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Abstract —Low-cost, accurate monitoring of macronutrient ions in soils, plants, and water is highly desired to
improve fertilizer management for maximum profitability and
minimum negative environmental impacts. Traditional ionselective electrodes (ISEs) suffer from interference from nontarget ions. This paper reports the integration of artificial
neural networks (ANNs) and a miniature sensor containing
an array of three ISE-based sensing elements to improve
accuracy of the sensor in detecting and quantifying target
−
+
nitrate (NO−
3 ), phosphate (H2 PO4 ), and potassium (K ) ions
−
in the environment. The sensor outputs of NO3 , H2 PO−
4 , and
K+ ion concentrations are used to train and optimize ANNs.
The optimized neural networks are applied to classify and estimate concentrations of the target ions in the presence
of interfering ions. The ANN-assisted array of sensing elements reduces cross-sensitivity between these elements. The
−
+
present sensor is validated with measurements of NO−
3 , H2 PO4 , and K ions in soil solution, plant sap, and tile drainage
water from crop fields.
Index Terms — Agricultural sensor, ion-selective electrode, soil, plant, tile drainage water, ANN, cross sensitivity,
machine learning.

I. I NTRODUCTION
ITROGEN phosphorus, and potassium are primary
macronutrients essential for plant growth and development. Fertilizer application supplies crops with these nutrients.
Under-application of fertilizer causes economic loss due to
reduced grain yield and quality, while over-application causes
economic loss due to unused fertilizer. Moreover, the unused
fertilizer is typically lost to the environment, where it pollutes
air and water resources. Crop production is the leading cause
of nutrient losses to aquatic ecosystems [1], [2]. Regionally,
nitrogen and phosphorus fertilizers are the leading cause of
eutrophication and hypoxia in aquatic ecosystems, which pro-
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motes algal blooms and reduces biodiversity. Locally, nitrogen
fertilizers pollute drinking water supplies; the maximum contaminant level (MCL) for nitrate ions in public water supplies
is 10 mg N L−1 set by the United States Environmental
Protection Agency [3]. High nitrate levels in drinking waters
have been associated with a variety of negative human health
outcomes. The recommended MCL of total phosphate in water
streams to prevent eutrophication is 0.05 mg P L−1 [4].
Although potassium movement in soil is relatively slow and
potassium fertilizers do not contribute to air and water pollution, potassium deficiency can reduce crop yield and quality,
while potassium over-application has a detrimental effect on
crop quality and soil productivity [5]. To reduce the fertilizer
input costs and minimize their adverse environmental and
human health effects, there is a need for improving our ability
to accurately monitor nutrient status, fertilizer application, and
environmental impact at low cost, which is of great benefit to agricultural producers and environmental conservation
practitioners [6].
Laboratory-based ion measurement methods, such as ion
chromatography, spectrophotometry, and chemoluminescence,
offer high sensitivity and selectivity; but, these technologies are not suitable for field application due to high cost
and bulky size [7], [8]. Portable spectrophotometers are an
attractive solution to environmental monitoring of ions for
agricultural management [9]; however, they are still relatively expensive and often require site-specific calibrations
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for field applications. Many miniaturized nutrient ion sensors
and measurement systems have been reported based on different sensing mechanisms [10], such as ion-selective electrode (ISE) [11], ion-selective field-effect transistor [12], [13],
microwave resonance [14], [15], colorimetry [16], fiber-optic
spectroscopy [17], electrochemical measurement [18], [19],
microfluidic electrophoresis chips [20], and enzymatic sensing [21], [22]. But, much room exists to improve the
sensitivity, selectivity, stability, and cost-efficiency of these
miniaturized ion sensors. For example, permeable biocatalytic
membranes have also been integrated into microfluidic sensors to facilitate ion movement into measurement chambers
where enzymes are used to reduce specific ions for quantification [24], [25] but their selectivity and sensitivity are
compromised by the instability of enzyme molecules used in
the sensors.
ISE-based sensors are widely used in analytical chemistry
due to their simple structure and low cost. But, these sensors
suffer from a signal drift and instability over time because
there is an issue with chloride leaching from silver/silver
chloride (Ag/AgCl)-based pseudo reference electrodes (REs)
due to the redox reaction occurring at these REs [26]. Also,
ion-selective membranes (ISM) of the ISEs are interfered with
by non-target ions. The ion exchange-induced potential E at
the ISE isdescribed as E = constant + (R × T / z × F) ×
z/zi
ln [α + i (ki αi )], where R is the gas constant, T is
the temperature, F is the Faraday constant, z and z i are the
charge of the target ion and interfering ion i , respectively, α is
the chemical activity for the relevant ion, and ki represents the
selectivity coefficient [27]. It should be noted that because the
potential E is logarithmic to the sum of the total activities
of both target and non-target ions, ISEs exhibit a non-optimal
ion selectivity under the exposure to various ion species in
environments; this makes ISEs not a popular solution to
detection of nutrient ions in agricultural soil solution and plant
sap where dissolved ions are extremely rich. In addition, a thin
water layer often develops and is trapped at the interface
between the ISM and the conducting base electrode of the
ISE. This thin water layer acts as not only as a barrier to
the transfer of electrons to the base electrode but also a trap
that catches all kinds of ions, thus affecting the selectivity
of ISEs [28]. Although the above-mentioned issues can be
alleviated to some extent by innovating ISE materials and
structures, such as coating a protection layer on the surface
of Ag/AgCl REs and introducing a solid-state ion-to-electron
transducing layer below the ISM [29]–[33], there is still room
to improve the selectivity of the ISE-based sensors.
Recently, machine learning has proven a promising solution
for improving the measurement accuracy of various sensors.
Supervised learning are often used to perform classification
and regression using datasets from multiple interconnected
sources, where the training input data and their target outputs
are available and the algorithms can make predictions on the
input data set and use the given true value for improving the
prediction [34]. Unsupervised learning algorithms are used to
determine the distribution of data set in the input space or
to find a set of similar examples in the input data set [34].
Because supervised and unsupervised learning has the ability
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to interrogate nonlinear dependencies for complex systems,
considerable efforts have been made to use machine learning
techniques for interpretation of sensing data, discrimination of
complex signals, and prediction of target analytes. For example, semi-supervised machine learning alleviated a drifting
issue in a dynamic pattern recognition framework by adapting
a regressor or classifier as unlabeled samples [35]. Principal
component analysis allowed for feature extraction and target
classification by reducing signal dimensions to only a primary
component [36]. Deep neural network algorithms assisted in
extracting hidden signals below a limit-of-detection level in
gas sensing [37]. Continuum-removal algorithms helped to
estimate nitrogen concentration from aircraft-acquired hyperspectral data for plant leaves [38]. Gaussian processes were
used to assess chlorophyll content, nitrogen content, and leaf
water content from a field-based multi-species dataset [39].
Backpropagation neural network algorithms made it possible
to characterize wine properties with the help of a bionic electronic nose [40]. Artificial neural network (ANN) algorithms
were adopted to enhance the selectivity of a potentiometric
tongue sensor to sulfide and perchlorate anions [41].
This paper presents the incorporation of ANN algorithms
with a multi-ion sensor to reduce cross-sensitivity between
multiple sensing elements of the sensor for improving accuracy
−
in measuring nitrate (NO−
3 ), phosphate (H2 PO4 ), and potas+
sium (K ) ions in agricultural soil solution, plant sap, and tile
drainage water. An array of three ISE-based sensing elements
is formed on one side of a printed circuit board (PCB). Each
ISE element is coated with an ISM that ideally can target a
−
+
specific NO−
3 , H2 PO4 , or K ion (Fig. 1a and 1b). On the
other side of the PCB is an Ag/AgCl-based RE. The sensor is
shaped to a needle that can help to insert into the stalk of plants
for in-situ measurement of target ions, while for ion sensing
in soil solution and tile drainage water, the needle shape is not
required. An ANN model is constructed to reduce the crosssensitivity of the three ISEs through modeling the relationship
between the input and output data of the neural network
(Fig. 1c). The ANN is trained using the responses of the
three ISEs to prepare mixed-ion solutions with known NO−
3,
+
H2 PO−
4 and K concentrations. Key parameters of the ANN
are optimized to improve performance in predicting NO−
3,
+
H2 PO−
4 and K ion concentrations. Prediction performance
of the ANN is evaluated by root mean squared error (RMSE)
and coefficient of determination (R2 ). The three ISE-based
sensing elements have different sensing characteristics and
can probe differential interactions with ion species. The ANN
analyzes these interactions and learns a model based on a part
of the data to perform data classification and regression. The
present multi-ion sensor, in conjunction with the optimal ANN,
−
+
is demonstrated to identify and quantify NO−
3 , H2 PO4 and K
ions in different samples obtained from agriculture cropland.
II. E XPERIMENTAL
A. Materials
NO−
3 ISM cocktail was prepared by mixing methyltriphenylphosphonium bromide (0.25 wt %), nitrocellulose (moistened with 2-propanol (35%); 1.93 wt %), 2-nitrophenyl
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−
Fig. 1. (a) and (b) Photos of the fabricated multi-ion sensor containing an array of three ISE-based sensing elements to detect NO−
3 , H2 PO4
and K+ ions. (a) These sensing elements are formed on one side of a needle-shaped PCB. (b) An Ag/AgCl-based RE is shared by the three
sensing elements and formed on the other side of the PCB. (c) Diagrams of building, training, and testing ANNs for improving accuracy in estimating
−
+
concentrations of NO−
3 , H2 PO4 and K ions.

octyl ether (NPOE) (16.25 wt %), polyvinyl chloride (PVC)
(5.75 wt %), tetrahydrofuran (THF) (74.3 wt %), and
tridodecylmethylammonium nitrate (1.50 wt %). H2 PO−
4
ISM cocktail was prepared by mixing tributyltin chloride
(0.1 wt %), NPOE (6.55 wt %), PVC (3.27 wt %),
and sodium tetrakis-[3,5- bis(trifluoromethyl)phenyl]borate
(NaTFPB) (0.07 wt %) and THF (90 wt %). K+ ISM
cocktail was formed with valinomycin (0.2 wt %), PVC
(6.56 wt %), NPOE (13.2 wt %), potassium tetrakis[3,5- bis(trifluoromethyl)phenyl]borate (KTFPB) (0.04 wt %),

and THF (80 wt %). These cocktail solutions were stirred
using a magnetic stirrer for 12 hours and stored at -20 ◦ C.
Single-salt standard ion solutions were prepared by dissolving
appropriate amounts of NaNO3 , NaH2 PO4 , or KCl in deion−
+
ized (DI) water. For each ion type (NO−
3 , H2 PO4 or K ), four
−4
−3
−2
−1
concentrations (10 M, 10 M, 10 M and 10 M) were
also prepared.
A set of 63 training samples was prepared and used to train
−
+
ANN models, consisting of a mixture of NO−
3 , H2 PO4 and K
ions with the concentration of each ion type varying among
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0, 10−4 M, 10−3 M, and 10−2 M. In addition, the other set
of 126 samples with two interfering ions (Cl− and Ca2+ ions)
was prepared by adding 10−3 M NaCl alone, or both 10−3 M
NaCl and 10−4 M CaCl2 together into the above-mentioned
63 training samples. Here, Cl− and Ca2+ ions were selected
as interfering ions because Cl− ions can significantly affect
the stability of Ag/AgCl-based RE, and Ca2+ is one of the
critical cations present in soils and plants [42].

B. Device Fabrication
The multi-ion sensor was manufactured on a 0.8 mm-thick
PCB (OSH PARK) that had a needle shape. The needle part
of the sensor was 25 mm-long and 4.2 mm-wide. The three
ISEs of the sensor shared a single RE placed on the other side
of the PCB. The RE was formed by screen-printing 0.2 mm
thick, 1 mm diameter Ag/AgCl ink on a 0.8 mm-diameter
circular copper contact pad with the help of a stencil mask,
and then was dried on a hotplate at 110 ◦ C for 2 hours.
Similarly, to form the ISEs, three circular copper contact pads
(0.8 mm diameter each) were coated with 0.2 mm thick, 1 mm
diameter Ag/AgCl ink using the screen-printing method; next,
−
+
the corresponding ISM solutions of NO−
3 , H2 PO4 and K
were drop casted on the surface of the Ag/AgCl electrodes and
dried at room temperature for 10 hours. The multiple throughholes were created on the PCB to allow exposing all the ISEs
and RE to the same medium, thus forming a closed circuit to
perform the potentiometric measurement.
C. Testing Setup
To calibrate the ISEs, each ISE was preconditioned by
−
+
immersing into a standard NO−
3 , H2 PO4 or K ion solution
−1
with 10 M ion concentration for 24 hours. After cleaning
with DI water, the ISE was immersed into a single-salt
standard solution of target ion with a known concentration
for 3 minutes, and then the voltage output from the ISE
was recorded once every second using a homemade data
logger. After the testing, the ISE was cleaned with DI water
again to remove residual ions from the surface of ISE. The
calibration for each ISE was performed with a series of
concentrations of the target ion from low to high, and from
high to low, and then from low to high. Therefore, each ion
concentration was measured by the ISE in triplicate. Fig. 2
shows the potentiometric output of each ISE as a function of
concentration of the target ion. Also, the sequence of triplicate
measurements indicates no hysteresis in the measurement
data.
Next, the calibrated sensor with the three ISEs was uti−
+
lized to measure NO−
3 , H2 PO4 and K ion concentrations
of the 63 training samples with no interfering ions and of
the 126 samples containing Cl− and Ca2+ interfering ions.
Specifically, the sensor readings of the training samples were
utilized for training and optimizing ANN models while the
sensor readings of the samples with the interfering ions were
employed to validate the ability of the optimized ANN in
reducing the influence of the interfering ions on the estimation
accuracy of the sensor.
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TABLE I
PARAMETERS OF THE ANN M ODELS

D. Optimization of ANN Architecture
Two types of ANN models were constructed. The first type
(namely, individual ANN model) was built to predict a single
−
+
ion species of NO−
3 , H2 PO4 or K , while the other type
(namely, group ANN model) intended to predict all three
ion species together. Each model utilized the sensor-measured
concentrations of the three ions as the inputs of the model.
Training of the ANN model was conducted using the Neural
Network Toolbox in Matlab. The full set of the training data
was split into three subsets: training (70% of the training data),
validation (15%), and testing (15%). Table I gives the values
of each parameter of the ANN model tested in the simulation.
The ANN models were then ranked based on the RMSE and
R2 values between the prepared and the ANN-predicted ion
concentrations. Lower RMSE and higher R2 values indicate a
better prediction performance of the model.
III. R ESULTS AND D ISCUSSION
Table II summarizes the performance of the individual and
−
+
group ANN models for predicting NO−
3 , H2 PO4 and K
ions in the absence of interfering ions. As indicated by the
lower RMSE and higher R2 values, the individual ANN model
exhibits a higher accuracy in predicting a single ion species
than the group ANN model does to predict the three different
ions together as a group.
Next, the optimal individual ANN models (Table II) were
−
+
used to predict the concentration of NO−
3 , H2 PO4 , and K
ions present in the prepared training samples without interfering ions. The scatter plots in Fig. 3a-3c show the sensormeasured concentrations and the ANN-predicted outputs with
respect to the prepared ion concentrations of the training
samples. The red line with the slope of 1.0 in each data
plot shows the perfect correlation between the prepared ion
concentration and the measured and predicted ion concentration. The ANN predictions give smaller RMSE values than the
sensor readings. Specifically, for the determination of NO3 -,
H2 PO4 - and K+ ions, the individual ANN models reduce the
RMSE values from 0.53, 1.50, and 1.73 to 0.28, 0.31, and
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−
Fig. 2. Calibration curves of the ISEs, showing the output voltage of each ISE as a function of concentration of target ion: (a) NO−
3 , (b) H2 PO4 ,
+
and (c) K . The calibration was performed with a series of ion concentrations in single-salt solutions.

TABLE II
−
+
PARAMETERS OF THE O PTIMAL ANN S FOR P REDICTING NO −
3 , H 2 PO 4 AND K I ON C ONCENTRATIONS IN THE A BSENCE OF I NTERFERING I ONS

0.30, respectively. The slopes of the linear fitting curves for the
ANN-predicted NO3 -, H2 PO4 - and K+ ion concentrations are
0.934, 0.927, and 0.943, respectively, indicating a considerable
correlation of the predicted ion concentrations to the prepared
ones.
Further, the optimal individual ANNs were used to predict
the concentrations of NO3 -, H2 PO4 - and K+ ions in the samples containing not only NO3 -, H2 PO4 - and K+ ions, but also
Cl− and Ca2+ interfering ions. The prepared concentrations of
NO3 -, H2 PO4 - and K+ ions were set as the targets of the output layer of each individual ANN, while the sensor-measured

concentrations were set as the three inputs of the input layer
of the ANN. The Cl− and Ca2+ ion concentrations were
treated as the unknown input values for the ANN. The scatter
plots in Fig. 4a-4c show that, for measuring the concentrations
of NO3 -, H2 PO4 - and K+ ions, the sensor measurements
provide the RMSE values of 0.48, 0.55, and 0.66, respectively;
while the ANN models result in the RMSE values of 0.35,
0.46, and 0.43 with the slopes of the linear fitting curves at
0.968, 0.889, and 0.925, respectively. Therefore, for a given
target ion, the ANN prediction exhibits a smaller RMSE value
than the sensor measurement, indicating that the incorporation
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Fig. 3. Scatter data plots showing the ion concentrations of (a) NO3 -, (b) H2 PO4 -, and (c) K+ measured by the sensor and predicted by the optimal
individual ANNs (Y-axis) with respect to the prepared ion concentrations (X-axis) in training-samples without interfering ions.
TABLE III
PARAMETERS OF THE O PTIMAL I NDIVIDUAL ANN S FOR P REDICTING
−
+
NO −
3 , H 2 PO 4 AND K I ON C ONCENTRATIONS IN THE P RESENCE OF
CL − AND CA 2+ I NTERFERING I ONS

of the ANN model on the sensor measurement data can
improve the measurement accuracy even in the presence of
interfering ions. Table III summarizes the ANN settings and
−
the obtained RMSE and R2 values for predicting NO−
3 , H2 PO4
+
−
2+
and K ion concentrations in the presence of Cl and Ca
ions. The RMSE values become higher, and the R2 values
become lower with Cl− and Ca2+ ions, compared to those
obtained with no interfering ions (Table II).
Moreover, the incorporation of the ANN model with the
three-element sensor improved the accuracy in determining
−
+
NO−
3 , H2 PO4 and K ion concentrations in various real samples from agriculture croplands, maize stalk sap, soil solution,
and drainage (i.e., ‘tile’) water. For in-situ measurement of
−
+
NO−
3 , H2 PO4 and K ions in maize stalks, plants (genotype:
B73) were grown in the greenhouse. The sensor measurement

was conducted at the V8 growth stage [43]. The sensor was
directly inserted into the stalk at ∼8 cm above the soil surface.
The sensor was then left in the stalk until the signal became
−
stable. Next, the sensor was used to measure NO−
3 , H2 PO4
+
and K ions in soil solution. The soil was placed on a cellulose
filter paper (Whatman) in a funnel and became water saturated
−
+
by adding 500 ml water that contained NO−
3 , H2 PO4 and K
−3
ions of 10 M concentration each. To validate the machine
−
+
learning-assisted sensor in measuring NO−
3 , H2 PO4 and K
ions in agricultural tile drainage water, water samples were
collected from drainage systems on the Iowa State University
research farm (Ames, Iowa). The sensor was dipped into the
collected sample for direct measurement. For comparison,
−
we also performed traditional measurements of NO−
3 , H2 PO4
+
and K ions in the fluids squeezed from the stalk at the insertion location of the needle sensor, the drained water from the
soil-containing funnel, and the collected tile drainage water.
The traditional measurements included inductively coupled
plasma mass spectrometry (ICP-MS; PlasmaQuantMS Elite,
+
Analytik Jena) for H2 PO−
4 and K ions and liquid chromatography (LC; 1260 Infinity II System, Agilent Technologies) for
NO−
3 ion in these samples.
Fig. 5 shows the results of the sensor-measured, analytical
instruments-measured, and individual ANN-predicted NO−
3,
+ ion concentrations in the stalk, soil, and
H2 PO−
and
K
4
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Fig. 4. Scatter data plots showing the ion concentrations of (a) NO3 -, (b) H2 PO4 -, and (c) K+ measured by the sensor and predicted by the optimal
individual ANNs (Y-axis) with respect to the prepared ion concentrations (X-axis) in training-samples that contained the Cl- and Ca2+ interfering
ions.

tile drainage water samples. The result indicates that the
individual ANN model can improve the measurement accu−
racy over the direct sensor measurement. For NO−
3 , H2 PO4
+
and K ions, the RMSE values with the sensor alone were
found to be 0.68, 4.85, and 0.90, respectively; however, the
ANN-assisted estimation helped lower the RMSE values to
−
0.28, 0.69, and 0.70, respectively. Also, for NO−
3 , H2 PO4 ,
+
2
and K ions, the R values of the ANN-predicted result were
92%, 71%, and 81%, respectively, while the R2 values with the
sensor alone increased to 71%, 59%, and 79%, respectively.
Therefore, compared to the sensor alone, the incorporation of
the ANN with the sensor improved the measurement accuracy
−
substantially for NO−
3 and H2 PO4 ions (Fig. 5a-5b), but only
+
slightly for K ion. The difference in the efficacy of the ANN
model for predicting the three ion species may be associated
with the difference of the ISEs in selecting the corresponding
target ions. As shown in Fig. 5c, the sensor-measured data
for K+ ions appeared more disperse than those for NO−
3 and
H2 PO−
4 ions, indicating the lower selectivity of the ISM for
−
K+ ion compared to the other two ISMs for NO−
3 and H2 PO4
ions.
The present sensor includes three ISE-based sensing elements with different sensing characteristics. These elements

exhibit differential interactions with analytes. These readings
from these elements are analyzed by the machine learning
algorithm to detect and quantify target ions. There is much
room to improve the accuracy of the ANN-assisted sensor for
estimating different ion species in environments. Numerous
ion species exist in real samples and interfere measurement
accuracy of the sensor. The bias in the determination of the
target ion species is affected by these interfering ions but
can be reduced by increasing the number of the ISE-based
sensing elements, where each ISE uses an ISM responsible
for a target ion ideally. Also, by increasing the data set size
of the calibration for the sensor, it is possible to improve the
prediction accuracy of the neural network. We believe that
by improving the selectivity of each sensing element to its
target species, the response diversity across multiple sensing
elements of the device will be increased, which, in turn, will
aid in discrimination and quantification for the target species
from the background interferences in the environment. Other
future efforts include expanding the detection capability of
−
+ to
the present sensor system from NO−
3 , H2 PO4 , and K
not only other agriculturally important nutrient ions such as
2−
+
−
2+
2+ and Na+ , but also
NO−
2 , SO4 , NH4 , Cl , Mg , Ca
physical parameters such as temperature, moisture, and water
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−
+
Fig. 5. Photos of the sensor for measuring NO−
3 , H2 PO4 , and K ions in different samples. Upper left: the sensor was inserted into the stalk of a
maize plant; upper right: the sensor was placed in the soil; lower: the sensor was placed in the tile drainage water collected from the crop field. The
traditional analytical instruments were used to test the following samples, including the squeezed fluids from the stalk using a juice squeezer (upper
middle), the drained water from the soil in the funnel (upper right), and the same tile drainage water collected from the farm. Scatter data plots show
the concentrations of (b) NO3 -, (c) H2 PO4 -, and (d) K+ ions measured using the sensor and predicted using the ANN (Y-axis) with respect to the
results obtained using the traditional analytical instrument (X-axis).

potential [44]. From an application perspective, in addition to
improving fertilizer management [45], the machine learningassisted array of sensing elements can be modified to detect
many other biochemical compounds of environmental concern
such as pesticides [46], volatiles [47], and greenhouse gas
emissions (e.g., nitrous oxide, carbon dioxide, and methane).

between the predicted and actual ion concentrations. Further,
the ANN-assisted multi-ion sensing approach exhibited an
improved ability to measure the target ions in the presence of
interfering ions. Lastly, this method was validated in detecting
these nutrient ions in the stalk, soil, and tile drainage water in
agriculture.

IV. C ONCLUSION
A machine learning-assisted multi-ion sensor was developed
to improve the identification and quantification of NO−
3,
+ ions in various samples in agriculture.
H2 PO−
4 and K
The ANN model was optimized to reduce cross-sensitivities
between the three ISE-based sensing elements integrated on
the sensor. The prediction for a single ion species by an
individual ANN was more accurate than the prediction for
all three ions together using a single ANN. Three optimized
individual ANNs were used to estimate the concentrations of
−
+
NO−
3 , H2 PO4 , and K ions, respectively; the result shows
that they provided the prediction accuracy of 96% across the
three ions based on the R2 value that examined the linearity
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