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Abstract
Soil NO3

– affects microbial processes, plant productivity, and environmental N

losses. However, the ability to measure soil NO3
– is limited by labor-intensive sam-

pling and laboratory analyses. Hence, temporal variation in soil solution NO3
– con-

centration is poorly understood. We evaluated a new potentiometric sensor that con-

tinuously measures soil solution NO3
– concentration with unprecedented specificity

due to a novel membrane that serves as a barrier to interfering anions. First, we com-

pared sensor and salt extraction-based measurements of soil NO3
– in well-controlled

laboratory conditions. Second, using 60 d of in situ soil NO3
– measurements every

10 s, we quantified temporal variation and the effect of sampling frequency on field

estimations of mean daily NO3
– concentration both within and across days. In the

laboratory, sensors measured soil NO3
– concentration without significant difference

from theoretical adjusted soil NO3
– concentration or conventional salt extraction-

based methods. In the field, the sensors demonstrated no within-day pattern in soil

NO3
– concentration, although individual measurements within a day differed by

as much as 20% from the daily mean. Across days, when soil solution NO3
– was

dynamic (early spring) and sampling frequency was >5 d, estimates of mean daily

NO3
– concentration were >20% from the actual mean daily concentration. In situ

soil sensors offer potential to improve fundamental and applied sciences. However,

in most situations, sensors will measure soil properties in a different manner than

conventional salt-extract soil sampling-based approaches. Research will be required

to interpret sensor measurements and optimize sensor deployment.

1 INTRODUCTION

Accurate measurement of soil NO3
– is a critical challenge

for agriculture and the environment. In experiments and

models, soil NO3
– concentration has profound effects on

primary productivity and environmental N losses. Whether

measured or simulated, accurate soil NO3
– data are important
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to predict and explain critical ecosystem processes such

as plant growth, N2O emissions, and NO3
– leaching (Del

Grosso et al., 2008; Iqbal et al., 2018; Loecke et al., 2012).

Collection of high-quality soil NO3
– data is challenging

because soil NO3
– concentration is extremely variable in

time and space (Archontoulis et al., 2020; Cambardella

et al., 1994; Robertson et al., 1988). At a seasonal timescale,
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temporal variability in soil NO3
– concentration is largely

affected by the balance of annual weather-driven patterns

of nitrification, environmental N losses, and plant N uptake

(Archontoulis et al., 2020; Martinez-Feria et al., 2018).

However, temporal variability in soil NO3
– concentrations

within a single growing season is not well understood because

the costs of manual soil sampling and laboratory analyses

limit the number of samples across time. In addition, spatial

variability in soil NO3
– concentrations is extremely high. For

example, at a scale of 10–1,000 m2, there may be no spatial

autocorrelation between individual soil NO3
– concentration

measurements (Cambardella et al., 1994).

A lack of high-resolution soil NO3
– data limits science.

Spatiotemporal variability in soil NO3
– creates enormous

challenges spanning our basic understanding of the soil N

cycle to the optimization of N fertilizer inputs. Current

approaches to measure soil NO3
– require enormous amounts

of time. On an individual sampling date, soil must be col-

lected from the field, returned to the laboratory, homogenized,

and extracted in a strong salt solution (typically 5:1 ratio of

soil/2 M KCl; Hart et al., 1994). Subsequently, NO3
– concen-

tration is measured in the salt extract and scaled to milligrams

of NO3
––N per kilogram of soil, but only after water content

of the soil is determined by oven-drying to a constant mass.

Nevertheless, soil NO3
– data are critical to our under-

standing of ecosystem N dynamics and our ability to manage

agricultural systems. For example, in maize (Zea mays L.)

production, the late spring soil NO3
– test (LSNT) can reduce

environmental N losses and improve profitability (Jaynes

et al., 2004). However, farmer adoption of the LSNT is limited

due to the high costs of sample collection and analysis (private

laboratories charge around US$10 per sample for analysis).

Recent innovations in electrical engineering promise new

opportunities to measure soil NO3
– concentration with low

cost and high resolution. Recently, Ali et al. (2019) developed

an all-solid-state miniature potentiometric sensor to continu-

ously measure soil solution NO3
– concentration with a mini-

mum detection limit of 1 mg NO3
––N L−1. This method has

the potential to improve N use efficiency and environment

quality. However, the approach has not been tested in the field.

In addition, it is unknown how the new sensor measurement

corresponds to conventional salt-extract based measurements

of soil NO3
– concentration. In contrast with salt extractions

of soil NO3
–, which are reported as milligrams of NO3

––N

per kilogram of dry soil (Hart et al., 1994), the sensors report

milligrams of NO3
––N per liter of soil solution.

No method for measuring soil NO3
– is “correct.” All meth-

ods of soil NO3
– measurement are simply indicators of the

NO3
– pool size at a particular time and space. Available meth-

ods (e.g., lysimetry, water-based extractions, and salt-based

extractions) all produce different measurements of the soil

NO3
––N pool (Darrouzet-Nardi & Weintraub, 2014).

The goal of soil NO3
– measurement is to produce an indica-

tor of the NO3
– pool size that predicts and explains processes

Core Ideas
∙ New sensors can measure soil NO3

− with similar

accuracy as salt extract-based methods.

∙ There was no diurnal pattern in soil NO3
− concen-

tration.

∙ Within days, instantaneous NO3
− concentrations

can vary by as much as 20% of the daily mean.

∙ Across days, sampling frequencies >5 d can result

in poor estimation of mean daily NO3
−.

∙ Required sampling frequencies within and across

days depend on season and plant growth.

of interest such as plant growth, microbial uptake, or environ-

mental N losses. All methods have strengths and weaknesses

that vary with application. For example, salt- and water-based

extractions allow the user to account for spatial variability by

subsampling soil at many locations, pooling those subsam-

ples, and making one extraction from a homogenized sam-

ple that represents an average soil NO3
– concentration in the

sampled space (Mueller et al., 2018). However, the approach

is laborious in the field and laboratory; as a result, temporal

resolution is poor. In contrast, lysimetry and sensors measure

the soil solution NO3
– concentration at a specific location.

Although lysimetry remains laborious and limited in tempo-

ral resolution, sensors can record data in real time at frequen-

cies <1 s. Moreover, when sensor manufacturing is industrial-

ized, it is likely that sensors will cost <$20 per unit (L. Dong,

personal communication, 2021).

Regardless of method, it appears that future soil NO3
– mea-

surements will incorporate in situ soil sensors that record

a spatially explicit soil solution NO3
– concentration at high

temporal resolution. Hence, our objectives were to

1. Compare sensor-based (Ali et al., 2019) and salt extract-

based (Hart et al., 1994) measurements of soil NO3
– con-

centration in well-controlled laboratory conditions and in

situ field conditions.

2. Use the sensors to explore in situ diurnal variation in soil

NO3
– concentration.

3. Quantify the effect of sampling frequency on estimations

of mean daily in situ NO3
– concentration both within and

across days.

2 MATERIALS AND METHODS

2.1 Laboratory experiments

We conducted two laboratory experiments to test the agree-

ment between sensors and salt extract measurements. In con-

trast with field experiments, these laboratory experiments

aimed to measure a similar pool of NO3
– with each method.
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In the first laboratory experiment, the influence of soil mois-

ture on measurement accuracy of the sensor was analyzed.

Soils were sampled (0–30 cm) from the Iowa State Univer-

sity Agronomy and Agricultural Engineering Research Farm

(41˚55′ N, 93˚45′ W), air dried, and sieved (2 mm). The sam-

pling area contained USDA soil series Webster silty clay loam

(fine-loamy, mixed, superactive, mesic Typic Endoaquolls)

and Nicollet loam (fine-loamy, mixed, superactive, mesic

Aquic Hapludolls). After air drying and sieving, soils were

combusted in a muffle furnace at 400 ˚C to reduce the effects

of microbial processes on soil solution NO3
– concentration;

our goal was to adjust the NO3
– concentration to a constant

level, and thus we had to minimize the effects of microbial

N mineralization–immobilization dynamics. Next, the com-

busted soil was adjusted to a bulk density of 1.25 g cm−3

and prepared with two gravimetric moisture contents (20 and

30%) and three NO3
––N soil solution concentration levels

(10, 100, and 200 mg L −1) in 118-ml polyethylene cups. We

selected these gravimetric water contents and NO3
– concen-

trations because they encompass the typical ranges observed

during the growing season in the rainfed Corn Belt (Archon-

toulis et al., 2020). One sensor was installed in the center of

each cup. Sensor measurements were recorded after readings

stabilized (∼60 min), and at the same time, soil samples (three

per cup) were immediately mixed with 2 M KCl (5:1 solu-

tion/soil ratio) by reciprocal shaking for 1 h at 180 rpm. The

soil slurry was then filtered through preleached Whatman 1

filter paper. The NO3
––N concentrations of the filtrate (i.e.,

extraction) were measured with colorimetry in microplates

using the Griess–Ilosvay reaction with VCl3 as a reducing

agent and the Berthelot reaction, respectively (Hood-Nowotny

et al., 2010). The NO3
––N concentrations of the filtrate are

scaled to mass of dry soil that is mixed with the 2 M KCl such

that the reported unit is milligrams of NO3
––N per kilogram

of dry soil.

In the second laboratory experiment, the effect of temper-

ature on the sensor performance was analyzed by measuring

the standard NO3
––N solutions across four temperatures (0,

10, 20, and 30 ˚C). The stability of each sensor across the

four temperatures was obtained by calculating the error rate

of the measurement result in each concentration of the NO3
––

N solution. This experiment was performed in solution rather

than soil to adjust the temperature more accurately.

2.2 Field experiments

Sensors were deployed in 2019 in a continuous maize N fertil-

izer rate trial at the Iowa State University Agricultural Engi-

neering and Agronomy Research Farm in Boone County, Iowa

(42.02˚ N, 93.77˚ W). Long-term (35-yr) average annual pre-

cipitation and temperature were 87.2 cm and 9.4 ˚C. Soil

series include Webster (fine-loamy, mixed, superactive, mesic

Typic Hapludolls) and Nicollet (fine-loamy, mixed, superac-

tive, mesic Aquic Hapludolls).

The trial was established in 2017. The experimental design

was a randomized complete block design with three N fertil-

izer rate treatments (0, 168, and 336 kg N ha−1; onward N0,

N168, and N336). Each treatment had three replicate plots and

was blocked to account for soil series. Corn was planted in all

years in all plots and fertilized with hand-broadcast urea prior

to planting. The soil was chisel plowed in the fall after harvest

and cultivated in the spring prior to corn planting. In 2019,

N fertilizer was applied on 24 April and maize (111 d rela-

tive maturity) was planted on 16 May at 80,000 plants ha−1 in

76-cm rows.

In each plot, soil temperature and soil volumetric water con-

tent were measured at 15- and 45-cm depth with commercial

soil sensors (METER 5TM). These sensors were placed near

the center of each plot between maize rows. The new soil

NO3
−–N sensors were installed in the field on 8 June when

corn was at the second leaf growth stage (crop planting in

2019 was delayed across the Corn Belt due to record precipi-

tation). During installation, the sensors were inserted in slurry

of soil and water to ensure good sensor–soil contact (a proce-

dure like the installation of lysimeters). The installation depth

was 25 cm in the middle of two maize rows within 25 cm of

the soil moisture and temperature sensors. After field deploy-

ment, sensors were retrieved and recalibrated.

Salt extract-based soil NO3
− measurements during the sen-

sor measurement period were made on four dates: 13 June, 27

June, 9 July, and 15 July. On each date, three random 0-to-

30-cm × 2.54-cm soil cores were collected from each plot

within 20 cm of the corresponding sensor. The soil cores

were immediately returned to the laboratory and homoge-

nized, and soil NO3
− concentration was measured using the

salt extraction procedure described above. Although the sen-

sors made point-based measurements at ∼25-cm depth, we

sampled from 0–30 cm because our objective was to com-

pare the sensors to the conventional salt-extraction approach

for soil NO3
– measurement in midwestern U.S. maize fields

(Jaynes et al., 2004).

2.3 Soil sensors

The sensors in this study measured NO3
– concentration in the

soil solution (mg NO3
––N L−1) using a solid-state miniature

potentiometric sensor that works in direct contact with soil

to measure NO3
––N concentration in soil solution with parts-

per-million (ppm) resolution using a working electrode and a

reference electrode. Although the sensors are field deployable

for long-term measurement, they are currently hand manufac-

tured by the inventors in an academic laboratory setting; the

sensors for use in this work go through strict quality check

and systematic calibrations under different conditions in the
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research laboratory (Ali et al., 2019). The major innovation

in these sensors is the integration of a NO3
−–selective mem-

brane and a solid-state ion-to-electron transducing layer that

minimize interference from other anions.

The working electrode is formed from a thin layer of

Ag deposited on a patterned Au electrode and covered with

the ion-to-electron transducing layer and the NO3
−–selective

membrane. The reference electrode comprises a screen-

printed Ag/AgCl electrode covered by a protonated Nafion

layer to prevent Cl– leaching in long-term measurements. A

waterproof epoxy covers the entire surface of the sensor and

allows only the center area of the membrane to be exposed to

the soil solution.

The sensors provide long-term, continuous measurement of

soil solution NO3
− concentration at a specific point in space

where they are deployed (e.g., <1 cm3); they sense only the

solution with which they contact. In the field study reported

herein, the sensors were programmed to record one NO3
−–N

concentration per 10 s.

Pre- and post-deployment, the soil NO3
– sensors were cal-

ibrated with standard NO3
−–N solutions, using a range that

includes soil solution NO3
−–N concentrations that will be

encountered in the sensing environment (for Iowa maize sys-

tems, 1−5,000 mg NO3
−–N L−1 soil solution). Note that most

of this range (500–5,000 mg L−1) is due to the widespread use

of concentrated N fertilizer applications (i.e., “banding”). The

sensors were calibrated by recording their voltage responses

(in mV) after being immersed in standard NO3
−–N solu-

tions (10, 100, 200, 1,000, and 5,000 mg L−1) for 3 min.

The standard NO3
−–N solutions were prepared by dissolv-

ing NaNO3 in deionized water. The sensors were calibrated in

NO3
−–N solutions from low to high concentrations, repeated

three times. The average voltage response for each solution

was used to represent the corresponding NO3
−–N concen-

tration. Sensors were considered functional when the differ-

ence between the pre- and post-deployment calibration curves

were <20%. Although this difference may appear to be large,

it should be interpreted in the context of exceptionally high

within-field spatial variation and minimal spatial autocorre-

lation in soil NO3
−–N concentrations (Cambardella et al.,

1994). Hence, this is not the largest source of uncertainty.

2.4 Salt extraction-based soil nitrate
measurement

In contrast with the soil sensors, which measure the NO3
–

concentration in soil solution (mg NO3
––N L−1 soil solution),

salt extract-based soil NO3
––N measurements are reported

in units of milligrams of NO3
––N per kilogram of dry soil.

Hence, the transformation of sensor data from milligram of

NO3
––N per liter to milligrams of NO3

––N per kilogram of

dry soil was required for comparison of the sensor method

with the conventional salt-extract method and requires two

coefficients: soil water content and soil bulk density. We

tested the sensitivity of the data transformation to uncertainty

across relevant ranges of these coefficients. We used Equa-

tion 1 to estimate soil gravimetric moisture content (θm) from

volumetric soil moisture content (θv) sensor data and esti-

mates of soil bulk density (ρb) and water density (ρw), which

is assumed to be 1 g cm−3. In the calculation, we assumed

bulk density was 1.25 g cm−3. Then, we used Equation 2.

to convert milligrams of NO3
––N per liter of soil solution to

milligrams of NO3
––N per kilogram of soil. According to the

equations, the NO3
––N concentration changes linearly with

bulk density and volumetric water content. For this analysis,

we used ranges of uncertainty in bulk density of 1.15–

1.3 g cm−3 and volumetric water content of ±10% difference

of the measurement (e.g., 0.30 ± 0.03 cm3 H2O cm−3

soil).

θm = θv ⋅ ρw∕ρb (1)

mgNO3
−−Nkg−1soil = mgNO3

−−NL−1soil solution ⋅ θm
(2)

2.5 Comparisons of salt extract and sensor
measurements

During the 2019 growing season, 32 pairs of salt extract and

sensor-based measurements from 14 sensors in all three N rate

treatments and nine plots were made for the four sampling

dates listed above. Some comparisons from particular plots

are missing due to sensor failures. These data were used to

compare the two methods using converted soil sensor NO3
––

N data from milligrams of NO3
––N per liter of soil solution

to milligrams of NO3
––N per kilogram of dry soil.

We used three quantitative methods to compare the salt

extraction-based and sensor-based NO3
– measurements. First,

we used a linear regression model (Y = aX + b) to describe the

relationship between two methods. The coefficient of deter-

mination (r2) was used to quantify the variance in the depen-

dent variable (converted sensor data) that was explained by

the independent variable (salt-extract data). We determined

whether the slope significantly differed from 1:1. Second, we

used Bland–Altman (B&A) plots (Bland & Altman, 1986,

1999), which are a more informative graphical method to

describe the agreement between a new and established mea-

surement techniques. The B&A plot analysis is a simple way

to evaluate bias between the mean differences of two methods,

and to estimate an agreement interval within which lies the

95% limit of agreement of the second method. In this graphi-

cal method, the differences between the two methods are plot-

ted against the averages of the two methods or, when there

is an increase in variability of the absolute differences as the
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magnitude of the measurement increases, the percentage dif-

ferences are plotted against the average of the two methods

(Giavarina, 2015). In these plots, the X axis is the mean value

of the paired conventional and sensor-based measurements,

and the Y axis is the percentage difference of the paired mea-

surements. Horizontal lines are drawn at the mean difference,

and at the limits of agreement, which are defined as the mean

difference (d) ± 1.96 × the SD of the differences. If the dif-

ferences are normally distributed, 95% of the limits of agree-

ment will be between d − 1.96D and d + 1.96SD. Third, we

used intraclass correlation coefficients (ICCs), which assess

agreement of quantitative measurements in the sense of con-

sistency and conformity between two or more measurements

(Fisher, 1954). Consistency is defined as the agreement of two

quantitative measurements where neither is assumed “cor-

rect” or “standard.” Hence, consistency handles questions of

intra- as well as interobserver repeatability of measurement

scales. In contrast, the concept of conformity is defined as

the agreement of a first measurement with a reference that is

established as the “standard” (Müller & Büttner, 1994). Mod-

ern ICCs are calculated by mean squares obtained through

ANOVA. According to Koo and Li (2016), ICC values <0.5

are indicative of poor reliability, values between 0.5 and 0.75

indicate moderate reliability, values between 0.75 and 0.9

indicate good reliability, and values >0.90 indicate excellent

reliability.

The laboratory experiments allowed us to better control soil

NO3
– concentrations and evaluate sensor response to soil tem-

perature and water content, thus justifying the field evalua-

tion of the sensors. The in situ field experiments allowed us

to compare the similarity of the two methods in the context of

environmental variability (i.e., spatiotemporal variation) and

methodological differences that necessarily result in different

NO3
– measurements with each method. Moreover, the field

sensor data also allowed us to characterize intra- and inter-

daily fluctuations of soil solution NO3
––N concentration with

unprecedented resolution.

2.6 Time series analyses of sensor data

We used time series data analysis to test for temporal patterns

of NO3
– concentration and soil moisture content. The season-

ality of a time series is defined as a pattern that repeats itself

over fixed intervals of time (Makridakis et al., 1998). The full

(Ha) model for the analysis is yt = Tt + St + Rt, where yt is the

original data, Tt is trend component, St is seasonality com-

ponent, and Rt is residual component. The null (H0) model

(xt = Tt + Rt) is the time series after seasonality adjusting.

We used a Type I error p value >.05 to indicate that there

is not enough evidence to reject H0, which means there is a

recurrent temporal pattern. In contrast, if the p value was<.05,

we rejected H0 indicating the absence of a recurrent tempo-

ral pattern. When rejecting H0, the quantitative measure of

seasonality is Fs = 1 − Var(Rt)/Var(Rt + St). Ultimately the

temporal pattern is normalized to a value from 0 to 1 to indi-

cate the degree of presence of the seasonality. A measure near

0 for a certain time series indicates an absence of seasonality,

whereas a measure near 1 indicates a strong presence of the

seasonality (Wang et al., 2006).

In the early spring, soil NO3
−–N concentrations are gen-

erally stable and high. In the late spring and early summer,

soil NO3
−–N concentrations are generally dynamic and high.

In mid- to late summer, soil NO3
−–N concentrations are gen-

erally stable and low due high rates of maize N uptake. This

pattern is widespread and well known in maize-based agroe-

cosystems (Archontoulis et al., 2020). Hence, we used the

three periods (8–22 June, 1–15 July, and 1–15 August) to test

the effects of sampling frequency on estimates of soil NO3
−–

N concentration. Within days, we investigated the effect of

intradaily sampling frequency (i.e., every 1–12 h correspond-

ing to 12–24 samples per day) on actual mean daily soil

NO3
—N concentration calculated from the 10-s sensor mea-

surements. Across days, we investigated the effect of daily

sampling frequency (every 1– 7 d or 2–15 samples per 15 d)

on estimates of mean daily NO3
−–N concentration across

the 15-d period calculated from the 10-s measurements. To

quantify the effects of sampling frequency on measured soil

NO3
−–N concentration, we used a jackknife subsampling pro-

cedure (Parkin, 2008). Using the continuous measurements of

NO3
—N, we constructed subsets of hourly or daily concentra-

tion data from measured values every 10 s throughout the sam-

ple period (Efron, 1979; Efron & Gong, 1983). The influence

of sampling frequency on the accuracy of NO3
−–N estimates

was obtained by computing the percentage difference of each

jackknife subset from the average of the 10-s data.

3 RESULTS

3.1 Laboratory experiments

In laboratory comparisons of soil NO3
−–N concentration

after organic matter removal, the salt extract and sensor

measurements were similar to the adjusted theoretical soil

solution NO3
−–N concentration (i.e., the targeted NO3

−–N

concentration). Salt extract and sensor measurements did not

significantly differ from each other (P = .95) or the theo-

retical adjusted NO3
−–N concentration (Figure 1; P = .99).

Percentage differences between the salt extract measurements

and adjusted theoretical NO3
−–N concentrations ranged from

−6.5 to 31%, whereas the percentage differences between the

sensor measurements and adjusted theoretical concentrations

ranged from 0.9 to 22%. (Figure 1).

Temperature had no consistent effect on sensor mea-

surements (Figure 2). The differences between the sensor
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F I G U R E 1 Laboratory-based measurements of NO3
− in soils that were adjusted to specific gravimetric water contents and soil solution NO3

−

concentrations (“theoretical”) after combustion to remove organic matter and reduce microbial mineralization–immobilization. (a) Sensor

measurements of theoretical soil solution NO3
− concentration. (b) Comparison between salt extract and sensor measurements after adjusting to

common units (mg NO3
−–N kg−1 dry soil). Standard errors (only salt extraction-based measurements) indicate standard error of three subsamples

from the same experimental unit. (c) Salt extract vs. sensor, salt extract vs. theoretical, and sensor vs. theoretical did not significantly differ from 1.0.

The solid line of equality is shown for reference. The dashed lines show linear regression of each comparison. The linear regression for the sensor vs.

theoretical is y = 0.9827x + 0.2295, rš = .99; the linear regression for the salt-extract vs. theoretical is y = 1.0196x − 1.6779, rš = .98. VWC is

volumetric water content

measurements and the adjusted theoretical NO3
−–N concen-

trations ranged from −24 to 27%. The differences between

sensor measurements and prepared solution concentration

were not significant (Figure 2, P = .51).

3.2 Field experiments

Nitrogen fertilizer rate had a significant effect on mean daily

soil NO3
– concentration as measured with sensor and salt

extract methods (Figures 3 and 4). The sensors measured

NO3
−–N concentrations every 10 s from 8 June to 20 August

with some periods of data loss due to battery or electronic

failures. Across all sensors, data loss accounted for 32.7%

of the total deployment time. Nitrate concentrations reached

a maximum in late June and then decreased until all mea-

surements were lower than 1 mg NO3
−–N kg−1 dry soil with

both sensor and salt-extract methods (Figures 3 and 4). In

the zero-N fertilizer treatments, the mean concentration was

∼3 mg NO3
−–N kg−1 dry soil and the highest concentration

was ∼20 mg NO3
−–N kg−1 dry soil. In the 168-kg N fertilizer

ha−1 treatments, the mean concentration was ∼5 mg NO3
−–N

kg−1 dry soil and the highest concentration was ∼35 mg

NO3
−–N kg−1 dry soil. In the 336-kg N fertilizer ha−1

treatments, the mean concentration was ∼9 mg NO3
−–N

kg−1 dry soil, and the highest concentration was ∼65 mg

NO3
−–N kg−1 dry soil. Figure 4 displays the comparison

between salt-extract and sensor measurements of soil NO3
−–

N concentration in two example experimental units in field

experiments.

The effects of uncertainty in bulk density and volumetric

soil water content were less than the variations in NO3
– con-

centrations within and across plots (Supplemental Figure S2).

The effects of uncertainty in bulk density and volumetric soil

water content change in proportion to bulk density and volu-

metric soil water content. The effects of uncertainty in bulk

density were limited to −4 to 8%. The effects of uncertainty

in volumetric water content were limited to ±10%.

We examined 32 pairs of salt extract and sensor-based

measurements from all 14 sensors. The relationship between

salt extract and sensor measurements did not differ from 1

(Figure 5a). The mean difference between paired salt-extract

and sensor measurements was −22% (Figure 5b). Through-

out all measurements, the variability in NO3
−–N concentra-

tions across days within plots was ±99%. As a percentage

of the NO3
−–N concentration, differences between the sen-

sor and salt extract measurements were relatively high when

the NO3
—N concentration was low. However, the percent-

age difference was relatively low when the mean concentra-

tion of the paired measurements was management relevant

(i.e., >10 mg NO3
−–N kg−1). According to published guide-

lines (Koo & Li, 2016), the intraclass correlation (ICC) that
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F I G U R E 2 (a–c) Comparison of NO3
−–N concentration in laboratory experiments across four different temperatures (0, 10, 20, and 30 ˚C)

and (d) three prepared NO3
−–N concentrations (10, 100, and 1,000 mg L−1). The solid line of room temperature is shown for reference; points on

this line are from the sensor calibration procedure under room temperature. The dashed lines show linear regression of each temperature. The linear

regression for 0 ˚C is y = 1.04572x − 0.10963, rš = 1; the linear regression for 10 ˚C is y = 1.04873x − 0.11823, rš = .99; the linear regression for

20 ˚C is y = 0.95468x + 0.14644, rš = .99; and the linear regression for 30 ˚C is y = 1.05184x − 0.06813, rš = .98

was used to quantify the reliability of sensor measurements

indicated “good” correlation: ρ = .87.

3.3 Temporal analyses of sensor data

Time series analysis showed there was no intradaily (i.e., diur-

nal) pattern in the NO3
−–N concentration (P > .99). Despite

times when soil moisture content showed a strong intradaily

pattern (which is well known to occur; Jackson et al., 1997),

there was no intradaily pattern in the corresponding NO3
−–N

concentration (e.g., Figure 6). For example, from 8 to 13 June,

soil moisture content exhibited a strong diurnal temporal pat-

tern (Fs = 0.7157), but there was no pattern in the NO3
−–N

concentration (Fs = 0.0978).

As a percentage of the daily mean, the diurnal range in soil

moisture content was extremely small relative to the diurnal

range of NO3
−–N concentration. Figure 7 displays the daily

range of soil NO3
−–N concentration from 10-s measurements

across 9 d. During this time, the diurnal range of soil NO3
−–

N concentration spanned ±0.85 to ±7.8% of the daily mean,

whereas the diurnal range of soil water content spanned±0.25

to ±0.52% of the daily mean.

Within days, there was an effect of intradaily sampling time

on estimated mean NO3
−–N concentration calculated from

the 10-s measurements. Although the effect was random due

to the lack of diurnal pattern in NO3
−–N concentration, it was

large during times of the year when soil NO3
−–N concen-

tration was high and dynamic (e.g., Figures 8 and 9). In the

early spring when soil NO3
−–N concentration was high but

stable (8–22 June), the number of measurements per day (2–

24) had little effect on the estimate of actual mean NO3
—N

concentration for that day; the mean of two measurements,

separated by 12 h, were within 5% of the actual mean value for

the day calculated from the 10-s measurements. In contrast,

when NO3
−–N concentration was high and dynamic (1–15

July), sampling intervals < 4 h (i.e., 6 measurements per day)

were required to provide an estimate that was within 5% of

the actual daily mean of the 10-s measurements. When NO3
–

concentration was low and stable (1–15 August), percentage
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F I G U R E 3 Soil solution NO3
− concentration measured every 10 s in a N fertilizer rate experiment with 14 sensors in three N fertilizer

treatments: 0, 168, and 336 kg N ha−1

F I G U R E 4 Example comparison between salt extract and sensor measurements of soil NO3
− concentration in two field experiment units

receiving 0 and 168 kg N ha−1. There were two sensors in each experimental unit (solid and dashed lines). Error bars for the salt extract method

indicate standard error of three subreplicate soil samples in each experimental unit sampled within 30 cm of the sensor
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F I G U R E 5 Soil NO3
− concentration measured with salt extract and sensor methods in a field experiment. Each point represents one replicate

plot in the field experiment on each sampling date. Sensor data represent mean daily soil NO3
− concentration on the day of soil sampling and salt

extraction. (a) The solid line of equality is shown for reference. The slope of the linear regression model did not significantly differ from 1.0. The

equation for the linear equation is y = 0.7081x − 0.1766, r2 = .76. (b) Bland–Altman plot showing percentage differences between salt extract and

sensor measurements (y axis) against the mean of the two measurements (x axis). The solid red line indicates the mean difference between methods

(−22%), and the blue dashed lines indicate 95% confidence intervals (blue dotted line)

F I G U R E 6 Example comparison of soil volumetric content and soil NO3
– concentration in a plot receiving 168 kg N ha−1

differences were large but absolute differences were small

(Figure 8).

Across days, as the number of days between measurements

increased, the interdaily differences in mean daily NO3
−–N

concentration became increasingly large (Figure 9). However,

the effect of sampling interval (i.e., days between measure-

ments) on the estimated mean daily NO3
−–N concentration

differed with the growth stage of maize and seasonal progres-

sion from late spring to summer. In the early spring when

soil NO3
−–N concentration was high but stable (8–22 June),

sampling interval had a small effect on estimated mean daily

NO3
––N concentration; linear interpolation of mean daily

NO3
––N concentration sampled on Days 1 and 8 was within

5% of the actual daily mean calculated as the mean of all 8 d.

However, when NO3
––N concentration was high and dynamic

(1–15 July), sampling frequencies with greater than 3-d inter-

vals were >20% of the actual daily mean. When NO3
––N con-

centration was low and stable (1–15 August), sampling inter-

val had an intermediate effect on estimation of the daily mean.

4 DISCUSSION

The instantaneous, continuous soil NO3
– sensors were

accurate and measured soil NO3
– with accuracy similar to

conventional salt-extract methods based on manual sampling
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F I G U R E 7 Example daily range of soil NO3
– concentration from

10-s measurements across 9 d (17–25 June)

(Figures 1–2). The sensors enabled unprecedented temporal

resolution of sampling, which demonstrated that diurnal and

interdaily variation in soil NO3
– pool size are important

sometimes, but not others (Figures 6–7). Our results indicate

that the sensors can be powerful tools to better understand soil

N cycling processes and better predict ecosystem processes

such as crop production, N2O emissions, and NO3
– leaching.

Due to the difficulty of measuring soil NO3
– concentration,

current ecosystem models and experiments rely on extremely

few empirical data in both time and space. Although sub-

daily in situ measurements of N2O emissions and NO3
– leach-

ing are available (Daigh et al., 2015; Jarecki et al., 2008),

subdaily measurement of soil NO3
– concentration—a criti-

cal control on these processes—are unavailable. For exam-

ple, Jarecki et al. (2008) measured N2O emissions every 6 h

for >200 consecutive days (>800 times), yet during this time,

they measured soil NO3
––N concentration only six times.

Using these data, the authors demonstrated that the ecosystem

process model DAYCENT predicted N2O emissions within

25% of actual emissions. Because NO3
– is the substrate for

N2O production, it is possible that high-resolution NO3
–

concentration measurements could have improved the model

performance.

Our results point towards significant potential for high-

resolution NO3
– data to advance understanding of soil N

dynamics. During times of the year when soil NO3
– concen-

tration was high and dynamic, low sampling frequency both

within and across days resulted in substantial errors in linear

interpolation-based estimates of mean soil NO3
– concentra-

tion (Figures 7–9). However, during times of the year when

soil NO3
– concentration is stable, measurement frequency had

relatively little effect on NO3
– concentration. These results

suggest that sensors may add significant value to improving

soil tests and model predictions of environmental N losses and

plant growth.

Although the soil NO3
– concentration varied within days

(Figure 7), we rejected the hypothesis that this variation is due

to the well-known intradaily fluctuation in soil water content

(e.g., Figure 6). Volumetric soil water content is well known

to follow a cyclical pattern within days due to the daily pattern

of plant water uptake. As a result, the intradaily variability in

NO3
– is likely the result of many factors including differing

water potentials and sink strengths (e.g., microbes, crops, and

ion exchange sites).

We did not investigate the effect of spatial resolution

on measurements of soil NO3
– concentration; however,

low-N systems (e.g., pastures and forests) may require more

sensors in space. The absolute difference between sensors

and salt extract measurements was similar at relatively

low and high NO3
– concentrations (Figure 5a). Hence, the

percentage difference was lower at high NO3
– concentrations

(Figure 5b).

Given the general similarity between sensor and salt extract

measurements in laboratory soils (Figures 1–2), it is most

likely that methodological and spatial variations rather than

sensor accuracy led to the differences in soil NO3
– measure-

ments with the sensor and salt extract methods (Figure 4). We

compared point-based sensor measurements at 25-cm depth

with salt extract measurements based on extraction of several

2.5-cm × 30-cm homogenized soil cores. At low NO3
– con-

centrations, the salt-extract method tended to produce higher

NO3
– concentrations (Figure 4); this difference is consistent

with the widespread pattern of a decrease in soil NO3
– con-

centration with depth (Toosi et al., 2014; Wiseler & Horst,

1993) and the fact that the salt-extract method includes a

large fraction surface soils in the sample. As soil NO3
– moves

downward through the soil profile, the optimum depth com-

parison between the two methods may change.

In the context of differences between the methods, it

is important to note that all soil NO3
– measurements are

indices—there is no true value of soil NO3
– concentration

because the soil NO3
– pool varies by size in space and with

strength of adhesion to soil particles (Darrouzet-Nardi &

Weintraub, 2014). Spatial variation in soil NO3
– pool size is

enormous; there is often no spatial dependence of soil NO3
–

concentration at scales >2 m2 (Cambardella et al., 1994;

Robertson et al., 1988). Moreover, some soil NO3
– chemi-

cally adheres to anion exchange sites or physically adheres

in soil solutions that are bound to soil particles at extremely

low pressure potentials. The strength of adhesion varies at

a microscale, and these factors differently affect the mea-

sured concentration of NO3
– in any given sample with any

given method (Darrouzet-Nardi & Weintraub, 2014). Hence,

the goal of all soil NO3
– measurements is to use the mea-

surements to predict and explain processes of interest such as

microbial metabolism, plant productivity, and environmental

N losses. The sensors tested herein show potential to improve

prediction and understanding of these processes.
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F I G U R E 8 The effect of intradaily sampling resolution on accuracy of estimated mean daily soil NO3
– concentrations for a single day in the

field experiment. The actual single day mean concentration is calculated as the mean of intradaily field sensor measurements with 10-s sampling

resolution. The estimated mean single day concentrations are based on linear interpolation of hourly sampling intervals from 1 to 12 h (i.e., 24–2

intradaily samples). Panels represent three time periods that have different NO3
– concentrations. Circles represent 0 kg N ha−1; squares represent

168 kg N ha−1; triangles represent 336 kg N ha−1. Data are offset from hourly sampling intervals to allow visualization of the error bars

As soil NO3
– sensors become low cost and ruggedi-

zed for long-term deployment, widespread implementation

will advance our capacity to predict, explain, and manage

ecosystem N dynamics. Much more detailed salt-extract,

lysimeter, and sensor comparisons will become increas-

ing possible as sensor manufacturing is industrialized. An

increase in manufacturing yield will require an industrial set-

ting for manufacturing, quality check, and maintenance.

The recent National Academies of Sciences, Engineer-

ing, and Medicine report Science Breakthroughs to Advance
Food and Agricultural Research by 2030 (NAS, 2019) high-

lighted the need for agricultural sensors to deliver research

breakthroughs that are required for long-term sustainability

of global agriculture. Such sensors have already been realized

for soil moisture and temperature. Breakthroughs in soil mois-

ture sensor technology and cost led to improvements in soil

evaporation models (Ventura et al., 2006) and distributed sen-

sor networks, which ultimately improved large-scale ecosys-

tem models (Robison et al., 2008). In addition, farmers use

the same sensors and similar models to better manage irriga-

tion systems, significantly decreasing water use while improv-

ing profitability (Blonquist et al., 2006). Ecosystem and crop-

ping systems can achieve similar improvements from NO3
–

sensors. Future work must determine the optimum spatial
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F I G U R E 9 The effect of interdaily sampling resolution on accuracy of mean daily soil NO3
– concentration across days in a field experiment.

The actual single-day mean concentrations are calculated as the mean of intradaily field sensor measurements with 10-s sampling resolution. The

estimated mean daily concentration across days is calculated by linear interpolation of mean daily concentrations with sampling intervals from one to

eight days (i.e., 15–2 samples). Panels represent three time periods that have different NO3
– concentrations. Symbols represent different N fertilizer

rates. Circles represent 0 kg N ha−1; squares represent 168 kg N ha−1; triangles represent 336 kg N ha−1. Data are offset from hourly sampling

intervals to allow visualization of the error bars

deployment of sensors across depth and area, use sen-

sors to improve model algorithms, and determine how sen-

sor data streams can be coupled with models to enhance

predictions.
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