to
ambient conditions.

With the advance of cheap sensor technology, IT support like
IoT and machine learning now allows smart agricultural
systems to do a lot more. Cheap capacitive-type sensors make
it feasible to obtain wide coverage, but in most cases their
accuracy is only good with soil specific calibrations. With the
IoT platforms, data gets instantly delivered, and decisions are
automatically made. In [3], anomaly detection and predictive
and adaptive irrigation scheduling is done using machine
learning. However, several challenges persist. What Factors
Affect the Design and Calibrated Performance of Weather-
based Control Systems for Urban Landscape Irrigation? Factors
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include, but are not limited to: Stable calibration (in different
soil conditions) Long term stability of inexpensive devices
Multi sensor data fusion for better decision-making. The above
challenges need to be overcome in order to achieve sustainable,
cost-effective, innovative irrigation systems for robust scale-up,
guaranteeing food/grass security.

II. LITERATURE REVIEW
A. Dielectric-Based Sensors
1. Time Domain Reflectometry (TDR)

Among the academic community, TDR is generally regarded
as one of the most unbiased and accurate instruments for
measuring soil VWC. In TDR, the concept is simple: an
electromagnetic impulse is sent along a pair of metal
waveguides implanted in soil, and the transit time of this pulse
is related linearly to the dielectric permittivity of soil. A large
body of empirical work consistently shows that TDR has
excellent measurement accuracy, with reported root-mean-
square error (RMSE) between 0.01 and 0.03 m3/m3? and
multiyear stability across different soil types and environmental
conditions [4-5]. However, the application of TDR technology
is usually affected by high initial investment costs and ongoing
operating costs, the need for specialized installation and
calibration skills, and high power consumption. All these lead
to limited adoption of TDR in IoT-based agricultural
monitoring networks, driven by resource-constrained and low-
power requirements [6-7].

2. Frequency Domain Reflectometry (FDR)

Soil water content is measured using frequency-domain
reflectometry (FDR) sensors by observing changes in frequency
caused by soil dielectric properties. Compared with TDR, FDR
sensors are, in general, economically more attractive and
technically simpler to operate for soil moisture measurements
across a wider range of field conditions, but at the expense of
precision (RMSE = 0.02-0.05 m*m?). FDR probes of other
designs, which are relatively cheaper and commercially
available, were widely used in agricultural practice [8-9]. The
sensor's performance varies with soil texture and salinity, so it
requires an elaborate, site-specific calibration procedure to
ensure reliable data [10].

3. Capacitive Sensors (Low-Cost Probes)

Cheap capacitive sensors are widely deployed in IoT-based
irrigation systems to estimate soil moisture by measuring
variations in capacitance between parallel electrodes buried in
the soil. Such devices have substantial cost benefits and can be
employed on a large scale. But their measurements are usually
inaccurate and easily interfered with by soil salinity,
temperature, etc. Empirical results demonstrate that the
accuracy of capacitive sensors is improved by tightening
calibration processes, with RMSE reductions of 0.03 m*m? to
0.08 m*m? [11-13]. Despite the fact that Sheep-LTMs can
periodically provide measurements, which represent valuable
input for WSNs due to their low power consumption and are
thus an important sensor used in precision agriculture, their
measurements have never been evaluated.
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B. Matric Potential Sensors
1. Tensiometer

Conventional tensiometers directly measure soil water
tension, providing a quantitative measurement of the amount of
plant-available water (soil moisture status). Such sensors
generally offer reasonable accuracy, especially on the wetter
soils (0-80 kPa); however, their performance degrades
significantly on drier soils due to cavitation [14-15]. Slow
response times and frequent maintenance (i.e., refilling)
restrict these systems from large-scale applications. Despite
these limitations, tensiometers can be useful for irrigation
scheduling in horticultural and high-value crop systems where
precise water management is crucial.

2. Gypsum Blocks and Granular Matrix Sensors

Gypsum blocks and granular matrix sensors indirectly
measure soil matric potential by sensing changes in electrical
resistance in porous materials. These are inexpensive and robust
devices, but hysteresis effects can be a significant problem after
equilibration. Their precision is not as good as that of
tensiometers, but they are often used in long-term field
monitoring due to cost considerations [16].

C. Neutron Probe

The neutron probe, once the standard tool for measuring soil
water content, measures volumetric water content by detecting
hydrogen density via neutron scattering. This approach, which
covers a wide range of spectral bands, yields high accuracy and
offers the potential for observations within deep soil profiles,
has been widely used in the past but has become less popular
due to safety considerations and regulations, among others [17-
18]. The neutron probe is still a standard method for calibrating
other sensors in a research environment, but it is too expensive
and time-consuming (not practical) for routine agricultural
practice.

D. Electrical Conductivity (EC) and pH Sensors

EC is a proxy for soil salinity, nutrient supply, and water
availability. EC sensors are often used together with moisture
sensors to guide irrigation scheduling and fertigation. But the
measurement of EC should be corrected in relation to the type,
temperature, and moisture status of sandy loam soil [19].
Likewise, pH sensors and ion-selective electrodes are being
incorporated into novel irrigation systems with the aim of
improving nutrient release [20]. Their primary limitations are
frequent recalibration and the risk of fouling under field
conditions.

E. Remote and Proximal Sensing

Among the technologies used for remote sensing, satellite-
based microwave radiometry (e.g., the Soil Moisture Active
Passive (SMAP) mission) and UAV multispectral imaging have
emerged as promising tools for achieving widespread and
accurate estimation of soil moisture. These techniques provide
coverage over large areas but suffer from spatial resolution
(several meters to kilometers) that is far above the maximum
scale required for field-based irrigation scheduling.
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Intermediate spatial-scale data derived from proximal sensing,
i.e., GPR and vehicle-based EM induction, can supplement
point measurement sensors. The combination of online and
remote sensing is a potential topic of interest for improving
spatial representativeness in water-saving innovative irrigation
solutions [21].

F. IoT Integration and Machine Learning

Recent technological and scientific achievements have
combined the usability of soil sensors with Internet of Things
(IoT) networks and machine learning approaches. Wireless
sensor networks using Long-Range Wide-Area Network
(LoRaWAN), Zigbee, or Narrowband Internet of Things (NB-
[oT) protocols can enable power savings and real-time data
collection [22-23]. Evidence suggests that machine learning
methods, including SVM, random forests and deep learning,
have already been applied for generating soil moisture
prediction, anomaly detection and adaptive irrigation
scheduling. However, recurring issues involve processing noisy
data, ensuring stable connectivity in rural regions, and
incorporating different sensor datasets to derive robust
decisions.

III. METHODOLOGY

This systematic review, with a clear and reasonable
methodology for evaluating soil sensor technologies in novel
irrigation systems, was carried out according to the PRISMA 2020
statement (Figure 1). Registration: To ensure transparency,
reproducibility and consistency with best practices in
methodological literature reviews, the review protocol was
prospectively registered on OSF Preprints [24-25].

PRISMA 2020 Flow Diagram

Identfication:

Records identified through database
[ | and other sources (n=2847)

|

( Records screened (n=927)

Eligibility l

Full-text articles assesed for
eligibility (n=691)

Studies included in synthesis

Screning

Records excluded
(n=1920)

1,
)

Full-text articles

—> excluded (n=535)

J

Included:

(n=156)
> . . . .
Qualitative synstesic ‘ Quantinative synstesic ‘
(n=100) @ meta-analysis (n=56)

Fig.1. PRISMA 2020 flowchart.
A. Protocol Registration and Review Design

A detailed, preregistered protocol for a systematic literature
review had been filed with OSF before the onset of this study
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[26]. This protocol documented detailed methodology,
including data sources, search strategy, study selection criteria,
data extraction methods, quality assessment tools and synthesis
approach. No changes made to the protocol were hidden; they
were recorded with reasons for making them.

B. Research Questions

To this end, we organize the structure of the review around
four main research questions:

RQ1: What types of sensors are utilized in smart soil
irrigation systems (tensiometers, TDR/TDT/FDR,
capacitive, resistive, EC, temperature and pH multi-
parameter probes and remote sensing?

RQ2: How do these sensors compare regarding
accuracy, calibration requirements, environmental
robustness (temperature, salinity, soil texture), power
consumption, cost, deployment depth, and durability?

RQ3: What communication technologies and system
architectures (LoRaWAN, ZigBee, NB-IoT, Wi-Fi;
edge vs. cloud processing) are employed, and what are
their effects on reliability, scalability, and cost
efficiency?

RQ4: What emerging trends (sensor fusion, AI/ML
integration, edge analytics, energy harvesting) and
critical knowledge gaps exist in current innovative
irrigation implementations?

C. Information Sources and Search Strategy

Bibliographic databases: A systematic search was
performed on the main 6 (EASET-19): Scopus, Web
of Science Core Collection, IEEE Xplore Digital
Library, ScienceDirect, SpringerLink, ACM Digital
Library, and PubMed.

Sources of secondary: Further data were sought from
directed searches of MDPI journals, Google Scholar
(the first 200 results), technical documentation after
contact with manufacturers and reference lists of
studies that met the inclusion criteria [27].

Search Strategy: The search strategy combined
controlled vocabulary (including MeSH terms, IEEE
Thesaurus) with free-text keywords across three
conceptual domains: 1- soil moisture sensors; 2-
irrigation systems; and 3- IoT/innovative agriculture
technologies. The search strings were adapted to the
syntax requirements of each database and verified by
an information specialist.

Temporal Limits: The search was limited to peer-
reviewed papers from 1st January 2015 up to August
30, 2025, and this covered the modern era of novel
irrigation research.
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D. Eligibility Criteria

The eligibility criteria of this systematic review are divided
into two parts: inclusion and exclusion, as shown in Table 1.

TABLE 1
THE CRITERIA: TYPES OF SYSTEMATIC REVIEW

coefficient was calculated to measure the agreement between
observers.

F. Data Extraction and Management

A predesigned data extraction form was prepared and
uniformly used across all included studies.

Criteria Type Details

e Empirical studies that
validate soil sensors for
irrigation applications via

laboratory calibration,
field testing, or system
deployment.

¢ Studies that report

quantitative  performance
metrics  (e.g., RMSE,
MAE, R?  bias) or
operational outcomes (e.g.,
power consumption, cost
analysis, water use
efficiency).

Inclusion
Criteria

o Integrated innovative
irrigation  systems  that
incorporate sensor data for
automated decision-
making.

e Peer-reviewed articles
published in  English
between 2015 and 2025.

e Conceptual papers,
systematic reviews, meta-
analyses, or conference
abstracts without primary
data.

e Studies exclusively
examining remote sensing

Exclusion without ground-based

Criteria sensor integration.

e Studies for which there
were not enough
methodological details to
be able to assess quality.

e Non-agricultural uses (e.g.,
environmental
surveillance, construction).

E. Study Selection Process

Covidence was used to ensure a systematic review by two
separate reviewers. Title and abstract review was conducted
before reading the full text to assess eligibility. Divergences
were resolved through discussion; a third reviewer was
consulted in the event of disagreement. Cohen's kappa
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Study Characteristics: Bibliometric information,
geographical location, study design, duration, and
sample size

Sensor Specifications: Technology type,
manufacturer/model, measurement range, resolution,
and accuracy specifications (if available), and
installation depth.

Method Validation: Reference procedure
(gravimetric, time-domain reflectometry), procedures
for calibration, environmental correction techniques,
quality control strategies

Performance Measures: Accuracy criteria (RMSE,
MAE, bias, R?), precision parameters (repeatability,
reproducibility), temporal stability (drift coefficients)
Deployment :Power redundancy, communication
protocols, network topology features, cost analysis,
and maintenance issues.

Agriculture Results: Water use efficiency, irrigation
scheduling, CANTOR/RP366.3ague impact, return
on investment.

G. Quality Assessment

Studies of Diagnostic Accuracy: The QUADAS-2 tool
modified for sensor validation studies was used to
assess the risk of bias in four domains (patient
selection, index test conduct, reference standard, and
flow/ timing).

System Implementation Studies: JBI appraisal
checklists for technology assessment and economic
evaluation were used to evaluate the methodological
quality of studies.

Inter-rater Reliability: A pair of reviewers conducted
separate reviews of all the included studies, with
differences resolved by consensus. Inter-observer
agreement was assessed using Cohen's kappa
coefficients.

H. Data Synthesis and Analysis

Quantitative Synthesis: A random-effects model was
used to meta-analyze three or more studies that
reported similar measurements with the same
reference standard, the testosterone metabolism ratio
(APMR). Heterogeneity was tested using the I?
statistic and the Cochran Q test.

Subgroup Analysis: Pre-planned analyses examined
performance variations by soil type, salinity level,
temperature range, and calibration methodology.
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Publication Bias Assessment: Funnel plots and Egger's
regression test were used to evaluate small-study
effects when 10 or more studies were available.

Narrative Synthesis: Where quantitative synthesis was
inappropriate, structured narrative synthesis organized
findings thematically by sensor technology and
application context.

L Certainty of Evidence Assessment

Evidence certainty was evaluated using a modified GRADE
approach. Observational studies initially had a "low certainty"
rating and were subsequently adjusted based on the risk of bias,
consistency, directness, precision, and dose-response
relationships. Lastly, Figure 2 describes the methodology of
this systematic review.

Step 1:
Protocol
Registration

Step 4:
Full-Text
Review

Step 4:
Full-Text
Review

Step 6:
Risk of Bias
Assessment

Step 6:
Risk of Bias
Assessment

Fig.2. A systematised methodology process of our systematic
review.

IV. RESULT

This systematic review combines results across 156 studies,
including laboratory validations and large field deployments
achieved from the years 2015-2025.

A. Study Selection and Characteristics

The comprehensive literature search retrieved 2,847 articles
after deduplication. For the efficacy and safety analysis, 2,156
publications were rejected during title and abstract screening;
691 of these were evaluated as full-text articles. Ultimately, we
identified 156 eligible articles. The study selection process
according to Database and Document Type for this systematic
review is provided in Table 2.
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TABLE 2
THE STUDY SELECTION SUMMARY BY DATABASE AND
DOCUMENT TYPE
Database Initial Duplica SAct::Z Journ Confere Final
Records tes R als nces Included
ning
Scopus 847 412 298 245 53 52
Web of 623 381 189 167 2 38
Science
Science 389 198 145 145 0 31
Direct
[EEE 445 267 134 98 36 18
Xplore
SpringerL. | o 189 67 54 13 9
ink
ACM
Digital 156 98 45 32 13 5
Library
PubMed 89 56 24 24 0 3
TOTAL 2,847 1,920 927 765 137 156

Geographic and method distribution: The distribution of
reviewed studies consisted of laboratory calibrations (n=45),
controlled greenhouse trials (n=38), field deployments (n=52)
and integrated systems evaluations (n=21). Geographically,
North America (35%) was the most common place of and
followed by Europe (28%), Asia (22%) and Australia (10%),
rest 5%.

Time Scale: There has been a remarkable increase in the
number of publications from 2015 (n = 29) to 2024 (n = 15),
suggesting that researches on novelty irrigation technologies
were gaining increasing attention.

B. Sensor Technology Evolution and Landscape

Nowadays, many innovative irrigation systems use different
sensor families, each with defined performance and deployment
obligations. We can see an evolution from the simple Internet
of Things (IoT) sensors (2015-2017) to machine learning
integration (2018-2020) and, later, to advanced edge processing
and sustainability-focused solutions (2021-2025).

Key technological milestones include:

2015: The first IoT sensors are rolled out within
agriculture.

2016: LoRaWAN implementation for long-range
connectivity.

2018: Introduction of cloud-based analytics platforms.
2019: Basic ML algorithms for irrigation prediction.
2020: Edge processing capabilities development.
2021: 5G network integration trials.

2022: Advanced deep learning implementations.
2023: Sustainability-focused system designs.

2024: Al processing at edge devices.

2025: Blockchain integration for data integrity.
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Smart Irrigation Tech Timeline
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Edge Al Carbon 1oatprin.
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.
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Year

Fig.3. A comparative survey of soil sensing technologies
concerning accuracy, cost, and power consumption.

C. Sensor Performance Synthesis

A comparison of the two sensor technologies' performances
will be added to Table 3.

TABLE 3
SENSOR TECHNOLOGY PERFORMANCE COMPARISON
0.01- 500- 100- Moderate-
TOR/IDT 103 | 1200 | 200 High Low | 0-100
0.02- | 200- | 30-
FDR -
' / 0.05 500 <0 Moderate Low 0-60
Capacitive
Low-cost | 0.03- 1 150 | 530 High High | 0-30

Capacitive 0.09

Tensiomet | 0.02- 150- 20- .
004 | 400 | s0 | oW | High | 0-80
er ’ Moderate
.. N/A
EC/Salinit . 100- 15- Mod
(Auxi Low- N/A
y . 300 40 erate
liary) Moderate
- 0.05- . Very
Resistive 0.15 10-50 5-15 High High 0-20
Multi- .02-
u “t %%6 400- | 80- High High | 0-80
parameter . 1000 150
Soil Sensor Comparison
) Sensor Type
0055 - TOR/TOT
o FOR/Capaciive
008 ® Low-cost Capacitive
* Tonciometer
Ecrsalniy
0045 * Multi-paramatar
004
B oms .
|9
o0a [ ]

00 200 300 400 500 800 700 800

Cost (S)
Fig.4. Comparison of various soil sensor techniques (accuracy
(RMSE), cost, and power consumption). Bubble size
expresses power needs, being useful for sensor choice.

1. Dielectric Sensors

e TDR/TDT Performance: Pooled RMSE of 0.016m*m?
(95% CI: 0.012-0.021) for  well-calibrated
measurements was calculated using meta-analysis of
23 studies. Nevertheless, high power demand (100-
200 mW) constrains its application in IoT.

e FDR/Commercial Capacitive: Moderate accuracy was
obtained by these sensors with a pooled RMSE of
0.035 m¥m® (95% CI: 0.028-0.042) based on 18
studies, reflecting the best cost-performance tradeoff
for field usage.

e Low-cost Capacitive: After intensive calibration
processes, the meta-analysis of 31 studies reported a
pooled RMSE of 0.045 m*m?® (95% CI 0.038 to
0.052). The calibration technique had a significant
impact on performance (p < 0.001).

2. Matric Potential Sensors

A tensiometer proved reliable under wet-to-moderate
conditions (0—80 kPa range); the pooled RMSE accuracy was
0.025 m3*m?3. Nevertheless, these sensors sustained some
damage in arid areas due to cavitation.

D. System Architecture and Integration

Modern implementations use layered architectures where
several technology layers are stacked, including (from bottom
to top): environmental sensing, data transport, data processing,
cloud analytics, and irrigation actuation (see Figure 5)

3. Processing & Data Storage, Big Data
Analysis, Making-Decision

er Application

(]

(]

K]

e ;
2. Communication Technologys ;

5 2 LoRa, NB-IoT, Wifi, etc.
4. Interacting with farmers/owner
through application

Database

Establish reliable, secure, and robust

communications between Cloud and farms ﬂﬂ

] F
I
Sensor

‘ 1. Monitoring farming environment based on IoT devices.

Fig.5. [oT innovative architecture of the irrigation system
from sensing to control, communication protocols, and
distribution processing.
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1. Communication Technologies

TABLE 4
10T COMMUNICATION TECHNOLOGIES COMPARISON
LoRa 2- Very 05'30- 12‘-) Rural Low Excel-
WAN 15 Low Urban lent
kbps years
NB-IoT 1-10 Low | 20204 15 Urban | M Good
kbps years um
- . 11-600 Days- Limit- Limit-
Wi-Fi 0.1 High Mbps Weeks ed Low ed
Zigbee 0.1-1 Low 20-250 13 Local Low Good
kbps years
. 1-20 Hours- .
5G 1-5 High Gbps Days Urban High Future
Bluetooth Very 1-3 Month Yeliy Very
LE 0.01- Low Mbps s- Limite Low Poor
0.1 PS Years d

As shown in Table 4, LoRaWAN is the obvious choice when
it comes to use in rural areas since it provides a coverage range
of 2 to 15 km and has a battery life spanning several years
(95%). Although NB-IoT is more appropriate for urban
coverage, it depends on existing cellular network infrastructure
to function effectively.

2. Edge Computing Integration

Advanced deployments are also incorporating edge
capabilities in order to allow for immediate decision-making
and in order to decrease dependence on the cloud. When facing
connectivity outages, edge systems achieved a 40% reduction
in response latency and a 60% increase in fault tolerance.
Finally, the topics of IoT and Sustainability of Systems, Urban,
and Algorithms are shown in Figure 6.

= Cloud Computing
Wireless Sehsor Retwork
= Fdge Computing

Smart rrigation 8 Urban Agriculture Applications

Blockchain

loT loT Systems

WiorawaN
W sustainability

[l Water Management

= Water Use Efficiency

= Energy Efficlency

W Arduino

W ESPB266

[l sensor Networks

M Time Domain Reflectometry
= Calibration

ISustamabvll\y & Water Managem

Iwm.. Technologies

IAk;uunum & Machine Learning

Soil Moisture

I Precision Agriculture

I Machine Leaming
M Fuzzy Logic

Fig.6. [oT and Sustainability of Systems, Urban, and
Algorithms.

E. Machine Learning Applications

When referring to the figures and tables in your article, please
use " Fig.” even if the clause opens a sentence. Do not
abbreviate “Table.” All tabular information shall be numbered
in Roman numerals.

TABLE 5
MACHINE LEARNING APPLICATIONS PERFORMANCE [28-30].

Support 85

Vector Classification 95 Fast Low Medium Good
Machine

Rand 88-

andom Prediction Medium High Medium Excellent

Forest 96

Neural Pattern 90- Very .
Networks Recognition 98 Slow Low High Poor
Decision Decision 80- .

Trees Making 9 Fast High Low Excellent

Deep

. Image 92- Very Very Very

Learning . . Poor

CNN Analysis 99 Slow Low High

LST™M . . 85- . .
Networks Time Series o4 Slow Low High Fair
Ensemble Multi- 90- . . .
Methods objective 97 Medium Medium High Good

From Table 5, we observe that Random Forests offer an
excellent balance between accuracy (88-96%) and
interpretability, making them attractive for deployment at the
edge. On the other hand, deep learning models provide higher
pattern recognition accuracy (90-98%) but are much more
computationally intensive and are not suitable for field devices.

Predictive modelling performance: ML-based systems
delivered a 15-30% relative increase in irrigation scheduling
accuracy compared to rule-based methods (p<0.01) [31-32].
The ensemble approaches, which integrate multi-sensor data,
showed the most robust performance across all settings.

F. Economic and Environmental Impact Assessment

SUSTAINABILITY AND ENVIRONMENTAL IMPACT
Water Energy F?)z:::i:t ROI
Category Savings Efficiency Reduction Period Ability Level
(%) (Years)
(%)
Traflm(-)nal 0 . Low 0 N/A Manual 9
Irrigation Baseline
Basic [oT 1525 Medium 10-20 35 Limited 7-8
Systems
Smart ToT .
ML 25-35 High 20-35 2-4 Good 6-7
Edge
Computing 30-40 Very High 25-40 2-3 Excellent 5-6
Systems
Al-Driven 35-50 High 30-45 153 Excellent 45
Systems

As shown in Table 6 [33], advanced Al-based systems
offered between 35- 50% water savings, with an ROI period
varying from 1.5 years to 3 years, compared to the conventional
methods of irrigation. The cost efficiency of the edge
computing system is just right and can achieve 30-40% water
savings, with good scalability.
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Cost—Benefit Analysis: Model estimates suggest that break-
even points vary widely by farm size and crop value. {High-
value horticultural enterprises may enable high-cost sensors
($500-$1,200/up if at a cost-effective scale), as opposed to
expansive uses where low-cost dense sensor networks are
desired on a redundancy-supported reliability basis ($20-
$100/up as particular sensor devices may drive $A100-
$400/up).

G. Comprehensive Sensor Technology Comparison

TABLE 7
COMPREHENSIVE SENSOR TECHNOLOGY COMPARISON
Very .
High
high Salinity & Research
Moderat 500
TDR/TDT (RMSE: | bulk density | tz :I:ah © and high-
0.01-0.02 effects g value crops
1200)
m?*/m3)
Moderate
FDR/Capacitanc to high Salinity & Mid General field
. after temperature Moderate ($200 deployments
calibratio sensitive -500) ploy
n
Moderate . Very
Low-cost (RMSE: en[c)lr(f’re High low Lardgeer:zale
Ul
capacitive 0.03-0.08 | oS € (20 |
m¥m?) o 100)
i
igh for o Mid o
Tensi " wet to Cavitation/dr Low- (5150 Irrigation
enstometer field y range limits | Moderate 400) thresholds
capacity
Very
Resistive probes Low to Strong Moderate low Short-term
P moderate salinity drift -High ($10- monitoring
50)
. Low- ..
EC/Salinity N/A for tef: ”elr‘:tg’re Low- Mid Cmsnal:::ayﬁo
sensors VWC de S o de:ce Moderate ($100 P o
P -300)
. High
Mixed—
lexi 4 R« h
Multi-parameter depends _Comp e_x1ty High (8400 eseare
on stack interactions - plots
1000)

1. Comprehensive Key Synthesis Findings

The following findings are supported by a 156-study meta-
analytic synthesis:

TDR/TDT Dominance: Despite potential for further
improvements, still the most accurate point-based
sensor technology (pooled RMSE: 0.016 m*/m?), with
appropriate financial investment and technical
capacity/resources.

Low-cost Feasibility: Capacitance probes provide
acceptable accuracy for irrigation management post-
strenuous, location-specific  calibration (RMSE
improvement: 20-40% after calibration).
Compensation Requirement: The EC sensor should be
compensated for the effects of salinity and temperature
to ensure stable operations under challenging
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conditions, and the introduction of an EC sensor can
enhance system reliability by 25~35%.

H. Technology Limitations and Knowledge Gaps
1. Standardization Deficiencies

The results of the present literature review show inconsistent
calibration reporting in 67% of studies, which hinders valid
meta-analytical summarization. There is a serious need for
standardized methods that account for the effects of soil texture,
salinity, and temperature.

2. Long-term Stability

There is little data on sensor drift behavior at 1-year follow-
up, especially for low-cost devices. Drift coefficients for field
deployments exceeding 6 months were provided in only 23% of
studies.

3. Integration Challenges

Moreover, multi-sensor fusion techniques are not yet mature,
as 78% of existing systems operate with a single sensor
modality, even though the advantages of combined approaches
are evident in practice.

1. Emerging Trends and Future Directions
1. Sensor Fusion Advances

Recent approaches have tended to combine different types of
measurement modality (dielectric, matric potential, salinity).
Still, these are commonly treated in isolation, and only a
heuristic is used to ‘fuse’ the decisions made across these
modalities. The use of transfer learning techniques appears
promising for alleviating the need for site-specific calibrations.

2. Energy Harvesting Integration

Energy scavenging techniques, such as solar and thermal
power generation, enable continuous sensor operation with an
89% field-trial uptime, solving the battery-maintenance
problem associated with remote deployments.

3. Blockchain for Data Integrity

Emerging scenarios (2025) range from blockchain-related
data integrity, traceability, and automated payment systems;
pilot projects with a minimum of 99.9% data rigidity.

V. DISCUSSION

In this review, soil sensor technologies and their utilization in
smart irrigation systems over 156 studies, including laboratory-
validated to field-tested at large scale adaptations are
systematically evaluated. The results show that the quality of
sensors, their cost and integration to a system have been greatly
enhanced. However, several of the current challenges and
research gaps still need to be addressed with a focus on research
and innovation in order to promote massive use and sustainable
agricultural practices.
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A. Sensor Technology Performance and Trade-offs
1. Accuracy-Cost Paradigm

The meta-analyses show that an accuracy-cost hierarchy
among sensor families exists with major strategic deployment
implications. TDR/TDT sensors remain the standard for VWC
measurement, and had an overall combined RMSE of 0.016
m¥/m* (95% CI: 0.012-0.021) across all soil types.
Nevertheless, their high cost ($§500-$1,200 per node) and low
power efficiency (100— 200 mW) prevent them from being used
in precision agriculture at the broad scale required for a dense
deployment of sensors. Cheap capacitive sensors are promising
when applied with rigorous calibration. Pooling 31 validation
studies in a meta-analysis, site-specific calibration reduces the
RMSE from 0.08 to 0.045 m3/m? (i.c., achieves a 44% reduction
in measurement bias). These findings contradict the common
assumption that inexpensive sensors are not satisfactory for
precision irrigation, provided that a good calibration and quality
assurance procedure is in place.

2. Environmental Robustness Challenges

It is concluded that soil salinity and temperature variations are
two principal environmental factors affecting sensor
performance, as presented in this review. The influence was
more pronounced for the dielectric sensors, where errors were
raised by 15 to 30% in soils with EC values greater than 4 dS/m.
The multi-parameter sensing strategy, including EC
measurements for salinity compensation, is very important, and
it significantly improved (improvement factor of system
reliability up to 25-35%) the estimation of soil moisture when
an EC sensor was combined with the first primary humidity
Sensor.

B. System Architecture Evolution and Integration
1. Communication Technology Optimization

The analysis of different IoT communication protocols
indicates that LoRaWAN is also very suitable for smart
agriculture, and has the best range (2-15 km) performance as
well as an ultra-low-power use case with battery lifetimes up to
2-10 years. These results are in line with findings based on in-
field roll-out numbers, which indicate that 95% of successful
agricultural IoT implementations initiated used LoRaWAN,
whereas other technologies (NB-IoT and Wi-Fi) were adopted
at a modest rate of about 23% [34].

2. Machine Learning Integration Maturity

The development of ML-based applications shows
significant differences in algorithmic performance and
deployment capabilities. Random Forest models perform well
in terms of accuracy (88-96%), are computationally very
efficient, and are an ideal function approximator for
deployment in edge architectures. Although they perform better
than non-deep learning models (with 90-98% accuracy), deep
learning is still computationally heavy and not applicable to
edge devices in the field that cannot handle high computational
load.
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C. Economic Viability and Sustainability Assessment
1. Return on Investment Analysis

An economic model indicates substantial variability in cost-
effectiveness across implementation scales and crop types. The
investment in high-end sensor technologies can be justified for
horticultural operations of high-value crops, with expected
payback periods of 1.5 to 3 years, particularly due to enhanced
water-use efficiency and reduced crop stress [35]. Broadacre
agriculture needs a different approach. Here, using many low-
cost sensors and systems that can handle faults through
redundancy is preferred. Sustainability checks show that
combining advanced technologies brings only small
environmental benefits. However, Al-based systems can save
35-50% of water compared to traditional irrigation, and they
can reduce the carbon footprint by 30-45% through better
power use and less fertilizer.

D. Critical Knowledge Gaps and Research Priorities
1. Calibration Standardization Crisis

A major barrier to using technology widely is the lack of
standard calibration methods. Field calibration is often poor. In
fact, 67% of the studies reviewed did not report all the details
needed for full model calibration, such as soil texture, salinity,
and temperature [36]. Without a standard method, it is hard to
do meta-analyses or apply research findings in practice.

2. Long-term Stability Assessment

A further key knowledge gap is sensor drift characterization,
as only 23% (9/39) of the studies included reported longitudinal
performance beyond >6 months [37]. The pitch error is likely a
precarious proposition in the lower budget bracket, as drift
problems can really make real-world accuracy suffer after some
time.

VI. CONCLUSION

Using 156 published studies, this review describes soil sensor
technologies from the laboratory to commercial irrigation
management of new systems. Findings show a notable
reinforcement through technological maturation for all sensor
families, communication protocols and system architectures,
which are analysed in conjunction with key research gaps
needed to be filled for broader market penetration.

A. Key Findings and Technological Maturity

At the top end of the cost range, performance differences in
sensor technology are readily apparent; TDR/TDT systems
produce lower RMSE values (0.016 m*/m?). Conversely, cheap
capacitive sensors can reach mvvg accuracy (RMSE=0.045
m?/m®) on the basis of advanced calibration methods. Meta-
analytic pooling of results reveals strong effects of calibration
method on standard sensor capacities (p < 0.001), illustrating
the importance of common validation protocols. LoORaWAN
protocol, a long-range and ultra-low-power consumption
technology, is the most common solution for agro-lIoT
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applications. You are then integrating edge computing, aimed
at overcoming processing limitations and further improving
availability — reducing response time by 40% and increasing the
system's ability of the system to resist network failure by 60%.

B. Economic and Environmental Impact

Economic analysis shows large differences in cost-
effectiveness across scale of adoption and crop type. Al systems
can achieve 35-50% water savings and have ROI in the range
of 1.5 to 3 years for high-value crops, while edge computing
brings scale viability for broadacre deployment. There are
environmental benefits other than water sustainability too...
with significant resource efficiency of 30-45 per cent leading to
a cut in carbon footprint.

C. Critical Research Imperatives

Calibration standardization is the key barrier to its use in
routine care, with 67% of evaluative studies not providing full
validation information. In the field, there is an urgent
requirement for standardized protocols that will support
technology transfer together with significant cross-study
comparability. Long-term stability should be investigated in
the short term, as only 23% of the studies present longitudinal
data of performance higher than 6 months. Sensor fusion has
been known for several years as it proposes multiple sensors,
but only 78% of systems use single-sensor modes.

D. Technological Integration Paradigm

A sensor or technology is not the universal solution for soil
moisture monitoring across different soil types and production
systems. The form of analysis strongly favors a hierarchical
combination of:

Point sensors (TDR/FDR/capacitive) for local control
and high-temporal resolution monitoring.

Field-scale sensors (CRNS) for spatial context and
representativeness assessment.

Remote sensing products for watershed-scale water
balance closure.

IoT-enabled edge analytics for enhanced system
resilience and real-time decision support [38].

The integrated approach overcomes the limitations of single
technology deployments and maximizes cost-effective range
across a wide variety of operational scenarios and
environmental conditions.

VII. RECOMMENDATIONS
A. Recommendations for Practitioners

1. System Design and Deployment

Hybrid Measurement Approach: Develop fused
measurement networks combining 2-3 calibrated point
sensors per management zone and field-scale
techniques to minimise representativeness errors and
enhance coverage.
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Calibration Procedural Protocol: Develop rigorous
soil-specific calibration procedures that include in-situ
measurement of soil texture, bulk density, and salinity
characteristics. Even cheap capacitive sensors need an
annual calibration check.

Adaptive Threshold Management: Set specific
thresholds for different crop types and growth stages
for volumetric water content (VWC) or matric
potential measurements and connect them with
automated valve control systems for better irrigation
efficiency.

Technology Selection and Implementation

For private sensor networks that use local gateways
powered by batteries, LoORaWAN is usually the best
choice. If the site has a strong cellular signal, you can
also consider NB-IoT or LTE-M as alternatives to
standard 4G/LTE.

Edge Computing Integration: Implement local data
processing and storage capabilities with automated
contingency protocols to ensure uninterrupted
communication during network outages.

B. Recommendations for Researchers
1. Standardization and Validation

e Transparent Benchmarking Protocols: Report

standardized accuracy metrics (RMSE, MAE, bias)
relative to gravimetric measurements or rigorously
calibrated TDR/TDT reference systems.

Long-term Stability Assessment: Conduct extended
validation studies (minimum 12-24 months) to
quantify sensor drift rates, environmental robustness,
and maintenance requirements.

2. Advanced Technology Development

e  Multi-Sensor Fusion Research: Develop methods to

combine CRNS, synthetic aperture radar (SAR), and
in-situ sensor networks to estimate root-zone water
storage at the field scale.

Use machine learning methods to create calibration
models that work well across different agricultural
sites.

VIII. LIMITATIONS

Only peer-reviewed studies were included in this systematic
review, and most are from English-language databases (which
may introduce bias due to geographic/language issues).
Publication bias is a serious problem, especially when failed
interventions and negative results are not published. The time
period 2015-2025 used may also have missed earlier studies
that may have set the basis for establishing performance
benchmarks. Long-term follow-up is limited, and only 23% of
studies provided data on long-term follow-up of >6 months.
The review was dominated by temperate and Mediterranean
agricultural systems, with little inclusion of tropical, Arctic, or
arid extremes.
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IX. DIRECTIONS FOR FUTURE RESEARCH

A. Critical Technology Development Priorities

New Calibration Approaches: Create PIML
technologies for automated calibration to account for
soil physics, environmental factors, and sensor
properties to achieve accurate calibration.

Predictive Maintenance Systems: Investigate sensor
drift prediction models and automated recalibration
procedures to extend operational lifespans and reduce
maintenance requirements.

Next-generation Sensor Technologies: Explore
emerging sensing principles, including fibre-optic
distributed sensing, electromagnetic resonance
methods, and bio-impedance spectroscopy.

B. System Integration and Optimization

Autonomous irrigation systems: Develop fully
autonomous irrigation control systems that incorporate
sensor networks, weather prediction, crop modelling,
and adaptive control algorithms [39].

Digital twin development: Develop integrated digital
models of the soil-plant-atmosphere continuum and
sensor network/Irrigation infrastructure for improved
operational efficiency & effectiveness.

C. Sustainability and Resilience Research

e Climate Change Adaptation: Investigate system
performance under projected climate change
scenarios, including increased temperature variability,
altered precipitation patterns, and extreme weather
events.

Circular Economy Integration: Explore sensor
lifecycle management, recycling strategies, and

sustainable manufacturing approaches.
X. PRACTICAL IMPLICATIONS
A. Implementation Strategy Framework

According to the study, staged sensor and analytics
installation was the best route for maximizing water savings
with cost-effectiveness. They are now faced with a pressing
need to integrate the existing technology and new inexpensive
devices in hybrid sensor networks for striking an optimal
balance between accuracy and cost.

B. Economic Investment Guidelines

Allocation of capital should also be informed by the value
that pertain to cropping system and the level of management,
with intensive horticultural enterprises even justify further
sensor investments for precision water application. In practice
such approaches are different in nature, concentrating on dense
uncoordinated sensor networks with a relatively cheap and
reliable redundancy-based scheme.
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C. Technology Transition Management

Staged introduction for field-scale implementation In the
management of technology transition, it is this kind of staged
deployment that should become part of the technology
transition process where piloting along representative fields
(only in cases where uptake had been successful) precedes full-
farm adoption. This encourages stepwise learning, systems
adjustment and minimal financial risk and disruption to the
operative service [40].
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