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Abstract: A mobile monitoring station was developed to measure nitrate and physicochemical water
quality parameters remotely, in real-time, and at very high frequencies (thirty minutes). Several
calibration experiments were performed to validate the outputs of a real-time nutrient sensor, which
can be affected by optical interferences such as turbidity, pH, temperature and salinity. Whilst most
of these proved to play a minor role, a data-driven compensation model was developed to account
for turbidity interferences. The reliability of real-time optical sensors has been questioned previously;
however, this study has shown that following compensation, the readings can be more accurate than
traditional laboratory-based equipment. In addition, significant benefits are offered by monitoring
waterways at high frequencies, due to rapid changes in analyte concentrations over short time periods.
This, combined with the versatility of the mobile station, provides opportunities for several beneficial
monitoring applications, such as of fertiliser runoff in agricultural areas in rural regions, aquaculture
runoff, and waterways in environmentally sensitive areas such as the Great Barrier Reef.
Keywords: agriculture; Nitrate runoff; real-time monitoring; water quality

1. Introduction
Nitrate fluxes in the water system due to fertiliser mismanagement create substantial environmental
and health issues where, particularly in rural communities, efficient and reliable water treatment
processes are not always available [1]. Reliable monitoring of nitrates is therefore critical to
understanding and predicting nutrient runoff and, in turn, poor fertiliser application practices.
Traditional methods rely on time-intensive sampling and analysis processes, usually through
surface water samples which are collected and analysed in a laboratory (Table A1, Appendix A) [2,3].
Real-time nutrient sensors have the potential to generate widespread benefits for agriculture and
aquaculture industries, while also providing a rapid source of high-frequency data that can assist in
mitigating environmental damage in sensitive areas.
One such method of automation involves the use of high-frequency optical sensors. However, the
reliability and potential successes of optical nitrate sensors is understudied and has been questioned
previously [4]. One project relied on real-time sensors for pH, conductance, temperature, turbidity,
chlorophyll and dissolved oxygen monitoring in water streams; however, to complete nutrient
analyses, manual sampling was required to develop a regression model that could estimate bacterial
concentrations [5]. As a result, the study may have benefited from the use of real-time nutrient sensors
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due to the potential ability to correlate temporal data with the water quality probe results. Another
study implemented real-time monitoring buoys to obtain nutrient data [6]. While innovative, these
data are limited due to the small measurement range of the instrument (0–5 mg L−1 of NO3 ), as well as
a maximum autonomous monitoring period of six months [7].
Currently, there is not a complete acceptance of real-time nutrient sensors for reliable mainstream
water quality monitoring [8]. As a result, this perceived unreliability leads to skepticism, which in
turn hinders opportunities for the widespread implementation of real-time nutrient sensors. However,
previous studies [9] have shown that readings from optical sensors can be compensated for optical
interferences while simultaneously deployed remotely. As a consequence, there is the potential,
through a combination of targeted experiments and data-driven modelling, to improve the reliability of
in-situ optical sensors, such as those targeting nitrates. In turn, this would assist in allowing responses
to environmental issues to occur in real-time.
Consequently, the overarching goal of this study was to design, construct, calibrate and field test
a real-time nitrate measurement instrument to enable high-frequency and remote nitrate monitoring
applications to occur in the future. This goal was achieved through a number of research tasks,
including comparing the accuracy of a NiCaVis 705 IQ sensor (from YSI, Yellow Springs, OH, USA) to
a spectrophotometer, under laboratory conditions. The laboratory experiments also contributed to the
second aim, which was to design a compensation model for nitrate optical sensors. Finally, this testing
and the subsequent compensation models contributed to the third aim of the study, which was to
develop and deploy a mobile monitoring station to obtain and transmit water quality data, especially
nitrate data, in real-time and at very high-frequencies (30-minute intervals). The achievement of these
three aims contributed to our goal to foster the deployment of reliable real-time nitrate sensors for a
range of important applications.
2. Materials and Methods
2.1. Phase I. Laboratory Calibration
To start the development of a mobile monitoring system, a comprehensive laboratory calibration
of the NiCaVis 705 IQ sensor was conducted. This sensor specialises in identifying the concentration
of several water quality parameters in real-time, at high-frequency intervals. The focus of this
particular study was on calibrating its nitrate detection capability [10]. As a result, the sensor was
specifically calibrated to account for the expected waterway conditions of the region, which are likely
to differ significantly depending on the location of deployment. However, most rivers tend to share
similar water quality ranges; hence, the goal was to develop a compensation range that could make
the nitrate readings from NiCaVis reliable and consistent with what is typically observed in these
waterbodies [11,12].
To achieve this, potassium nitrate solutions with concentrations ranging between 0.05 mg L−1
and 500 mg L−1 were created, thus allowing a set of samples capable of simulating eutrophication
conditions (concentrations > 2 mg L−1 [13]) to be developed, while also enabling the assessment of the
efficacy of the NiCaVis 705 IQ sensor through a broad enough concentration spectrum [14–18].
The preliminary calibration and analysis was conducted by measuring potassium nitrate solutions
with the NiCaVis 705 IQ sensor as well as a laboratory spectrophotometer and comparing the results
as a standardisation measurement. Upon developing this baseline for both devices, interference
sources consisting of alterations to the pH, salinity, turbidity, humic acid content, bromide content and
temperature were made to calibrate the sensor under different conditions, particularly since studies
have shown that these parameters may reduce the accuracy of optical sensors [9,19–22]. Thereafter,
a repetitive measurement method was followed to obtain the sought-after results. Firstly, 50 mL of
potassium nitrate was placed in tubes, where an interference source was applied and thoroughly mixed
to create a homogenous solution. Each sample was then analysed by a laboratory spectrophotometer
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For the NiCaVis 705 IQ sensor, good accuracy was achieved up to a concentration of 25 mg L−1 ,
For the NiCaVis 705 IQ sensor, good accuracy was achieved up to a concentration of 25 mg L-1,
with a rapid drop in accuracy thereafter. The sensor was unable to measure nitrate concentrations
with a rapid drop in accuracy thereafter. The sensor was unable to measure nitrate concentrations
beyond 250 mg L−1 . The spectrophotometer was shown to be accurate for nitrate concentrations only
beyond 250 mg L-1. The spectrophotometer was shown to be accurate for nitrate concentrations only
up to 3 mg L−1 ; readings beyond this showed a constant concentration of 5 mg L−1 . This was believed
up to 3 mg L-1; readings beyond this showed a constant concentration of 5 mg L-1. This was believed
to have resulted from an Inner Filter Effect (IFE), which occurred as a result of the analyte concentration
to have resulted from an Inner Filter Effect (IFE), which occurred as a result of the analyte
being too high, causing signal loss in the spectrophotometric analysis [23]. Additional figures to
concentration being too high, causing signal loss in the spectrophotometric analysis [23]. Additional
emphasise the performance of the sensor and spectrophotometer when measuring interference sources
figures to emphasise the performance of the sensor and spectrophotometer when measuring
such as turbidity, pH, temperature, bromide, humic acid and salinity are presented in Appendix D.
interference sources such as turbidity, pH, temperature, bromide, humic acid and salinity are
The results of these experiments display a similar trend to the one observed in Figure 3, emphasising
presented in Appendix D. The results of these experiments display a similar trend to the one observed
the higher accuracy of the sensor when compared with traditional water quality monitoring methods.
in Figure 3, emphasising the higher accuracy of the sensor when compared
with traditional water
Overall, NiCaVis was able to determine concentrations within 0.1 mg L−1 of the baseline in 81%
quality monitoring methods.
of the samples tested (n = 240), while the spectrophotometer was only able to-1achieve this in 63% of
Overall, NiCaVis was able to determine concentrations within 0.1 mg L of the baseline in 81%
tests. Furthermore, the sensor read concentrations within a 0.5 mg L−1 range in 96% of cases, while the
of the samples tested (n=240), while the spectrophotometer was only able to achieve this in 63% of
spectrophotometer had the same result in only 84% of samples. If accounting
for the error in samples
tests. Furthermore,
the sensor read concentrations within a 0.5 mg L-1 range in 96% of cases, while the
−1
>5 mg L , the number of samples within that range of accuracy decreases to 67%.
spectrophotometer had the same result in only 84% of samples. If accounting for the error in samples
This study also found that the accuracy of NiCaVis can be improved through extensive
>5 mg L-1, the number of samples within that range of accuracy decreases to 67%.
compensation modelling and reading adjustments. Turbidity was found to be the largest interference
This study also found that the accuracy of NiCaVis can be improved through extensive
source: elevated levels of turbidity with lower nitrate concentrations had the tendency to reduce the
compensation modelling and reading adjustments. Turbidity was found to be the largest interference
sensor’s ability to accurately detect the level of nitrate. Figure 4 displays this correlation, indicating
source: elevated levels of turbidity with lower nitrate concentrations had the tendency to reduce the
that a smaller nitrate presence causes a larger signal loss with increasing turbidity. Figure 5 then
sensor’s ability to accurately detect the level of nitrate. Figure 4 displays this correlation, indicating
displays the relationship between the expected and experimental nitrate concentrations, based on
that a smaller nitrate presence causes a larger signal loss with increasing turbidity. Figure 5 then
different turbidity levels.
displays the relationship between the expected and experimental nitrate concentrations, based on
different turbidity levels.
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Figure 7 displays an evident trend where nitrate concentrations had the tendency to lower
significantly during the wet season (November to April) and rise during drier periods. Therefore, this
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compensating to ensure that the readings made by the NiCaVis 705 IQ sensor and its auxiliary units
are maintained at an accurate level.
4. Discussion
The completion of the pilot study consisting of laboratory calibrations and compensation modelling,
as well as the trailer development and its subsequent deployment, has the potential to provide numerous
benefits. The advantages of obtaining high-frequency nutrient data were explored in this study, where
the 30-minute interval results provided the opportunity to observe the highly dynamic nature of water
quality parameters. Consequently, the next sections briefly discuss the potential applications of the
mobile trailer, as well as the implications of collecting data at a high frequency over long time-periods.
4.1. Agricultural Benefits in Rural Regions
The overproduction of crops to meet increased food demand has caused increases in fertiliser
usage, leading to significant environmental damage and exemplifying the need for real-time, remote
monitoring at vulnerable waterways. For lower socioeconomic nations, such as those within the
tropics, routine monitoring through traditional methods is not feasible due to their diminished
capability to proportionately improve their agriculture production [25]. As a result, countries in the
tropics are struggling to implement monitoring regimes that can mitigate environmental harm and
minimise economic losses from mismanaged fertiliser usage. Thus, one such application of a real-time,
high-frequency system for water quality monitoring is to provide vulnerable nations with a way to
continually monitor agricultural effluent. In doing so, fertiliser runoff can be effectively managed using
real-time monitoring, thus providing an option to assist decision-makers in the reduction of economic
losses associated with high-volume discharges.
4.2. Minimisation of Nutrient Pollution from Aquaculture Practices
Aquaculture industries pose a significant threat to waterway health. In recent years, nutrient
inputs have significantly declined, with the conversion efficiency to assist in the growth of aquatic
organisms also improving [26]. However, excretion products from these organisms persist and have
the potential to cause significant environmental and ecosystem changes. This therefore presents issues
where excess nutrient loads can not only lead to eutrophication but can cause disruptions to marine
species. One study [27] found that up to 45% of nitrogen provided as a food source could be excreted
by some organisms, emphasising the significant detriment that mass aquaculture production may
have on water quality. Therefore, real-time, high-frequency monitoring can be applied to better equip
stakeholders to manage effluent releases into general waterways. In doing so, the timing and volume of
nutrient-rich discharge can be managed to provide a lower overall threat to waterways and ecosystems.
4.3. Improvement of Environmental Health in Environmentally Sensitive Areas
As previously mentioned, traditional water quality data are usually obtained, analysed and
reported at monthly intervals. This minimises labour and technological costs while also providing
relatively accurate results regarding the health of waterways. However, this study has highlighted that
the overall complexity of river/creek systems is high, with the dynamic nature of these systems causing
large fluctuations of physicochemical and nutrient concentrations in short time-periods. For typical
waterbodies, the importance of measuring the significance of these variations may not be particularly
necessary; however, some regions are very susceptible to small changes in water quality. The Great
Barrier Reef (GBR) is an example of this, and it is an environmentally sensitive area; coral bleaching is
a well-known issue that is associated with changes in water temperature, nutrient levels (particularly
nitrate) and lighting [28,29]. As a result, this presents an opportunity for high-frequency monitoring,
which has already been conducted and validated as part of this study. Monthly observations of areas
such as the GBR are insufficient for maintaining the health of these regions, and hence the potential to
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obtain real-time data that can be readily acted on has the potential to mitigate environmental damage
to vulnerable areas.
4.4. Efficacy of Real-Time, High-Frequency Sensors for Routine Water Quality Monitoring
Traditional high-frequency monitoring systems are too immobile to assist in targeted water quality
analyses [8]; however, the mobile system developed in this study has the capability to be deployed at
different targeted locations on-demand.
The accuracy of high-frequency optical sensors has been previously questioned [8]. Efforts are
being made to improve the reliability of implementing such devices for prolonged use; however,
compensating readings accurately has also proven to be beneficial, as a study by de Oliveira et al. [9]
has suggested. This study further emphasised this significance by obtaining data to develop a
turbidity-nitrate compensation. The calibration results shown in Figures 4 and 5 are in line with the
findings of de Oliveira et al. [9] since an increase in turbidity resulted in a decrease in signal strength of
the real-time optical sensor. However, we also proved that such a decrease is not only proportional to
turbidity concentration but also to the actual nitrate concentration, with low nitrate levels being more
susceptible to turbidity interferences and thus a loss in sensor accuracy. Our compensation model
extended from [9] to include this second key variable.
5. Conclusions
Due to a lack of resources and effective water monitoring methods, nations in the tropics are at a
greater risk of waterway pollution from excess nutrient loads. Current monitoring methods for nitrates
are outdated and fail to deliver consistent solutions to water quality issues in river/creek systems.
Furthermore, accessibility and affordability limitations of monitoring systems are significant drawbacks
to routine checking of agricultural waterways in rural areas. As a result, a mobile monitoring station
was developed in this study to collect high-frequency nitrate and physicochemical water data. The
implications of this effective and practical monitoring system, which can be reliably compensated,
are significant. Throughout this study, the overall user-input requirements of the monitoring system
have been greatly optimised; wireless internet streaming and a nearly complete remote functionality
have provided the opportunity for efficient and constant data transmission to occur with minimal
human involvement. Furthermore, by developing the streaming platform through code-based software,
the necessity for human interactions with the monitoring system, aside from the initial setup and
calibration, is minimal.
This study has also identified several findings relating to the modernisation of water quality
monitoring. Firstly, extensive laboratory calibrations linked interference sources including pH,
turbidity, temperature, bromide, salinity and organic matter, to the potentially reduced performance
of a real-time optical nitrate sensor. In doing so, it was found that turbidity had the greatest effect,
and hence a compensation model was developed to maintain the accuracy of reported results, even
in turbid waterway conditions. The benefits of this process are potentially significant: the reliability
of real-time, high-frequency sensors considerably improves through such modelling, where the
simultaneous employment of a remote sensor, linked to an online cloud-based data transmitter, can
provide accurate data based on compensations associated with environmental conditions. Furthermore,
these calibrations have also shown that real-time sensors can be significantly more accurate than
traditional laboratory spectrophotometers, thus highlighting the necessity of modernising water quality
monitoring methods to minimise time wasted and improve the accuracy and reliability of reported
data. Finally, this study has shown how crucial high-frequency measurements are when monitoring
water quality as several parameters, particularly nitrates, can have very short-term fluctuations in
concentration. Given waterway susceptibility to eutrophication, such erratic variances can have
significant consequences, and hence this study was important to further highlight the necessity of
high-frequency monitoring.
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Future work will expand on the research described in this paper, and remote, live monitoring
and advanced data analytics will be coupled to create a fertiliser management decision-support
system that can be deployed to combat targeted issues such as fertiliser dosage mismanagement and
aquaculture-based nitrate monitoring. Not only would this provide farmers with an on-demand
method of managing the water quality of rivers surrounding their sites, but they can also optimise
fertiliser dosages and nutrient feeds for a variety of crop types and aquatic organisms to mitigate
waterway pollution. Optimal fertiliser usage pays off economically for farmers due to reduced annual
demand, while aquaculture monitoring assists in preventing ecosystem damage to critical species
and environments.
To further refine the concept, additional trailers at different points along a targeted waterway
would provide additional opportunities to verify the concentrations of nitrate from farmland areas.
This study has already begun to highlight different factors that affect the severity of nitrate runoff;
however, more continual high-frequency data would provide significant opportunities to interrelate
these parameters. Overall, more in depth studies are required to develop specific monitoring regimes
with high-frequency data. Despite this, the current pilot monitoring program has shown potential,
and hence the success of future projects could provide significant benefits to agricultural stakeholders
and aquaculture locations, as well as environmentally sensitive areas, particularly in more vulnerable
regions, which are susceptible to the effects of overpopulation and climate change.
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Appendix A. Summary of Typical Water Quality Measurement Methods
Table A1. Advantages and disadvantages of different nitrate measurement methods.
Analysis Method

Ion Selective Electrode [30]

Nitrate Test Strips [31]

Advantages

Disadvantages

- Large pH range (2.5–11).
- Large range of nitrate
concentrations detectable.
- Portable.

- Long preparation time (30 min–1 h).
- Requires soaking in a high standard nitrate
solution.
- Relies on samples taken from the middle of a
water body, below the surface (not always
practical).
- Easy to contaminate if not thoroughly rinsed.
- Requires time-intensive calibration.
- Several ions may contaminate readings.

- Quick to use.
- Easy to measure (no experience
required).
- Short preparation time.
- Practical results (ppm reading).

- Inaccurate—no exact concentration readable.
- Large jump in concentration band with little
colour band change.
- Potentially difficult to read.
- Significant margin of error.
- Not reusable.
- Expiry date significantly reduces accuracy.
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Table A1. Cont.
Analysis Method

Cadmium Reaction [32,33]

Laboratory Spectrophotometry
[32,33]

Real-time In-situ
Spectrophotometry [10]

Advantages

Disadvantages

- Uses nitrite colour change as a
proxy for nitrate data.
- Minimal interference from
temperature/salinity.
- Useful for monitoring.

- Long preparation time.
- Significantly affected by human error.
- Requires some laboratory experience to
prepare/carry out the procedure.
- Requires a specific wavelength (543 nm) to
measure the absorbance to obtain a result.

- Large wavelength spectrum
available.
- Useful for monitoring.

- Long preparation time.
- Significantly affected by human error.
- Potentially subject to interference sources that
may affect results.
- Requires some laboratory experience to
prepare/carry out the procedure.

- Fast response time.
- Real-time data.
- Can be monitored remotely.
- Automatic ultrasound
cleaning/low maintenance.
- Large spectrum for UV-VIS
spectrophotometry.
- Several parameters measurable.
- Useful for decision making.

- Need to ensure that the device is secure (to
prevent theft/damage).
- Potentially subject to interference sources that
may affect results.

Table A1 shows that several methods have significant disadvantages, which may minimise the
reliability, accuracy or affordability of regular monitoring due to their dependency on manual sampling,
in-situ requirements or the time required to obtain accurate data. Laboratory spectrophotometry
is commonly used in industry water quality monitoring programs, particularly by government
organisations who use the data to assist in decision-making regarding targeted waterways. However,
this method also has limitations where it largely relies on water quality scientists to extract samples for
analysis, which may not be feasible in rural areas due to the significant distance from city centres and
monitoring laboratories [32,33].
Appendix B. Piping and Instrumentation Diagram of the Mobile Trailer
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Figure A1. Piping and instrumentation diagram of the monitoring trailer’s functionality.
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