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ARTICLE INFO ABSTRACT

Keywords: Water scarcity demands efficient irrigation, yet conventional technologies remain inaccessible to low-income
Precision agriculture farmers. Low-cost, easy-to-use sensors represent a promising alternative. This study develop and evaluate a
Arduino

soil moisture monitoring system using low-cost capacitive sensors (SKU: CE09640) integrated with an Arduino
microcontroller, featuring RGB LED alerts to indicate soil water status. Field validation was conducted in kale
(Brassica oleracea var. acephala) cultivation, comparing three irrigation management (IM) strategies: crop
evapotranspiration (ETc), tensiometers (IMT), and capacitive sensors (IMC). Sensors were calibrated in the
laboratory using the gravimetric method. The experiment followed a randomized block design in a 4 x 3 factorial
scheme, with four irrigation levels (50 %, 75 %, 100 %, and 125 % of the irrigation depth estimated by each
method). Number of commercial (NCL) and non-commercial leaves (NNCL), fresh weight (FMML), number of
mature leaves (NML), and water use productivity (WUP) were evaluated. Calibration results showed a strong
inverse correlation (R < -0.964), high fit ®R? > 0.95), and acceptable accuracy (RMSE < 0.05) in predicting soil
moisture compared to gravimetric method. Field validation revealed no significant interaction between factors
and similar performance among IM strategies for most variables. ETc-based IM showed the highest WUP (12.42 g
L'l), followed by IMC (10.95 g L’l), and IMT (9.82 g L'l), indicating that the SKU: CE09640 sensors enables greater
water savings than conventional devices like tensiometers. The findings support the use of SKU: CE09640 sensors
is a viable, accessible solution for IM, promoting efficient water use and benefiting smallholder farmers with
limited educational backgrounds or technical training.

Irrigation management
Capacitive sensors
Low-cost technology

1. Introduction

According to United Nations projections, the global population may
rise from 8 billion to 9.7 billion by 2050 [1,2]. Meeting the food demand
of this constantly growing population will require an estimated 70 %
increase in agricultural production over the next 26 years. At the same
time, the availability of arable land and water resources has been
steadily declining [3], with water scarcity recognized as one of the
greatest challenges to agricultural development. In this context, irriga-
tion emerges as a key strategy to secure sustainable food production;
however, it is also one of the agricultural practices that most intensively
consumes water and exacerbates resource scarcity. Therefore, sustain-
able solutions must reconcile the essential role of irrigation with the
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urgent need to optimize water use [4].

Vegetable cultivation is highly dependent on water, making it
particularly vulnerable to scarcity. Kale exemplifies this demand, as a
nutritionally rich crop whose productivity is strongly affected by irri-
gation practices. Both water deficit and overirrigation reduce yields and
increase costs, highlighting irrigation management (IM) as a central
pillar for sustainable vegetable production [5,6].

Fares and Alva (2000); Schlank et al. (2024) [7,8] state that a
common problem in any irrigation system is determining the appro-
priate duration of irrigation and the amount of water to be applied per
irrigation event. They also noted that farmers typically rely on visual
assessment of crop response to decide when to irrigate; however, in most
cases, these visual signs correspond to levels of water stress that
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negatively affect crop growth and/or yield. Recent studies [9,10]
confirm that this practice remains widespread, particularly in devel-
oping regions, where limited access of technology and technical training
constrains the adoption of more precise IM techniques. This scenario
highlights the relevance of exploring accessible and easy-to-use or
implement alternatives for IM.

Given the central role of IM in sustaining productivity, recent studies
have explored low-cost technologies to support decision-making. In the
review by Margiwiyatno et al. (2025) [11], several affordable IM solu-
tions are discussed, including models such as the SKU: CE09640 sensor.
However, despite their economic accessibility, many devices remain
operationally complex [12-14], which restricts adoption among farmers
with limited technical training [15]. Furthermore, most commercially
available capacitive soil moisture sensors still require technical expertise
and agricultural experience for effective use [11,16]. These constraints
underscore the need for research into solutions that combine afford-
ability with operational simplicity [17].

IM aims to determine the optimal amount and appropriate timing of
irrigation to meet crop water requirements. It is an essential practice not
only to ensure the efficient use of water and the resulting increase in
productivity, but also to promote the efficient use of other agricultural
inputs and production factors that influence final yield. Proper IM will
become even more critical as water access restrictions continue to in-
crease [18], which is a major concern in irrigated agriculture, especially
in vegetable cultivation, and requires locally adapted solutions [19].
Various tools have been developed to estimate the correct crop water
demand and determine the optimal timing for irrigation in a timely and
efficient manner, including weather stations, aerial and satellite-based
remote sensing platforms, computer models, plant feedback sensors,
and soil moisture sensors [20-22]. Soil moisture sensors have proven to
be effective for IM, contributing to increased productivity and water
conservation [23,24]. These sensors can detect moisture deficiencies
before visual symptoms appear [25].

As a core component of IM, irrigation scheduling can be carried out
based on: 1) soil moisture in the plant root zone, 2) the amount of water
lost through evapotranspiration, and 3) the plant’s response to water
stress [24,26]. Soil moisture-based irrigation scheduling has been in use
for a longer time compared to the other methods [23,24] in this method,
the amount of water to be applied and the timing of irrigation are
calculated based on the available soil moisture, which can be deter-
mined by weighing and drying soil samples from the area of interest
(gravimetric method) [27,28]. However, this process can be
time-consuming and labor-intensive, as proper irrigation management
may require frequent measurements [12]. The gravimetric method is not
able to provide real-time soil moisture measurements, become practi-
cally infeasible for large field in situ soil moisture measurements [14].

In recent years, driven by scientific and technological advances and
the deepening of soil science studies, several direct and indirect methods
and devices for detecting soil moisture have been developed and made
commercially available, with the aim of overcoming the limitations of
real-time monitoring and spatiotemporal variability. These methods are
generally evaluated in terms of cost and accessibility, accuracy and
reliability, spatial and temporal resolution, response time, durability
and maintenance requirements, and sensitivity to soil-specific factors
such as salinity, texture, and temperature. In this context, earlier re-
searchers have employed a wide range of techniques for soil moisture
measurement [53], including thermo-gravimetric methods, neutron
scattering, soil resistivity, tensiometers, dielectric-based techniques
such as time domain reflectometry (TDR), frequency domain reflec-
tometry (FDR), and capacitance sensors, as well as other approaches
such as remote sensing [29]. The evaluation of these instruments shows
that each technology presents advantages and limitations when exam-
ined under these criteria.

The neutron probe is highly accurate but involves health and envi-
ronmental risks due to its radioactive source, in addition to high
acquisition and maintenance costs, low depth resolution, and the need

Smart Agricultural Technology 12 (2025) 101596

for soil-specific calibration, which restrict its practical use [24,29,30].
Tensiometers, while low-cost and easy to use without complex elec-
tronics, perform poorly in fine-textured soils and require frequent
maintenance [22,29,30]. Electromagnetic sensors such as TDRs offer
safe installation and real-time volumetric moisture readings, but their
performance declines in saline soils and their initial cost is high [29,31].
FDR sensors are also accurate but sensitive to soil salinity, temperature,
and clay content, and require specific calibration, limiting their appli-
cability in heterogeneous conditions [29,32].

Capacitive sensors emerge as a promising low-cost alternative due to
their simplicity, ease of use, and negligible maintenance after installa-
tion. When properly calibrated, they can provide useful estimates of soil
moisture at various depths, making them particularly suitable for
resource-constrained agricultural settings [11,17].

Indurthi; Sarma; Vinod (2024) [25] report that adopting precision
technologies for IM can increase yields by 20 % to 30 % compared to
traditional methods. Similarly, El-Naggar et al. (2020) [33] observed
water savings of 15 % to 51 % when farmers used soil moisture sensors
instead of fixed IS. While the benefits of improved IM are well docu-
mented, high equipment costs remain a barrier for smallholder farmers
in developing regions [11,34]. More recent studies emphasize an addi-
tional challenge: even when low-cost devices are available, their oper-
ational complexity often makes them inaccessible to users with limited
technical training [10,35]. Although various affordable sensing tech-
nologies have been proposed, few have been tested under real field
conditions or designed with usability by low-literacy farmers in mind,
limiting their scalability and adoption.

In this context, most soil moisture monitoring solutions still face
limitations related to cost, calibration requirements, or the need for
continuous digital data interpretation, which restrict their use by
smallholder farmers [14,16,30]. To address these gaps, the present study
proposes a low-cost and user-friendly approach that integrates capaci-
tive soil moisture sensors with Arduino-based technology, delivering
intuitive visual feedback through RGB LEDs. The specific objectives
were to:

Design and build a soil moisture monitoring prototype using low-cost
capacitive sensors integrated with Arduino.

Implement a simple LED-based alert system to indicate soil moisture
levels in an intuitive and interpretable way.

Evaluate the performance of the prototype in irrigated vegetable
cultivation, emphasizing its potential to increase accessibility for
low-literacy farmers and enhance irrigation management practices.

2. Materials and methods
2.1. Experimental setup

To address the research objectives, the study was conducted at the
experimental area of the Department of Rural Engineering and Socio-
economics, School of Agricultural Sciences (FCA), Sao Paulo State
University “Jdlio de Mesquita Filho” (UNESP), Botucatu Campus, Sao
Paulo, Brazil; located at coordinates 22° 50' 48" S, 48° 26' 06" W and at
an altitude of 786 m [36]. The sensors calibration was carried out in the
Irrigation Laboratory of the same department.

The region’s climate is classified according to the Koppen system as
Aw, characterized by a rainy summer and dry winter. The hottest
months occur during the summer, with average maximum temperatures
around 23.80 °C and peak rainfall reaching approximately 310.37 mm
[37]. In winter, average minimum temperatures are recorded around
18.28 °C in July, with minimum rainfall around 38.76 mm in August.

The soil in the area is classified as Dystrophic Red Latosol, according
to the Embrapa classification system [38]. Table 1 presents the physical
and chemical soil analysis data from the experimental area, conducted at
the Soil Laboratory of the Department of Soils and Environmental Re-
sources, FCA — UNESP.
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Table 1

Results of the physical and chemical soil analysis from the experimental area.
Sand Silt Clay Porosity oM EC Presin K CEC A
— (gkg") — (%) g dm? ps em’?t mg dm™ -(mmol, dm™)- (%)
638 66 296 45.42 23.6 147.7 21 3.2 82.6 64.5

OM - organic matter; EC — electrical conductivity; K — potassium; CEC - cation exchange capacity; V — base saturation.

2.2. Sensor specifications and calibration

Most low-cost soil moisture sensors do not come with factory cali-
bration, and there is little information available about their calibration
or results regarding their accuracy in estimating soil moisture content
[28,39]. Therefore, before field use, it is essential to calibrate the sensors
or understand their behavior in estimating actual moisture. In this study,
capacitive soil moisture sensors (model SKU: CE09640) were used
(Fig. 1a), with specifications presented in Table 2. Prior to installation,
the sensor circuitry was protected using 25 mm PVC tubing, 25 mm PVC
caps (Fig. 1b), and resin to prevent damage and minimize external
interference [40].

For sensor calibration, a data acquisition unit (Fig. 2) was developed
to continuously and uninterruptedly record the weight of soil samples
and sensor readings, based on the Arduino platform, due to its accessi-
bility, low cost, and ability to perform multiple operations simulta-
neously. The data acquisition unit was composed of: 12 soil moisture
sensors to be calibrated, 1 Arduino Mega 2560 microcontroller, 3 pre-
cision scales, 3 amplifier modules for each load cell from the scales, 1
microSD card module, 1 RTC (real-time clock) module, 1 rechargeable
battery pack, 1 charge controller, 1 12 V power supply, and various
wiring components to connect all parts of the device.

The microcontroller was programmed in C++ language using the
open-source Arduino IDE (version 2.3). The code was designed to collect
sensor readings and either display the data on a computer or record it on
a memory card, in the latter case also registering the date and time of
each reading. The code and additional system details are available in the
supplementary materials section.

The calibration was based on the gravimetric method, which is
considered a classical and direct approach [29,30,34]. It involved the
continuous and uninterrupted weighing of soil samples at room tem-
perature until a constant weight was reached, at which point it is
assumed that all soil moisture has been lost through evaporation [30,
41]. The moisture percentage (Eq. (1)) was calculated based on the
difference between wet weight and the dry weight of the sample.

WOT2(MNk& 26U20k AS

cebscr

201}

{1AE

N
—
=
S
(o}
w0
(=
@
w
(]
-
=)
-~
0
-~
O
> =

—
-
o

w
(7
>
-
-
~-
]
)
Q
L)

o

Fig. 1. Capacitive soil moisture sensor and protection procedure.

Table 2
SKU: CE09640 sensor specification.

Parameter Specification
Operating voltage 3.3~ 5.5VDC
Output voltage 0 ~ 3.0 VDC

Operating current 5mA

Dimensions 98 mm x 23 mm x 3 mm (length x width x thickness)

Weight 15g

Pins 3 pins (VCC, GND and Data)

Dimensions 98 mm x 23 mm

Accuracy +0.3 % for volumetric water content, 6 from 0 to 0.50 m® m™
Sensor output Analog and PWM

Frequency 100 MHz

Source: Abdelmoneim et al. (2025) [16].

j= T — e @

Where: u — gravimetric water content ( %); m,, — mass of the wet soil (g);
my — mass of the dry soil (g); 100 - conversion factor to percentage
(dimensionless).

The calibration aimed to develop equations describing the sensors’
behavior in estimating actual volumetric moisture (Eq. (2)), simulating
real field conditions information later used for IM. For this purpose,
three undisturbed soil samples were collected from the experimental
area at a depth of 0-0.20 m, using PVC cylinders measuring 0.12 m in
height and 0.10 m in internal diameter, following the methodology of
Gava; Silva; Baio (2016) [42], to ensure samples closely represented
field conditions (Fig. 3a). The physical and chemical properties of the
soil used for calibration are presented in Table 1.

factual = p * pb (2)

Where: factual — actual volumetric water content (cm® ecm™); u —
gravimetric water content ( %); pb — bulk density (g cm™).

md
pb = v 3)
Where: pb — bulk density (g cm™); mgq — mass of the dry soil (g); V —
volume of container used for sample collection (cm?).

After collection, the samples were properly packaged (Fig. 3b) and
sent to the Irrigation Laboratory at FCA — UNESP. In the laboratory, the
samples were individually placed in containers filled with irrigation
water (the same used in the field) (Fig. 3c) for slow saturation by
capillarity over a period of 24 h, following procedures like those
described by Fares; Alva (2000) and Gava; Silva; Baio (2016) [7,42].
Subsequently, four sensors were inserted into each cylinder to a depth of
0.06 m.

After saturation, each cylinder was placed on a precision scale (+ 1
g) (Fig. 4), connected to the microcontroller of the data acquisition
system, and kept there throughout the entire 30-day evaluation period.
During these 30 days, the data acquisition unit continuously recorded
both the sample weight and the analog readings from the capacitive
sensors at one-minute intervals, saving the data to a memory card via an
external memory card reader module connected to the microcontroller.
Data was collected weekly, at which point the precision scales were
recalibrated using a known-weight object, since these scales are prone to
calibration drift over time. During the recalibration process, some data
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Fig. 2. Data acquisition unit circuit

for soil moisture sensor calibration.

Fig. 3. Handling of soil samples for sensor calibration.

loss occurred due to sample movement, but it was not significant, as
each recalibration was completed in less than five minutes per scale.

When little or no variation in the soil sample weight over time was
observed, the evaluation was concluded. The sample was then removed
from the cylinders, and the residual moisture was eliminated by placing
it in a drying oven at 105 °C for 24 h. The resulting dry weight of the
undisturbed sample allowed for the calculation of the soil bulk density
for each sample (Eq. (3)), which was then used to compute the current
volumetric moisture content corresponding to the various sample
weight readings recorded throughout the evaluation.

With the calibration equations established, the irrigation depth
(Brep) was calculated considering the difference between 6. (volumetric

water content at field capacity) estimated using the calibration equation
from sensor readings recorded right after free drainage ceased in the soil
sample, which are assumed to correspond to field capacity conditions [7,
29] and 0Oactual (actual volumetric water content), estimated based on
sensor readings recorded during the moisture depletion phase beyond
field capacity.

2.3. Description of experimental research

2.3.1. Irrigation scheduling protocol
The experimental research aimed to evaluate the feasibility of a user-
friendly soil moisture monitoring system, developed by integrating low-
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Fig. 4. Data acquisition unit for soil sample weight and raw readings from capacitive sensors.

cost capacitive soil moisture sensors, an Arduino, and RGB LEDs, for the
purpose of IM in irrigated vegetable cultivation. To this end, different IM
techniques were applied, with the goal of comparing the soil moisture
and/or crop water demand results provided by established and widely
recognized high-precision methods with those of the system developed
in this study, as well as assessing their effect on crop productivity and
water use.

Three IM techniques were tested, namely: (i) climate-based man-
agement using data from the Meteorological Station of Fazenda Lageado
(FCA - UNESP, Botucatu) to determine crop water demand (ETc); and
two soil-based methods using (ii) tensiometers (IMT) and (iii) low-cost
capacitive soil moisture sensors (IMC). The information obtained from
the IM techniques compared was used to determine the irrigation depth
or soil moisture replenishment required to meet the crop’s water needs.
The test crop was kale (cv. Georgia), grown in two cropping cycles be-
tween April and November 2024. Drip irrigation was used in the
experimental cultivation area.

For climate-based irrigation management, daily reference evapo-
transpiration (ETo) data were used to determine crop evapotranspira-
tion (ETc) (Eq. (4)), which represents the amount of water that must be
replenished in the soil to compensate for the water lost by the plants
through transpiration and evaporation from moist surfaces around the
plant. The ETo data obtained from the meteorological station are
calculated based on the mathematical equation proposed by Penman-
Monteith [43], which is the standard method recommended by the
Food and Agriculture Organization (FAO).

ETc = ETox ke 4

Where: ETc - crop evapotranspiration (mm day™), ETo — reference
evapotranspiration (mm day™), ke — crop coefficient (dimensionless).

In the soil-based irrigation management using tensiometers, the soil
moisture monitoring devices (in this case, tensiometers) were installed
at depths of 15 cm (considered the average effective root depth for most
vegetables) and 30 cm. Based on the soil water retention curve con-
structed for the experimental area (Fig. 5), the irrigation depth was
calculated to restore soil moisture to 100 % of field capacity (FC), with
irrigation events triggered whenever readings indicated moisture below
FC. Two sets of tensiometers were installed to determine the matric
potential of soil water, each set consisting of two tensiometers.

The soil water retention curve for the experimental area used in this
study was developed based on a soil sample collected at a depth of 0.20
m. The analyses were carried out at the Department of Rural Engi-
neering, FCA — UNESP, using the Richards pressure chamber method
[44]. Once the values describing the relationship between soil moisture
and matric potential were obtained, the curve (Fig. 1) was fitted using
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Fig. 5. Soil water retention curve of the experimental area.

the SWRC software [45], applying the model proposed by Van Gen-
uchten (1980), which generated the parameters «, m, n, 6r, and 0s
(Table 3).

With the soil water retention curve data (Table 3) and the daily
readings of matric potential, the irrigation time was calculated using the
following equations: actual soil moisture (Eq. (5)), moisture to be
replenished (Eq. (6)), and net irrigation depth (Eq. (7)).

fs — Or
TENT ¢m|“r“) ®

Oactual = Or + (
Where: factual — actual volumetric moisture content (cm® ¢cm™3); 6r —
residual volumetric moisture content (cm® cm™); s — saturation volu-
metric moisture content (cm® cm™3); ¢m - soil water matric potential
(kPa); a, m, n — empirical parameters of the van Genuchten equation
(dimensionless).

Table 3
Parameters of the equation obtained from the model proposed by Van Gen-
uchten (1980).

Layer (m) o m n or Os
(cm3 cm'3)
0-0.20 1.225 0.260 2.918 0.172 0.782

Or — residual volumetric moisture content (cm® cm™3); s — saturation volumetric
moisture content (cm® cm™); o, m, n — empirical parameters of the van Gen-
uchten equation (dimensionless).
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Orep = Ofc + factual (6)

Where: frep — volumetric moisture content to be replenished (cm® cm™3);
ofc — volumetric moisture content at field capacity (cm® cm™3) (corre-
sponding to moisture at 7 kPa pressure, 0.29 cm® cm=3); factual — current
volumetric moisture (cm® cm™2).

Ll =6repxz @)

Where: Ll - net irrigation depth (mm); z — effective rooting depth (mm);
Orep — volumetric moisture content to be replenished (cm® cm™3).

For soil-based irrigation management, low-cost capacitive soil
moisture sensors (model SKU: CE09640) were used. Before applying
them for IM, the sensors were previously calibrated in the Irrigation
Laboratory of the Department of Rural Engineering at FCA-UNESP, since
they do not come factory-calibrated, and there is limited information
available regarding their performance in estimating soil moisture con-
tent [28,39], as described above.

Since drip irrigation was adopted, the irrigation depth calculated for
each IM technique was adjusted to account for localization effects (kl),
irrigation efficiency (Ei), salt leaching, climate, and advection, resulting
in the gross irrigation depth (Gi) (Eq. (8)). An irrigation time was also
calculated (Eq. (9)), considering a dripper flow rate of 8 L h™'.

Ll % k1 * ka * kec

Gl = [ (CRi2+CEe) « (Ey/100)] ®)

Where: Gi - gross irrigation depth (mm); L1 - net irrigation depth (mm);
kl - correction coefficient due to localization (for different crop growth
stages); ka — correction coefficient due to advection (dimensionless)
(0.9); kee — climatic correction coefficient (dimensionless) (1.15); CEi —
irrigation water electrical conductivity (dS cm™) (0.35 dS m™! based on
irrigation water analysis results); CEe — soil electrical conductivity (dS
cm™) (0.591 dS m™ based on soil analysis results); Ei — irrigation effi-
ciency (assumed to be 90 %).

The selection of values for the ka and kcc coefficients followed the
guidelines proposed by [46]. To determine ki, the procedure proposed
by [47] was adopted. The kl values were calculated for the different crop
growth stages, considering the shaded area in each stage, resulting in kl

Water tank /—Pumping station

Filter
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= 0.16 for stage 1, kl = 0.40 for stage 2, kl = 0.91 for stage 3, and kl =
0.66.

(Gi — Ep)*Sd * Si

It= Nd * Df

©)
Where: It — irrigation time (h); Gi — gross irrigation depth (L m=2); Ep —
effective precipitation (mm); Sd — spacing between drippers on the line
(m); Si - spacing between irrigation lines (m); Df — dripper flow rate (2 L
h™'); Nd - number of drippers per plant (dimensionless) (one dripper per
plant was considered).

2.3.2. Crop establishment and management

The IM experiment for irrigated kale cultivation began on April 30,
2024, in an area of approximately 88 m? (22 m x 4 m). The cultivation
was arranged in four blocks, each measuring 11 m x 1.2 m, and sub-
divided into 12 plots of 1.2 m x 0.8 m. The seedlings were purchased
from a local supplier and transplanted 30 days after sowing in 128-cell
plastic trays.

A randomized block design (RBD) was adopted, with four replica-
tions, in a 4 x 3 factorial arrangement, corresponding to the combina-
tion of two factors, namely: (i) Factor 1 - irrigation levels (IL), with four
levels (L1 - 50 %, L2 — 75 %, L3 — 100 %, and L4 — 125 %) of soil water
replenishment or crop water demand replacement; and Factor 2 — irri-
gation management techniques (IMT), with three levels (ETc — climate-
based management, IMT - soil-based management using tensiometers,
and IMC - soil-based management using low-cost capacitive soil mois-
ture sensors), totaling 12 treatments and 48 experimental plots (each
measuring 1.2 m in length and 0.8 m in width). The application of
treatments began 11 days after transplanting, with the first 10 days of IM
based on climate-based crop water demand estimates, during which 100
% of ETc was applied.

In each experimental plot, four plants were placed, with a spacing of
0.6 m between rows and 0.4 m between plants. To supply water to the
plants, three blind LDPE (low-density polyethylene) tubes (16 mm, PN
30) were installed in each bed, serving as irrigation lines, with one tube
assigned to each irrigation management technique.

The LDPE tubes (Fig. 6) installed in the beds were perforated at 0.8 m

Emitters o ¢ LS & 4 D & 4 066 <
FE ¥ X F Y 3

Irrigation line—\

IM "ETc"
Irrigation line—9_¢

IM "TS"
Irrigation line —4-$ ¢

™ "LCS" )

—0—0—0—0—0—0—0—0—0—0—0—0—0—0—0—0—0—0—0—0—0—0—8-

Fig. 6. Irrigation system installation scheme of the experimental cultivation unit of kale (brassica oleracea var. acephala).



V.S.J. Pitoro et al.

Smart Agricultural Technology 12 (2025) 101596

Fig. 7. Installation details of capacitive soil moisture sensors (a), irrigation lines in the experimental unit (b), and plant development (c) of kale (brassica oleracea

var. acephala).

intervals along each block to allow for the insertion of drippers with
different flow rates: 2L h™', 4 Lh™', and 8 L h~'. Using the 8 L h! dripper
as a reference for calculating irrigation time (Eq. (9)), the following
water application levels were achieved: 50 % (4 L h™! dripper), 75 %
(combination of 2 L h™' + 4 L h™' drippers), 100 % (8 L h! dripper), and
125 % (combination of 8 L h™! + 2 L h™* drippers) of the crop water
demand or required soil moisture replenishment. Each dripper was fitted
with a four-outlet adapter, allowing water to be distributed to the four
plants in each plot (% of the dripper’s flow per plant). Additional com-
ponents of the irrigation system included: a 500-liter plastic water tank,
an electric pump, a disc filter, a pressure gauge, a water valve, and
various connectors and fittings.

The soil moisture monitoring devices (tensiometers and capacitive
sensors) were installed (Fig. 7) in the plots containing 8 L h! drippers.
By monitoring soil moisture in the plots with 8 L h™! drippers, the aim
was to ensure that when 100 % of the crop water demand was applied to
these plots, the others using 4 Lh™, 6 Lh™!, and 10 L h™! drippers would
receive the equivalent of 50 %, 75 %, and 125 % of the crop water de-
mand, respectively, for the same irrigation duration.

2.3.3. Crop establishment and irrigation management

For soil moisture monitoring using capacitive sensors, the data
acquisition unit developed during the calibration phase was used. RGB
LEDs were added to this unit to serve as visual indicators of soil moisture
status, and the code was rewritten so that the red LED would activate
when sensor readings indicated dry to moderately moist soil, blue for
saturated soil, and intermediate values were represented by green and
yellow, indicating moist and moderately moist soil, respectively. Each
sensor had a customized configuration, programmed according to the
relationship between the raw sensor readings and the volumetric
moisture content estimated by the calibration equation.

For climate-based irrigation management, irrigation was performed
daily, except on days when effective precipitation exceeded the accu-
mulated crop evapotranspiration. In soil-based irrigation management
using tensiometers, irrigation was only omitted on days when tensi-
ometer readings indicated that irrigation was not needed (i.e., soil water

tension values below 7 kPa).

Using low-cost capacitive soil moisture sensors, irrigation manage-
ment was guided by the RGB LED colors on the moisture monitoring
unit. Therefore, no irrigation was performed on days when the LEDs
associated with the sensors installed at 15 cm depth were displaying
blue, which indicated saturated soil according to the sensor calibration
results (Fig. 8). Irrigation was carried out only on days when the LEDs
were green, yellow, or red, indicating different scenarios of soil mois-
ture, respectively, moderately moist, and dry soil.

Taking Fig. 8 as an example, which represents the relationship be-
tween readings from sensor SS3 and the observed volumetric moisture,
the code was written so that the red RGB LED would activate for sensor
readings above approximately 380, and the blue LED for readings below
approximately 270. For values between 270 and 330, and between 330
and 380, the green and yellow LEDs were activated, respectively.

On days when the green or yellow RGB LED was activated (Fig. 9),
irrigation was carried out assuming that the soil was moist and moder-
ately moist, respectively. To calculate the current volumetric moisture
(using the calibration equations in Table 3), an intermediate value of the
raw reading from the capacitive sensor within these ranges recorded
during the calibration process was considered.

It is important to note that 12 sensors were calibrated; however, only
four were used for irrigation management in the kale cultivation
experiment, while the remaining eight were kept in reserve in case
replacement was needed. The visual interface for indicating soil mois-
ture status consisted of 12 RGB LEDs, with each group of three LEDs
assigned to a single sensor. This redundancy was designed to ensure
continued field operation and reliable interpretation of sensor readings,
even in the event of LED failure.

Taking the calibration results of the SS3 sensor as a reference, the
prototype was programmed so that the monitoring interface using RGB
LEDs would trigger the blue color whenever the sensor reading was
below 270. This value corresponds to a volumetric water content (y) of
0.455 cm® cm™3, as determined by the SS3 equation shown in Table 4. As
soil moisture decreased, the green color would be activated for readings
corresponding to y between 0.455 cm® cm™ and 0.343 ¢cm?® ecm™3, yellow
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Fig. 9. Interface for visual indication of soil moisture based on RGB LEDs.

for values between 0.343 cm® cm™ and 0.271 cm?® cm™3, and finally, red
would be triggered for y values below 0.271 cm® em™ (considered the
lower limit of available water).

Irrigation was carried out with the aim of raising the current volu-
metric water content to values close to 0.455 cm® cm™, which corre-
sponds to the field capacity (FC) estimated for this sensor. The color
change of the LEDs occurred based on specific moisture ranges (as

Table 4
Fitted models for estimating current soil volumetric moisture from raw sensor
readings.

Sensors z (cm) Calibration equations

SS1 15 y = 3.47E(—6)x2 - 0.004x + 1.13
SS2 30 y = 3.43E(—6)x2 - 0.004x + 1.18
SS3 15 y = 4.09E(—6)x2 - 0.004x + 1.33
SS4 30 y = 3.89E(—6)x2 - 0.004x + 1.29

z — Sensor installation depth (mm), y — Estimated volumetric water content (cm?®
cm3), x — Raw sensor reading (analog value), SS1 — capacitive soil moisture
sensor 1, ..., SS4 — capacitive soil moisture sensor 4.
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indicated above), and therefore, for the purpose of estimating water
replenishment (Orep), average values were assigned based on the limits
of each range: for the green color, the average between 0.455 ¢cm® cm™
and 0.343 cm® cm~ was considered (resulting in y = 0.399 cm?® cm™2); for
the yellow color, the average between 0.343 cm® cm™ and 0.271 cm?®
cm™ (resulting in y = 0.307 cm® cm™3). In the case of the red color, y =
0.271 cm?® cm™ was directly adopted. Thus, for example, when the green
color was observed, the water replenishment was estimated at 0.056 cm®
cm3, calculated as the difference between field capacity (0.455 cm?®
cm™®) and the average moisture in the green range (0.399 cm® cm™), that
is, Orep = 0.455 — 0.399 cm® cm™3.

2.4. Data collection and analysis

2.4.1. Evaluation of sensor performance and calibration model validation

Regression analysis (p < 0.05 and p < 0.01) and graphical visuali-
zations were used to compare the raw readings from the capacitive soil
moisture sensor with the volumetric water content of soil samples ob-
tained through the gravimetric method during calibration. Calibration
equations describing the behavior of the capacitive sensor in estimating
actual volumetric moisture were developed and adjusted. The correla-
tion coefficient (R), coefficient of determination (R?), root mean square
error (RMSE) (Eq. (10)), mean bias error (MBE) (Eq. (11)), and the index
of agreement (d) (Eq. (12)) were used to evaluate the performance and
accuracy of the SKU: CE09640 capacitive soil moisture sensors in esti-
mating volumetric water content.

Z?:l (Pi — Oi)2

RMSE = 5 (10)
mpE — 2 (P1=0) (}: ) an
n . N2
d -1 Zizl (El - 01) _ (12)
>t (|Pi— O] + |0i — O)?

Where, Pi — predicted moisture, Oi — observed moisture, O — mean
observed moisture, RMSE - root mean square error, MBE — mean bias
error, d — index of agreement, n — number of observations.

R ranges from —1 to 1 and indicates the strength of the relationship
between the predictor variable (sensor reading, in this case) and the
response variable (observed volumetric moisture), or how well the
sensor reading explains the variability in volumetric water content. R*
values range from O to 1 and represent the proportion of variance be-
tween the predicted volumetric moisture values (estimated based on
sensor readings) and the actual observed values [48]. For optimal pre-
diction, R and R? values should be as close as possible to 1, and when R is
negative, it indicates an inverse relationship between variables. RMSE
(Root Mean Square Error) is a reasonable indicator of sensor accuracy
[49] and was used to evaluate the sensors’ ability (based on the cali-
bration equations) to estimate current volumetric moisture. RMSE
values closer to zero are desirable and indicate a good fit (RMSE < 0.01),
reasonable (0.01 < RMSE < 0.05), poor (0.05 < RMSE < 0.1), and very
poor (RMSE > 0.1) [49].

An MBE of zero indicates that the estimated and observed values are
unbiased [21], while positive and negative MBE values indicate that the
estimated moisture values overestimate and underestimate the actual or
observed moisture, respectively [49]. The index of agreement (d)
described by Willmott (1981) [50] was used to evaluate the degree to
which the observed moisture by the gravimetric method is accurately
estimated by the sensor-simulated moisture. The d values range from
0 to 1, where a value of one (1) indicates perfect agreement between
observed and predicted moisture, while a value of zero (0) indicates
total disagreement [50].
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2.4.2. Evaluation of crop production and field sensor performance

To evaluate the effect of the treatments studied, data collection was
carried out at the end of the growth cycle, focusing on the number of
mature leaves (NML), number of leaves with commercial standards
(NCL), number of non-commercial leaves (NNCL), and fresh mass of
mature leaves (FMML). ML included the count of leaves with a lamina
length (LL) equal to or greater than 10 cm; NCL referred to leaves with
LL greater than 20 cm (Melo et al., 2024; Pitoro et al., 2021); and NNCL
included leaves with LL equal to or greater than 10 cm and <20 cm (10
cm < LL < 20 cm) (Pitoro et al., 2021).

The measurement of LL was performed using a 50 cm graduated
ruler, while the fresh mass of mature leaves (FMML) was determined by
weighing all harvested leaves (both commercial-sized and non-
commercial-sized) on an analytical balance (+0.1 g). Water use pro-
ductivity (WUP) was calculated as the ratio between FMML and the total
irrigation depth applied (Eq. (13)).

FMML
Gi

WUP = (13)
Where: WUP — water use productivity (g L), FMML — fresh mass of
mature leaf (g), G; - total irrigation depth applied (L).

Crop growth and yield data were subjected to analysis of variance
(ANOVA) at a 5 % significance level (p < 0.05) using the F-test, and a
mean comparison test was performed when significant effects were
observed. For the variables in which the variation in irrigation depths
showed significant effects, regression analysis and model fitting were
carried out for each irrigation technique in cases where significant ef-
fects of the irrigation level factor were identified.

3. Results and discussion
3.1. Sensor calibration and validation

Fig. 10 shows occasional readings from the capacitive sensor (SC)
and the corresponding volumetric water content determined using the
gravimetric method. A very strong inverse relationship is observed be-
tween volumetric moisture and sensor readings (—0.977 < R < —0.964);
the wetter the soil, the lower the sensor reading. This behavior is also
reported by several other researchers [17,28,51], who note that the
wetter the soil, the lower the output voltage, and thus, the lower the
digital value returned by the sensor. These results suggest that it is
possible to study soil moisture variability using the capacitive sensor
SKU: CE09640.
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By comparing the volumetric moisture results of soil samples ranging
from dry to moderately moist (0.0 — 0.26 cm® cm™3), samples at field
capacity (0.34 — 0.50 cm® cm™3), and saturated samples (0.62 — 0.74 cm®
cm~3) with sensor readings, Nagahage; Nagahage; Fujino [51] concluded
that the SKU: CE09640 sensors are capable of distinguishing different
soil moisture conditions, similar to what was observed in the present
study, in which the sensor reading increased as the moisture content of
the soil sample decreased.

The correlation coefficients between the raw sensor readings and
observed volumetric water content recorded in this study (—0.96 for
SS1, —0.97 for SS2, —0.98 for SS3, and —0.97 for SS4) are higher than
the minimum (R = 0.84) suggested by Draper and Smith (1981) and
Veiga and Safadi (1999) for calibration model fitting, as cited by Gomes
et al. (2013) [52]. Given the observation of a very strong correlation
between the observed volumetric moisture and the corresponding raw
sensor readings, calibration equations were developed to describe the
behavior of the tested capacitive sensors in estimating actual volumetric
water content. These equations were subsequently used for the field
monitoring interface.

The polynomial model using the raw sensor reading as the predictor
variable resulted in R = 0.98, R? = 0.95, RMSE = 1.92 x 10‘2, MBE =
1.66 x 10’7, and d = 0.99 for SS1; R = 0.98, R> = 0.95, RMSE = 1.85 x
1072, MBE = 0.99 x 107, and d = 0.99 for $S2; R = 0.99, R* = 0.97,
RMSE = 1.70 x 1072, MBE = 1.55 x 10™/, and d = 0.99 for SS3; and R =
0.98,R?=0.97, RMSE = 1.80 x 1072, MBE = —3.97 x 10’7, andd=0.99
for SS4. These values indicate strong correlation (R > 0.98), high
goodness fit (R? > 0.95), and acceptable predictive accuracy, with RMSE
values between 0.017 and 0.019 cm® cm-3, within the acceptable range
(0.01 < RMSE < 0.05), as defined by Fares et al. (2011) [49]. Addi-
tionally, the mean bias error (MBE ~ 0) indicates minimal systematic
error, while the Willmott agreement index (d = 0.99) reflets excellent
agreement between predicted and observed values [21,49]. These in-
dicators collectively suggest that the sensors evaluated in this study are
suitable for effective IM. Details of the models and their performance are
presented in Table 5.

In Fig. 11, it can be observed that volumetric soil moisture was
estimated accurately within the approximate range of 0.28 cm® cm™ to
0.48 cm® cm™3, which corresponds to the green and yellow color ranges
of the RGB LED. This contrasts with the estimates for moisture levels
below 0.28 cm® cm™3 (red LED color) and above 0.48 cm® cm™ (blue LED
color), which represent dry and saturated soil, respectively. Although
the red and blue ranges are no less important, these results indicate that
the sensors were accurate in estimating volumetric moisture within the
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Fig. 10. Relationship between sensor reading values and average volumetric water content (correlation coefficients: SS1 = —0.964, SS2 = —0.968, SS3 = —0.977,

S84 = —0.97).
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Table 5
Fitted models for estimating current soil volumetric moisture from raw sensor
readings and their performance indicators.

Sensors  Calibration models R R? RMSE  MBE d
*102 #1077

SS1 y= 3.47E(—6)x? - 0.004x + 0.98 0.95 1.92 1.66 0.99
1.13

SS2 y= 3.43E(—6)x> - 0.004x + 0.98 0.95 1.85 0.99 0.99
1.18

SS3 y= 4.27E(—6)x? - 0.004x + 0.99 0.97 1.70 1.55 0.99
1.28

SS4 y= 3.89E(76)X2 - 0.004x + 0.98 0.97 1.80 -3.97 0.99
1.29

range of greatest relevance for the monitoring interface in this study,
that is, between the limits defined for field capacity and wilting point.

Similar behavior was reported by Abdelmoneim et al. (2025) [16],
who observed high variability in the response of capacitive sensors
under saturated conditions. In their study with 12 SKU: SEN0193 sen-
sors in clay soil, the coefficient of variation reached 10 % to 16 % for
volumetric moisture above 30 %, indicating reduced sensor sensitivity at
higher moisture levels.". According to the authors, this behavior is
because water has a much higher dielectric constant compared to air and
dry soil. However, at higher moisture levels, the dielectric constant
changes less significantly with variations in soil water content, making it
more difficult for the sensor to detect small moisture changes. This re-
sults in lower sensitivity, greater reading variability, and increased er-
rors in estimating actual moisture.

In addition to the limitations observed under high soil moisture
conditions, low-cost capacitive sensors also present significant con-
straints when the soil is dry or tending to dry out. Since moisture mea-
surement by the sensor depends on variations in the dielectric constant
of the medium, the predominant presence of air (under minimum
moisture or dry soil conditions) hinders the detection of small moisture
changes and consequently reduces the sensor’s sensitivity. Pahuja
(2022) observed that the accuracy of soil moisture estimation using a
capacitive sensor (SoilWatch 10) decreased at the lower end of the
volumetric moisture range, particularly below 10 %. The limitation of
capacitive sensors in estimating moisture under saturated, dry, or low-
moisture soil conditions observed in this study aligns with what is
commonly reported in literature. These limitations highlight the need
for rigorous calibration.

The R? values recorded in this study (Table 5) fall within the range
(0.88 < R? < 0.98) observed by Vandome et al. (2023) [17] when cal-
ibrating capacitive sensors in different soil types, who classified the
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models as having a satisfactory fit. Aringo et al. (2022) [40], in their
evaluation of the SKU: CE09640 sensor, reported R? values of 0.96, 0.92,
and 0.92 during calibration, validation, and comparison with the MP306
moisture sensor. Datta et al. (2018) [21], assessing the performance of
various soil moisture sensors (TDR315, CS655, GS1, SM100, and CropX)
under field conditions, recorded lower R? values (0.20 < R? < 0.85)
compared to those found in the present study. Additionally, these re-
searchers concluded that the TDR315, CS655, and GS1 sensors showed
satisfactory accuracy based on RMSE values of 0.028, 0.019, and 0.048,
respectively, which are slightly higher than the RMSE values recorded in
this study.

The results of the performance of the SKU: CE09640 sensors in
estimating volumetric moisture, as tested in this study, confirm that
these sensors can be a low-cost alternative for soil moisture monitoring
in irrigated cropping areas, as also reported in several other studies [28,
40]. For this reason, they were adopted for the monitoring interface (MI)
in the irrigated kale cultivation carried out in this research, the results of
which are presented below.

3.2. Irrigation management

The cultivation of kale was carried out in two cycles: the first from
May 30 to June 28, and the second from July 17 to September 19, 2024.
The climatic conditions during this period (Fig. 12) were reasonably
favorable for kale cultivation, with an average temperature of approxi-
mately 23.03 °C (£1.94) in cycle 1 and 22.23 °C (+4.70) in cycle 2. The
accumulated precipitation was 59.43 mm in cycle 1 and 42.67 mm in
cycle 2, while the accumulated evapotranspiration reached 167.09 mm
(£0.62) in cycle 1 and 207.44 mm (40.89) in cycle 2.

At the end of the two cultivation cycles, a total gross irrigation depth
of 241.40 mm was applied for the climate-based IM (114.08 mm in cycle
1 and 127.32 mm in cycle 2), 315.61 mm for IM using tensiometers
(119.36 mm in cycle 1 and 196.24 mm in cycle 2), and 258.90 mm using
low-cost capacitive sensors (90.20 mm in cycle 1 and 179.70 mm in
cycle 2). For all IM techniques, the irrigation depth applied in cycle 1
(Fig. 13) was lower than in cycle 2, with differences of 13.24 mm, 76.88
mm, and 89.50 mm for climate-based IM, tensiometers, and capacitive
sensors, respectively. Since the recorded precipitation was low in both
cycle 1 and cycle 2, it was considered to have had no significant effect on
the crop’s development and productivity.

The total irrigation depth applied in the 100 % crop evapotranspi-
ration replacement treatment in this study was not significantly different
from that reported by Pitoro et al. (2021) [54] in a study conducted in
the same experimental area (140.48 mm in cycle 1 and 114.37 mm in
cycle 2), during the period from March 28 to May 26 (cycle 1), and July
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Fig. 11. Relationship between volumetric water content predicted by the calibration equation and measured (observed) using the gravimetric method.
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Fig. 13. Accumulated gross irrigation depth from different irrigation man-
agement techniques in the cultivation of kale (brassica oleracea var. acephala),
cycle 1 and cycle 2 (ETc - climate-based irrigation management, IMT - irriga-
tion management based on tensiometers, IMC - irrigation management based on
capacitive sensors).

6 to August 4 (cycle 2) of 2018.

3.3. Growth, yield, and water use productivity

Table 6 presents the summary of the ANOVA for the variables NCL,
NNCL, NML, FMML, and WUP. The results indicate that there was no
interaction between the factors studied, and the irrigation management
techniques only had a significant effect on WUP in cycle 2, where the
climate-based MI showed higher WUP, significantly different from the
WUP obtained with MI using tensiometers and capacitive sensors. On
the other hand, the variation in irrigation depths had a significant
impact on NCL, ML, FMML, and WUP in both cycle 1 and cycle 2.

The fact that no significant differences were observed among the IM
techniques for most of the variables analyzed can be interpreted as an
indication that the low-cost capacitive soil moisture sensors studied in
this research can be used with reasonable reliability for IM in irrigated
kale cultivation. These sensors responded adequately to changes in soil
moisture throughout the crop’s growth cycle, like tensiometers, which
are well-tested, widely recommended, and long-used devices for soil-
based IM, as well as climate-based IM.

In the case of WUP in cycle 2, where the IM techniques showed
significant effects, it was observed that the average values for IM using
tensiometers (10.02 g L) and low-cost capacitive sensors (9.69 g L™)

11

Table 6

Summary of analysis of variance (ANOVA) for number of commercial leaves
(NCL), number of non-commercial leaves (NNCL), number of mature leaves
(NML), fresh mass of mature leaves per plant (FMML), and water use produc-
tivity (WUP).

Mean square

sV df NCL NNCL NML FMML WUP
® gLh
Cycle 1
IMT 2 39.89 ™ 53.17™  39.34™ 18,702.62™ 22,50 ™
1L 3 226.67 71.70™  201.04 37,230.06 48.08 *
- . .
Block 3 253.96 49.13 ™ 181.83 26,677.62 *  55.33 *
IMT x IL 6 32.73 ™ 142.57 26.99 ™ 9233.16 ™ 11.19™
ns
Residuals 33  50.24 36.50 38.14 6359.21 13.31
Cycle 2
IMT 2 80.08 ™ 178.91 17.39 ™ 11,036.19™  44.59 *
ns
1L 3 461.89 162.83 447.91 26,901.22 *  123.47
*k ns *% ek
Block 3 153.02™  107.72 146.00™  51,662.84 58.32 **
ns *%
IMT x IL 6 4.75 " 96.31 ™ 18.71 "™ 2772.25 " 3.45 "
Residuals 33  87.68 153.63 73.26 8183.16 9,57

ns — non-significant effect; * — significant effect at p < 0.05; ** — significant effect
at p < 0.01 according to Tukey’s test; SV — source of variation; df — degrees of
freedom; IMT - irrigation management techniques; IL - irrigation levels.

were statistically similar reinforcing the idea that the capacitive sensors
studied here may represent a promising low-cost solution for IM.
Comparing different IM strategies in cucumber cultivation, Rahil;
Qanadillo (2015) [55] observed that although the use of tensiometers
led to greater water savings, it resulted in lower total yield, yield per
plant, number of harvests per plant, and maximum plant height
compared to climate-based IM (ETc). They attributed these results to the
fact that tensiometers do not function effectively in certain soil types.

The average values of NCL, NNCL, NML, and FMML in cycle 2 were
higher compared to cycle 1 across all MI techniques (Table 5). The cli-
matic conditions, especially the mild temperatures between 15 °C and
20 °C considered favorable for kale cultivation [56] may have contrib-
uted to greater plant development, which in turn resulted in increased
water demand, as reflected in the soil-based MI techniques previously
mentioned.

The average NML recorded in this study (Table 7) was higher than
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that reported by Pitoro et al. (2021) [54], who obtained, for example,
9.26 leaves per plant in cycle 1 and 9.32 leaves per plant in cycle 2 under
conventional cultivation with potable water irrigation. The climatic
conditions may have contributed significantly to the differences
observed between the results of this study and those of Pitoro et al.
(2021), as in the present research, cultivation took place mostly during a
period of mild temperatures, which are considered favorable for kale
production.

The NML results recorded in this study were even higher than those
reported by Viana et al. (2021) [57], who evaluated the effect of
different irrigation levels and irrigation water salinity, obtaining NML
values ranging from 8 to 11 leaves per plant; and by He et al. (2023)
[58], who assessed the impact of deficit irrigation and obtained an NML
of approximately 10 leaves per plant.

The average results (Table 7) for NCL (8.59 in cycle 1, and 16.23 in
cycle 2), NML (15.84 in cycle 1, and 25.45 in cycle 2), and FMML ob-
tained in this study (243.15 g per plant in cycle 1 and 344.09 g per plant
in cycle 2) do not differ much from the values reported by Barickman;
Ku; Sams (2020) [59], who evaluated different levels of water replace-
ment based on soil volumetric moisture and obtained an average of
359.77 g per plant. Ben Ammar et al. (2023) [60], assessing the effects of
water stress, reported FMML values of 256.5 g per plant and 211 g per
plant in non-stressed and deficit-irrigated plants, respectively. Viana
et al. (2021) [57] obtained FMML values ranging from 97 to 206.67 g
per plant when evaluating different irrigation levels and irrigation water
salinity. Overall, the results obtained in this study are not significantly
different from those commonly reported in literature, which may indi-
cate that, in general, the irrigation management (IM) was properly
conducted.

According to the results presented in Table 7, WUP values in Cycle 1
were 12.11 g L™! for the ETc, 11.87 g L™* for the IMC, and 9.94 g L' for
the IMT. In Cycle 2, the WUP values were 12.73 g ™! for ET¢c, 10.02 g L!
for IMC, and 9.69 g L' for IMT. Compared to IMT, the use of IMC
resulted in a relative increase in water use productivity of approximately
19.4 % in Cycle 1 and 3.4 % in Cycle 2, reinforcing its potential as a low-
cost and efficient alternative for irrigation management. Although IMC
values were slightly lower than those obtained with the ETc method,
they still reflect a favorable balance between water savings, ease of
implementation, and performance.

An increase in NCL, NML, and FMML was observed with the amount
of water applied across the three IM techniques, showing a direct linear
relationship in both cycle 1 and cycle 2 (Fig. 14). This behavior may
have influenced WUP, as the highest WUP was recorded at the level
where the least amount of water was applied. In contrast, Barickman;
Ku; Sams (2020) [59] observed that the lowest WUP occurred in plants
that received the smallest water volume.

The trend observed in this study between irrigation levels, FMML
yield per plant, and WUP is not very different from what is commonly
reported in the literature. Singh et al. (2021) [18] noted that for most of
the crops analyzed, vegetable productivity increases with greater water
input, while WUP decreases. In the meta-analysis by Cheng et al. (2021)
[61], it was observed that yields under deficit irrigation conditions were
lower compared to full irrigation, while the corresponding WUP values

Table 7
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were significantly higher.

The results obtained in this study, which indicate higher WUP under
the IMC compared to the IMT, are consistent with findings from other
crops, where sensor-based scheduling has improved irrigation efficiency
relative to conventional approaches. Abdelmoneim et al. (2025) [16],
for instance, reported that low-cost capacitive sensors reduced water use
and pumping hours by approximately 28.8 % and 16.2 %, respectively,
while maintaining crop performance, when compared to a
weather-based schedule. Similarly, Sui; Vories (2020) [62] observed
differences in irrigation events and water savings between soil moisture
sensor-based and ETc-based scheduling. In line with the findings of
Aldaz-Lusarreta et al. (2023) [63], the present results also demonstrate
that capacitive sensors can outperform tensiometers in operational
simplicity and irrigation efficiency, although their performance remains
slightly below that of optimized ETc-based methods. These outcomes
highlight the potential of capacitive sensors as a viable and scalable
alternative for IM, particularly in contexts where access to costly
equipment and technical expertise is limited. They also contribute novel
evidence to the field, given the limited availability of studies involving
kale and other leafy vegetables.

While the results demonstrate the potential of low-cost capacitive
sensors for IM, several practical challenges remain. Sensor durability
under long-term field conditions, user training requirements, and
maintenance needs may affect adoption by smallholder farmers,
particularly in low- and middle-income countries [64,65]. Similar
studies in Africa have reported that even affordable and technically
sound smart irrigation technologies face barriers related to cost, oper-
ational complexity, and limited technical support [10,35]. These find-
ings underscore the importance of integrating training and supporting
mechanisms when scaling up low-cost sensor solutions. Furthermore,
this study was conducted on a single crop and over one season with a
limited sample size, which may restrict the generalization of the results.
Future research should therefore assess sensor performance over mul-
tiple seasons, in different crops and soil conditions, to validate its
broader applicability and to address constraints related to durability,
adoption, and scalability.

4. Conclusions

The results of this study demonstrated that the SKU: CE09640
capacitive sensors were effective in monitoring soil moisture under field
conditions throughout the crop cycle. After calibration, sensor readings
showed a strong negative correlation with gravimetric measurements
(—0.977 < R < —0.964), high goodness of fit (0.95 < R? < 0.97), and
acceptable accuracy (0.01 < RMSE < 0.05). As a result, no statistically
significant differences were observed among the irrigation management
(IM) techniques evaluated, supporting the conclusion that the SKU:
CE09640 sensors represent a viable low-cost alternative for IM in irri-
gated kale cultivation.

Under conditions where financial and skilled human resources are
available, climate-based IM may be more appropriate, as it resulted in
higher WUP, with values of 12.11 g L' in cycle 1 and 12.73 g ! in cycle
2, compared to IM using capacitive sensors (WUP between 10.02 and

Mean values of number of commercial leaves (NCL), number of non-commercial leaves (NNCL), number of mature leaves (NML), fresh mass of mature leaves per plant
(FMML), and water use productivity (WUP) under different irrigation management techniques.

IMT NCL NNCL NML FMML (g) WUP (g™ NCL NNCL NML FMML (g) WUP (g1
Cycle 1 Cycle 2

ETc 10.08 7.14 17.22 280.36 12.11 14.94 9.82 24.77 318.86 12.73 a

IMT 8.75 7.42 16.17 235.95 9.94 14.94 9.99 24.94 371.28 9.69 b

IMC 6,94 7.20 14.14 213.13 11.87 13.81 7.83 21.65 342.12 10.02 b

Mean 8.59 7.25 15.84 243.15 11.31 16.23 9.21 25.45 344.09 10.02

p-value ns ns ns ns ns ns ns ns ns *

ns, *, ** — non-significant effect, significant effect at p < 0.05, and significant effect at p < 0.01, respectively, according to the T-test; IMT - irrigation management
techniques; ETc — irrigation management based on climate; IMT — irrigation management using tensiometers; IMC — irrigation management using capacitive sensors.
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11.87 g L") or tensiometers (WUP between 9.69 and 9.94 g L),
reflecting the greater accuracy and robustness of climate-based
methods, which are more established and widely validated.

However, under resource-limited conditions, both financial and
human, especially in contexts involving farmers with limited technical
training to interpret complex information, or those seeking simple, low-
cost, and user-friendly solutions, the use of SKU: CE09640 capacitive
sensors combined with the visual interpretation system for soil moisture
proposed in this study may represent a suitable alternative. This is
supported by the fact that the results obtained were statistically similar
to those of the other two IM techniques for most of the variables
analyzed.

The low-cost irrigation management solution using capacitive soil
moisture sensors developed and evaluated in this study has the potential
to be patented. Future research should aim to assess the applicability of
this solution under real farming conditions, particularly among small-
holder farmers with limited technical training. Such studies could help
identify both the potential and the limitations of the proposed system in
diverse socio-agricultural contexts, contributing to its refinement and
broader adoption in resource-constrained environments.

Code availability (custom code)

The codes used in this research are available at: https://github.com
/vpitoro/kale_irrigation_management_techniques-.git

The code used in this study and released as custom code in the link
above (identified as “IMC_RGB_LEDs.txt” in repository) is registered in
Brazil as a computer program with the National Institute of Industrial
Property (INPI), Certificate/Process No [BR512025003717-1], filed on
[12 08 2025].
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