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Abstract

Emissions of nitrous oxide (N2 O), a greenhouse gas, have been increasing over the last two decades, and
emissions from soils is a lead contributor. N2 O is produced during microbial processes of nitrification and
denitrification, which can be greatly stimulated in agriculturally managed soils as a result of fertilization
and other management decisions. Assessing emissions to better link them to processes, can inform adaptive
management. Nonetheless, sources of N2 O emissions from soils are complex to measure given the high
spatial and temporal variability of the process. Fluxes of N2 O have been observed to have neither normal
distribution in space nor in time, but rather occur in episodic which can last sometimes less than a day
or in small spatial hotspots. Assessing the stochasticity of the process can be an important step towards
improving accuracy in sampling designs and models.
In this research project, a geostatistical model was applied to simulate such temporal and spatial
variability of emissions in order to inform sampling design decisions. The model includes a spatio-temporal
residual, a trend for seasonal effects, and a trend to simulate patterns that are a result of topography and
continuous soil properties. The model imposed a Space-Time semivariogram to simulate a residual with
spatio-temporal correlation. Simulating the spatio-temporal residual component, a number of possible
realities were generated for nitrous oxide emissions over a 1 hectare study area and 6-month growing
season.
From this simulated data, common sampling designs of varying spatial and temporal sampling patterns were compared to assess their accuracy. Appropriately capturing the spatio-temporal variability is
challenging when upscaling measurements given the variability of the process as well as budget and time
constraints of an experiment. Results indicate that increasing the number of points in space versus time
results in higher accuracy.
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1. Introduction
1.1

Overview of nitrous oxide emissions

Greenhouse gases (GHGs) such as carbon dioxide (CO2 ), methane (CH4 ), and nitrous oxide (N2 O), absorb
light in the atmosphere, trapping thermal heat and producing a warming greenhouse effect. Since 1970,
global surface temperatures have increased more than during any other 50 year period over the past
2,000 years (IPCC, 2021) due to increasing concentrations of these GHG’s. Specifically, rates of N2 O
emissions have increased in recent years, from 0.79 ppb yr-1 from 1995-2011 to 0.96 ppb yr-1 from 2012
to 2019 (IPCC, 2021). Although it accounts for only 6.2% of total anthropogenic GHG’s emitted, less than
emissions of CO2 and CH4 (76% and 16% respectively), N2 O’s global warming potential (GWP) is almost
300 times that of CO2 over a 100 year period (Ehhalt et al., 2001; IPCC et al., 2014). In comparison,
CH4 has a GWP of 28 or GWP of 84 over a 20 year period (IPCC et al., 2014).1 . Nitrous oxide has
significant effects in the long term, as it remains in the atmosphere for over 100 years (UNFCCC, 2013).
Monitoring N2 O emissions is critical while developing strategies for lowering emissions, regulating, and
mitigating climate change.
However, sources and sinks of N2 O are complex to monitor, as the gas is emitted from both natural and
anthropogenic sources and varies under different environmental conditions. Naturally, the gas is produced
during microbial processes of nitrification and denitrification in soils as well as oceans and sediments (Dalal
et al., 2003). Agricultural managements as well as sewage treatments, transportation, and other industrial
processes influence production and emissions (IPCC et al., 2014; IPCC, 2018).

Production of nitrous oxide in soils
Soils emit N2 O, as the gas is produced in the soil and diffuses upwards into the atmosphere. Production of
N2 O in soil is complex, as dynamics of sinks and sources of nitrogen occur differently under different climate
conditions and agricultural management scenarios that affect soil structure, aeration, oxygen availability,
and carbon and nitrogen availability.
Nitrification and denitrification processes are affected directly (*) and indirectly by:
1. * available Nitrogen (soil N, applied substrates, fertilizer treatments)
2. * decomposable soil organic carbon (SOC)
3. * redox potential
4. * pH
5. * temperature
1

N2 O’s GWP is more or less constant in the short and long term (IPCC et al., 2014)

1
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6.
7.
8.
9.
10.
11.

clay content
soil structure and porosity
soil moisture
amount of oxygen
microbial communities
plant communities

Available Nitrogen, available Carbon, redox potential, pH and temperature directly affect nitrification
and denitrification processes of which N2 O is an intermediate product. These parameters are affected by
a variety of soil and environmental conditions.
Soil physical properties, such as clay content, structure and porosity, affect moisture and aeration in
soils and thus oxygen availability for microbial denitrification and nitrification processes (Ashiq et al., 2021;
Dong et al., 1998; Butterbach-Bahl et al., 2013; Dalal et al., 2003). Amounts, types, and the bioavailability
of carbon and nitrogen catalyze these microbial processes too (Dalal et al., 2003; Oenema et al., 2005).
Environmental conditions, such as precipitation, seasonal temperature and topography influence water
flow, soil formation and properties and indirectly N2 O production (Ashiq et al., 2021).
Additionally, plants encourage the breakdown of nitrogen substrate via carbon inputs through rhizodeposition, feeding microbes in their rhizospheres (Bender et al., 2015; Olfs et al., 2018; Van Groenigen et al.,
2004). Plants then take up nitrogen in the forms of nitrate (NO3 - ) and ammonium (NH4 + ). Generally
they have a preference for one of these types, leaving an abundance of the other. This excess substrate
in the soil encourages growth and respiration of denitrifying and nitrifying microbes. Also, mycorrhizae
indirectly affect denitrification and nitrification processes by altering microbial communities in soils and
influencing nutrient cycling and soil aggregation and thus aeration and water holding capacity (Okiobe
et al., 2019; Cavagnaro et al., 2015; Rillig and Mummey, 2006).
Lastly, certain fertilizer treatments and application scenarios further increase nitrogen in soils and
modify nitrification and denitrification processes (Bender et al., 2015; Oenema et al., 2005). For instance,
application of animal manure causes emissions depending on the type of animal and grassland versus
arable. Also, whether manure is applied on the surface or injected has differing effects (Oenema et al.,
2005).

1.2

Variability of nitrous oxide emissions in soils

Emissions of nitrous oxide follow a seasonal trend around temperature and precipitation (Rahn et al.,
2011; Wu et al., 2010). Also, as microbial activity is affected by soil temperature and plant’s photosynthesis, emissions follow a diurnal trend (Dinsmore et al., 2009; Dalal et al., 2003). Nonetheless, emissions
show high variability. Emissions occur in episodic fluxes, sometimes after a peak event, such as rainfall,
freeze/thaw, or fertilizer treatment, and in small spatial hotspots (Crill et al., 2000; Grace et al., 2020;
Abalos et al., 2016; Barnard et al., 2005; Oenema et al., 2005; Kroon et al., 2007).
In a study measuring nitrous oxide fluxes in 0.6 hectare plots, with nine measurement locations per
plot, fluxes were shown to have coefficient of variation above 400% (Dinsmore et al., 2009). Another study
showed measurements from the same date at placements less than six meters apart have coefficients of
variation ranging up to 273% (Velthof et al., 1996). At a microscale, the patchy dispersion of particulate
2
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organic material has been shown to be a major factor influencing variability or rates. One study found that
within soil samples, up to 85% of total denitrification and nitrification activity occurred in less than 1%
of the total mass of the sample, and the dispersion of such micro activity was not normally distributed
(Parkin, 1987). In a study analysing flux values over a 3 month period from August to November, the
average standard deviation was 185% for single measurement site (Kroon et al., 2007). Thus, spatial and
temporal has been shown to be very large for N2 O.
Additionally, emissions follow an asymmetric distribution. In this right skewed distribution, most observations show low emissions, with a few observations showing higher and very high emissions (Ball et al.,
1997; Velthof et al., 1996, 2000). This skewed distribution indicates that it is only a few samples which
cause the variability. Considering the distribution as following a log-normal pattern could indicate that a
multiplicative effect occurs amidst underlying soil properties that result in high variability (Parkin, 1987).
In summary, production of N2 O in and its emission from soil is a complex process that has large variation
in space and time.

Applying geostatistics
Accurately measuring the variability of nitrous oxide emissions has emerged as an important discussion
amongst researchers particularly when evaluating sampling designs and measurement accuracy (Giltrap
et al., 2020; Grace et al., 2020; Clough et al., 2020). Geostatistics, a branch of statistics which analyses
and models geospatial data, is a useful tool to quantify measured variability and incorporate spatial and
temporal patterns in models and simulations.
Estimating a stochastic residual, the difference between observations and prediction, in terms of spatial
and temporal variability, allows one to model or simulate certain patterns observed in time and space. It
is applicable to integrate spatio-temporal statistics when the variability cannot be attributed to a certain
cause, but it does have spatially and temporally dependent components (Grovman et al., 2009; van den
Pol-van Dasselaar et al., 1998). Spatial and temporal correlation can be seen in patterns of the size,
duration, or location of the variability, even if the causal processes themselves cannot be parsed apart
and identified or timing and placement of the variability predicted. This is especially significant for nitrous
oxide emissions, given the observed variability, and fluxes cannot be determined with only a deterministic
model.
Semivariograms, functions to describe correlation over distance (semivariance), have been fitted to
observations of nitrous oxide emissions in the spatial and temporal domains (Velthof et al., 1996; Avalos
et al., 2008). The range and sill parameters of the semivariogram quantify the distance to which spatial
correlation exists (range) and the maximum value of semivariance (sill). In other cases, geostatistics has
been applied to match variability in underlying soil properties to variability in nitrous oxide emissions
(Orton et al., 2011; Yanai et al., 2003). Simulating a residual as a function of separation in time and
space allows for such patterns to be generated and thus analyzed, like in the case of this research, for the
comparison of sampling designs.

3
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1.3

Measuring nitrous oxide emissions

In order to assess the contribution of N2 O emissions to GHG emissions and climate change, it is important
to measure the total emission from an area over a certain period of time. For instance, in agriculturallymanaged grassland fields, it is significant to understand how different managements or fertilizer treatments
affect emissions from a field over a year. However, it is not possible to measure everywhere and all the
time, so a sample is taken from which an estimate is made for the entire area over a given period. In
relating the sample unit to an entire population or in this case a given area and time period, uncertainties
are introduced. These uncertainties depend on the sample size, sampling configuration, spatial coverage,
temporal frequency, the spatial and temporal support of the measurements, and the accuracy of the
measuring equipment itself. Thus, given the process’s high variability, optimizing a sampling design for
N2 O emissions over a year for a farm field, and within practical and budget constraints, is a challenge.

Temporal coverage and variation
Temporally, sampling approaches differ in both their temporal resolution, how many measurements are
taken per hour, day, week, season and year, and support, length of the measurement time. Choices
in resolution affect accuracy for estimating emissions for a larger time period. It affects modelling a
trend, for instance if the resolution includes or misses a peak event. Figure 1.1 shows an example of two
measurement designs with differing resolutions. Design A captures higher variances around peak events
better than Design B.

Figure 1.1: Temporal scales for two sets of measurements. Design A, which has higher temporal resolution,
is more adequate than Design B for capturing high variances.
Additionally, choices in temporal support have implications for measuring the variability of emissions.
Support is the time period over which a measurement or prediction or made, or in the case of spatial
support, the area or volume. Higher temporal support allows one to average over longer intervals and
thus over variations in flux quantity. However, there are constraints when designing support due to the
diffusion properties of the gas. For select measuring equipment, if the gas is allowed to accumulate for too
4
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long during a measurement period, the concentration gradient is surpassed, and gas does not continue to
diffuse out of the ground.

Spatial coverage and variation
Secondly, designs differ in their spatial scale in resolution, how many and at what distances measurements
are taken over a given area, and the support, or size of the measurement spot. Firstly, in order to minimize
variation resulting from underlying soil properties, study areas can be chosen with limited known heterogeneity. Otherwise, measurement spots can be placed with such variation in mind. However, soil is affected
by small scale variance that is often unknown but still causes spatial variation. As an example, Figure 1.2
shows two measurement designs with differing resolutions on a field with an unknown heterogeneous soil
property, for instance soil moisture. Design C captures spatial variability better than Design D.

Figure 1.2: Spatial scales for two sets of measurements. Design C, which has higher spatial resolution, is
more adequate than Design D for capturing spatial variability due to heterogeneous soil properties.
Also, the size of the measurement spot (i.e., the spatial support) affects spatial variation. ’Within-spotvariation’ cancels out with a larger measurement support and reduces total spatial variation. The spatial
support is determined by the measuring equipment. Typically, measuring equipment are chambers (circular
or square in shape) placed on the ground with widths/diameters ranging from 30-700cm or meteorological
towers that measure gas exchange on a hectare scale (Aita et al., 2015; Davidson et al., 2002; Fiorini et al.,
2020; Olfs et al., 2018; Verchot et al., 1999). Nonetheless, there are limitations for spatial support of the
chamber design. The size of the chamber can affect concentration gradients or differences in pressure that
might cause the gas to diffuse back into the soil or affect its rate of emission (Davidson et al., 2002).
Also, it is difficult to ensure homogeneous mixing of the gas within larger chambers, increasing the risk of
measurement biases (Rochette and Eriksen-Hamel, 2008). Fans can be used to mix air within the chamber
head space, but this too has the potential to alter the flux (Clough et al., 2020).

5
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Measurement methods
Common sampling approaches use static chambers, automatic chambers, and meteorological flux towers
for measuring sampled air concentrations, each of which have implications for the sampling design and
trade-offs in cost and accuracy.
• Static chamber method:

Figure 1.3: Static chamber shown sampling gas concentrations with a gas monitor (Picarro G2508)
In a static chamber design, an open-bottomed chamber, which is made of HDPE, PVC, or other
plastics and materials, is placed on top of and sealed to the ground into which gas diffusing upwards
from the soil fills. In some cases, a ring at the bottom of the chamber is left in place over the
course of an experiment due to the complexity of sealing and to minimize soil disturbance. After the
chamber is closed, it is connected to a gas monitor to measure gas accumulating in the chamber.
Measurements are made after a certain period, typically ranging from a few minutes to a few hours,
on the amount of gas that has accumulated in the chamber.
This design is frequently used due to its simplicity and low cost. Simple PVC chambers allow for
a high number of sampling points in space which in turn allows for measuring spatial variability.
However, often measurements are made sequentially, with a measurement device connected to a
single chamber each time. The number of measurement devices and people operating them limits
resolution. Thus, although there may be a large number of chambers placed for an area of interest,
the number of times each measurement spot is sampled may be limited by time constraints. Although
the spatial variability can be better measured, limitations exist for measuring temporal variability.
• Automatic chamber method:
This design is similar to the static chamber method in that an open-bottomed chamber is sealed to
the ground to maintain adequate pressure for diffusion gradients and prevent leakage. The chamber
remains in place for the duration of the experiment, and with an automatic timer, opens to allow
gas to flow in, closes, to allow for accumulation and measurement, and then opens again to filter the
air out. This process occurs at intervals throughout a day, often with more frequent measurements
6
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Figure 1.4: Automated chamber shown with an open lid (Grace et al., 2020)
than the static design (Fiorini et al., 2020).
This setup allows for finer temporal granularity, which is applicable for measuring nitrous oxide
emissions, as there is a lower likelihood that a peak event is missed, preventing biases to the mean
in the long term (Crill et al., 2000). Also, as this set up is permanent through the course of the
experiment, disturbances to the soil are minimized (de Klein et al., 2020).
On the other hand, the equipment is more complex and expensive than the use of static chambers,
which would constrain the spatial sampling density, as does the number of gas monitors needed
to sample accumulated gas. In these approaches, there is often a trade-off for higher temporal
resolution but lower spatial resolution.
• Eddy covariance method:

Figure 1.5: Flux towers at 1.5 m height shown sampling area with radius of 60-100 m

7
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The eddy covariance method is a flux measurement method using meteorological theory to measure
concentrations of gases moving across an ecosystem/atmosphere interface, or in this case, moving
upwards from the soil to the atmosphere. Air is sampled 10-15 times per second (Hz) (Baldocchi,
2014), with a spectrometer placed at the top of a flux tower, capturing wind velocity, wind direction,
and spectral patterns of the air. Observed spectral patterns are matched to spectral parameters to
derive gas concentrations (Kroon et al., 2007). The eddy covariance method is applied to interpret
upwards and downwards motions of air and their concentrations of trace gases to calculate emissions
(Baldocchi, 2003). The height of a flux tower can range from 1.5 m to 60 m (Peltola et al., 2015),
depending upon the gas analyzer instruments and area of interest, for a spatial support of 50m to
a hectare scale. Also, a network of towers can be implemented to measure a larger area of interest.
For an experiment measuring nitrous oxide and other trace gases, conducted in 2021 at Wageningen
University & Research, 1.5 m towers measured for a radius of 60-100 m (Jordy van ‘t Hull, personal
communication, 2022). An image of this experiment is shown in Figure 1.5.
This method supports larger temporal coverage, as measurements are captured at ∼15Hz and
are monitored for extended periods of time. With this high temporal coverage and resolution, the
emissions is readily understood with less need for upscaling from sampling points to the target period.
Also, using such a design, allows for large spatial support, and soil heterogeneity which causes spatial
variance is averaged out. Lastly, soil disturbance is limited as the equipment is semi-permanent.
Nonetheless, the analysis equipment is associated with much higher cost and complexity. The measurement technique is most accurate for flat ground and under steady atmosphere conditions such
as wind velocity and direction, temperature, and humidity (Baldocchi, 2003). The method is more
challenged at measuring small-scale and patchy sources, which is particularly applicable for a gas
like nitrous oxide that is emitted in low concentrations due to microbial activity (Baldocchi, 2014).
Determining the footprint of the sampled area is challenging given that there can be interference
from strong winds. Wind velocity and direction affects both the size and location of the sample.
Closeness to roads or other experiments can cause errors.
Also, atmosphere conditions affect the spectrometer’s lasers. In a study comparing spectrometers,
higher accuracy was shown with weekly manual calibration (Kroon et al., 2007).
Given the high temporal and spatial variability of N2 O fluxes, a sampling design affects the accuracy
of assessments aggregated over space and time (Crill et al., 2000; Verchot et al., 1999); however, it is
not always feasible to have very high temporal and spatial coverage in an experiment. The static chamber
method is often more sparse temporally than the automatic chamber and eddy covariance methods,
although it allows for a higher number of spatial replicates. The automatic chamber method has benefits in
its temporal coverage, but spatial variation affects accuracy when upscaling. Lastly, as the Eddy covariance
data provides high spatial support and temporal support and resolution, it seems like an optimal choice,
but often it is not possible to apply this method due to budget limitations and the complexity of the
system.
The design considers the question: when is soil exceptionally variable in space and time such that
capturing its spatial and spatio-temporal variability leads to higher accuracy than capturing its temporal
variability? Spatial and spatio-temporal variability would be captured by a higher number of chambers
8
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versus more frequent sampling. Or in contrast, it considers the question of whether the temporal variation
is such that the increase of temporal coverage provides more accuracy even with lesser spatial coverage.
In the case of N2 O emissions from grassland soils, certain climatic events are considered to result in
peak large fluxes and this causes large temporal variances. Secondly, there is high spatial variance due to
heterogeneous soil properties that culminate in chaotic and seemingly random patterns (Webster, 2000).
Designs aim to provide as accurate an estimate of the total N2 O emissions for a given budget, where
accurate is defined as having the least squared estimation error.

1.4

Problem statement

To monitor emissions in agriculture, point measurements of nitrous oxide emissions are aggregated to a
field on the hectare scale and growing season in order to measure emissions for the area of interest. The
spatio-temporal variability of emissions as well as the biases associated with various measurement methods
introduces uncertainties when upscaling the measurements. There is a need to systematically quantify the
variability of emissions and evaluate sampling designs’ accuracy in measuring the variability. Geostatistics
has been applied to measure observed variability, or in some cases evaluate variability of soil properties to
assess correlation to nitrous oxide emissions or develop process-based models (Orton et al., 2011; Stacey
et al., 2006; Avalos et al., 2008). However, it has not been applied to assess accuracy of aggregating
measurements nor for simulating spatio-temporal variation to assess such accuracy (to the author’s best
knowledge).
Various measurement approaches have recently been criticized as unsuitable for accounting for the high
variability of emissions, and research states the benefits for using automatic chamber method and eddy
covariance method given their high temporal resolution (Grace et al., 2020; Baldocchi, 2014). Inference
from samples with different support and resolution in the spatial and the temporal domains has implications
for the precision of emissions aggregated to the target scale. If the temporal or spatial resolution is
inadequate, a high flux is altogether neglected, leading to underestimations in emissions for a field, or the
peak is measured at its maximum, and the overall estimate is too high. Increasing the sample size, having
higher spatial and temporal resolution, leads to higher accuracy, but in practice, this is constrained by
budget and time. Methods may be unattainable due to high cost and complexity, or the area of interest
does not have suitable conditions (in the case of eddy covariance). Thus, comparing sampling designs
with static chambers equipment that generally have lower sampling density should be thoroughly assessed.
There is a need to evaluate the accuracy of sampling designs and derive an approach that is feasible
within a budget. To the author’s best knowledge, no studies have systematically compared the trade-offs
between temporal and spatial coverage in upscaling designs (G. Velthof and J.W. van Groeningen, personal
communication, 2021).

1.5

Research aim and objectives

The aim of this research is to quantify the variability of nitrous oxide emissions in order to identify the most
accurate sampling design of common methods for upscaling N2 O emissions from discrete measurements
9
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for a field and growing season. In particular, this research aims to inform researchers at Wageningen
University & Research (WUR), as to the accuracy of their common sampling designs for computing
spatial and temporal averages.
The objectives identified for this research project are to model the spatio-temporal variability of emissions, review common measurement methods, identify inaccuracies or biases, and thus make a sampling
design that provides the greatest accuracy for estimating N2 O emissions over a growing season for a field
of 1 hectare. The feasibility and budget of various sampling designs is also to be considered. This total
area of 1 hectare is chosen as it is close to the spatial extent of the data used to develop the trend
model and spatial extent commonly seen in experiments. Additionally, the study period of 6 months from
May-October is chosen as that is when most of the emissions of nitrous oxide are expected to occur in
the Netherlands given temperature’s affect on denitrification and nitrification processes. Nonetheless, the
methodology developed would work for larger areas and time periods, as in this case the study area and
period are an example for proof of concept.

Research questions
The specific research questions (RQ) are:
1. What is an appropriate geostatistical model for describing spatio-temporal variability of N2 O emission?
2. What are common sampling designs to be compared?
3. Which sampling design gives the greatest accuracy?

10

2. Overview of research project
In order to achieve the research aim, the project was carried out in three parts that follow the course of
the research questions. First, a geostatistical model was developed to simulate emissions for a given area
and period. An overview of the model is briefly presented in this section. Emissions were generated using
simulations of the geostatistical model over 1 hectare for a 6 month period. The spatial and temporal
support was 0.1 m2 and 10 minutes, respectively, and spatial and temporal resolution was every 4 m and
hourly, respectively.
Second, sampling designs were chosen with differing numbers of sampling points over a hectare,
varying from 4-36 spots, and differing frequencies in time, varying from hourly to once per week. In the
final step, fluxes were estimated for the study area and period from each design’s sampled points, and a
total cumulative emission was calculated for each design and for each simulation. The cumulative amounts
obtained from the samples was compared to the totals from the simulated data, in order to assess which
design provides the most accurate measurement. A flowchart for the project is presented in Figure 2.1.

Figure 2.1: Flowchart describing the three parts of the research project

Overview of geostatistical model
Given that nitrous oxide emissions have a right-skewed distribution, with a lower average but many high
positive and extreme values, it was characterized in this research with a log-normal distribution. Thus, the
normally-distributed geostatistical model was developed to model emissions on the log scale. Additionally,
normal distribution is needed in order to express the variability (through stochastic spatial simulations),
and the additive model translates into a multiplicative one after back-transformation. This allows for
higher variance to occur at moments of higher fluxes in the trend due to the multiplicative property when
back-transforming to the normal scale.
The geostatistical model describes the log of gas emissions (G) as a function of space and time, with
deterministic trends (m and p) and a space-time stochastic residual (R) as follows:
11
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G(s,t) = m(t) + p(s) + R(s,t)

(2.1)

m(t) represents the temporal trend and describes large-scale variation which is a result of seasonality
and fertilization treatments. Secondly, the spatial trend, p(s), was developed in order to represent a
tendency for different areas of a field to form hotspots of emissions. Explicit modelling of the spatial trend
implies that the hotspot is at the same place in all simulations. Thirdly, R(s,t) is the spatio-temporal
residual, which allows for correlation between emissions in time and space. For this component of the
model, spatio-temporal stochastic simulations were made, in which data was simulated following the
variability as quantified by R.
Information is lacking in connecting the seemingly random trends of fluxes to deterministic causes.
Emissions of nitrous oxide cannot be determined by only a deterministic model. Instead, geostatistical
methods are applied to simulate the stochasticity. The model allows for generating correlation in such
spatio-temporal variability. Also, numerous simulations allows for uncertainty to be modeled, as it is
reflected in the differences between simulations.

In this thesis, each part of the research is presented and discussed separately. The next chapter,
developing the geostatistical model, is presented as well in three separate sections describing each part of
the model. In the final discussion chapter, the project is evaluated as a whole.
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3. Developing a geostatistical model
3.1

Temporal trend model component

Methodology
No long-term emissions data was available to model a seasonal trend, so data from a single season was used
to develop the temporal trend component, m(t), The data used was from a current experiment conducted
at Wageningen University & Research, and a spatial average was calculated across observations so as to
be spatially homogeneous.
The experiment included three treatments: field of grassland that was converted to summer-wheat
(Summerwheat); a grassland area that was cut and sown again with grass (Resown grassland); and
Permanent grassland area. An overview of events, fertilizer treatments and agricultural management, is
shown in Table 3.1 for each treatment.

Figure 3.1: Map of the experimental setup used to obtain the temporal trend
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Table 3.1: Overview
Event date
20-Apr
28-Apr
03-May
06-May
04-Jun
14-Jun
17-Jun
09-Aug
12-Aug

of treatments from the experimental setup used to obtain the temporal trend
Summerwheat
Resown grassland Permanent grassland
Grass
Grass
Grass
Mow/manure/till Mow/till
Plough/seed
Plough/seed
Till
Till
Harvest
Reseed

Manure

Mow/manure
Mow
Remove grass and manure
Mow
Manure

The experiment used a static chamber method with discrete measurements, in which plastic, openbottom chambers were placed against the soil, closed for approximately 10 minutes, and the concentration
of the gas emitted from the soil and accumulated inside the chamber was measured with a Picarro G2508
gas monitor (as shown in Figure 1.3). Nine chambers, with an area of 0.126 m2 and headspace of 4.7L,
were placed across the fields. The chambers stayed in the same location throughout the experiment.
Locations of the chambers can be seen in Figure 3.1. The Summerwheat is described as Zomertarwe
and Resown grassland as Herinzaai west. (The figure shows measurement points sampled by the Picarro
G2508 gas monitor, fast-box design, and meteorological towers, across three treatment fields. The latter
two measurement techniques were not used to calculate the temporal trend.)
Measurements were typically performed once a week, except after certain events in which higher
emissions were expected, such as after manure application or grassland renewal. Measurements were
collected at the time the chamber was closed and after 10 minutes of closure. The measurements were
then corrected for background gas concentrations and for previous measurements if the flux measurement
fell below a certain threshold in which it was assumed that prior gas concentrations were not flushed from
the chamber. A linear increase in concentration was assumed between two discrete measurement points.
From this measurement data, a daily average was taken across all treatments, and a continuous
temporal trend was linearly calculated in order to obtain an hourly dataset for a study period of 6 months
from May to November.

Results
Figure 3.2, shows the trend line (light red) approximated for the time period from the average of all
treatments. The log transformation of this average plus 1 was added to the full model as m(t).
In Figure 3.2, each line depicts the same chamber measurement, colored by treatment. Fluxes from
different measurement spots show considerable spatial and temporal variability even within the same
treatment. However, when averaged, a steadier trend was calculated.
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Figure 3.2: Chamber measurements data and temporal trend

Discussion
Overall, a general seasonal trend is reflected in the average temporal trend showing emissions increasing
over the spring and summer months then decreasing in colder temperatures. As shown in Figure 3.2,
the temporal trend does not include as large of variances as the individual treatment datasets combined
do; however, as the aim is to complement this gap with R, the spatio-temporal residual, from the full
geostatistical model, this is acceptable. In modelling nitrous oxide emissions, given the temporal and spatial
variability of the process, it is challenging to parse apart the deterministic effects from the random-seeming
effects that are a result of a culmination of factors affecting the nitrifying and denitrifying processes. Here,
the temporal trend is meant only to reflect effects of environmental factors that are due to seasonality,
specifically precipitation and temperature. Judging visually the temporal trend in Figure 3.2, a conclusion is
made that this average captures the gradual curve of seasonal changes in nitrous oxide emissions. Looking
again at Figure 3.2 and comparing the temporal trend to the measurement data, there is a residual that
varies throughout the study period. During the next step of the research project, when developing the
spatio-temporal residual R, the aim will be to model this variance as well which results from differences
across measurements from the same time instance.
Implementing this temporal trend when developing a geostatistical model makes sense given that
researchers do expect nitrous oxide to emit in a certain way at specific moments. Thus, maintaining
continuity through all the simulations is required. Overall effects from events like temperature changes,
precipitation, or fertilizer treatments are known, even if for instance the timing can be viewed as a random
15

Chapter 3. Developing a geostatistical model

weather event. Thus, it does not make sense to simulate them as stochastic. Additionally, as the trend
was then transformed to the log scale in the next step of the modelling, that allowed for higher variance
to occur around peak events given the multiplicative affect of an additive model on the log scale.
In developing the temporal trend, a few assumptions were made. It is assumed that gas collected from
the soil follows a linear slope as it accumulates in the measurement chambers. Also, a linear approximation
is calculated following the trapezoid rule between data points for days not sampled. Additionally, as the
measurements were taken from three treatments and soil properties were not analyzed in the study area,
the development of the full geostatistical model rests on the assumption that this model can be applied
across a variety of land uses and soils types. Nonetheless, as the ultimate aim of this research is to inform
researchers what are most accurate sampling designs when considering spatial and temporal variability,
this is not considered significant and is complemented as well in the next step when modeling spatial
variation in the model. Also, prior research has shown that variance in N2 O emissions is not well explained
by soil variables, such as soil moisture and Nitrogen of varying forms (Velthof et al., 1996).
Lastly, episodes of large fluxes are assumed to last several days, but if the land is not well known,
these assumptions may be incorrect. For instance, if large peak events emerge for a short duration of 1
day, there would be higher variance than captured by the temporal trend here. Nonetheless, if there is
greater fluctuation that is not simulated in the temporal trend, this can be complemented by the variance
simulated by the temporal residual of R in the next step, although it is deterministic in nature.
Other alternatives to developing the temporal trend exist including from deterministic models and more
continuous data. The output of a deterministic model for nitrous oxide emissions would also be focused
on modelling seasonal variability for specific soils. Secondly, initially at the start of the research project,
an attempt was made to use continuous data that was collected from flux tower measurements and Eddy
covariance method. This equipment was used on the same treatments, but made use of the Aerodyne
gas-monitor that measures concentrations at 15Hz and calculates emissions for the entire treatment field,
rather than just the 0.126 m2 area of the chamber. Ultimately, the data was not ready in time for
this project. In either of these methods, a more continuous temporal trend would have been developed.
Using the Eddy Covariance data likely would have provided a more accurate temporal trend line. Also,
spatial variability of the emissions would have been averaged out given the higher spatial support of the
meteorological towers to 1 hectare. Secondly, data from fast box measurements were proposed to be used
to further complement the temporal trend. In the fast box measurement design, chambers are closed for
3 minutes, the gas accumulated is also measured by the Aerodyne gas-monitor. In using data from the
fast box measurement technique, not only could a more accurate temporal trend be calculated, given the
additional points of measure, but also the linearity of emissions accumulating could be analyzed. These
methods are preferable if higher fluxes were not captured fully by the chamber measurement technique
which had fewer measurements in time and space.
The current method may cause inaccuracy for modelling emissions over the study period. For instance,
if the experiment missed periods of small emissions, the trend would be overstated, and vice versa if the
experiment missed episodes of large fluxes. However, only the seasonal variation is meant to be captured
here, and the spatio-temporal residual, R, is meant to simulate such variation. Also, given that this
temporal trend is modelled to be constant throughout all simulations, an inaccuracy in the trend will not
bias results when comparing sampling designs.
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3.2

Spatial trend model component

Methodology
In order to model spatial hotspots, a spatial trend was simulated once over the study area. Expert opinion
cited that at moments of high fluxes, there is a tendency for subsections of an area to emit higher than
average or extremely high emissions. This has also been observed in prior studies (Clemens et al., 1999;
Giltrap et al., 2014; Grovman et al., 2009).
After reviewing preliminary results of simulations by a geostatistical model with only a temporal trend
m(t) and spatio-temporal residual R(s,t), initial feedback from experts was that the spatial pattern imposed
did not show a tendency for hotspots to emerge. To simulate these spatially, a spatial variogram was applied
in log scale, using gstat predict, to model variation over a field. This methodology follows similar steps
as were taken to develop the geostatistical residual, R; however, they were done in a separate component
once and added to the full model so as to be constant across all simulations. Adding this component on
the log scale also supports the theory that spatial hotspots emerge at times of high flux in the temporal
trend.

Results
The spatial trend was simulated with a partial sill value, of 0.6, on the log scale, and for a range of 24
m. The variogram model used to simulate the trend was also a spherical model. The output of the spatial
trend can be seen in Figure 3.3.

Figure 3.3: Spatial trend developed on the log scale
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Figure 3.3 shows a flux variance on the log scale across the study area of 1 hectare. In particular, an
area was designed (see bottom left region of the plot) with greater than zero variance in order to mimic
a flux hotspot.

Discussion
For a given study period of 6 months, soil properties are not expected to evolve greatly, so having
strong spatial correlation throughout the study period is preferred in designing a geostatistical model for
emissions. For instance, soil moisture may change due to climatic events, but the tendency of one area
of soil versus another to retain more moisture would be a result of the soil structure and particle size.
Therefore, higher than average emissions after high flux events makes sense for such areas throughout the
study period. Explicit modelling of the spatial trend results in the hotspot remaining at the same place
across all simulations.
In many cases, areas that are more likely to develop hotspots can be assessed before the start of an
experiment. Even with non-normal distribution, the tendency for hotspots to occur has been shown to
be correlated with topography, for instance, the slope of a field and tendency of water to accumulate
in a certain area (Turner et al., 2016). Nonetheless, more research should be evaluated assessing the
stochasticity of hotspots. The question of what are the implications for integrating a spatial trend will be
discussed in more detail in the final general discussion chapter, 6
Additionally, there are limitations to the approach taken here given the range assumption. The size of
hotspots is often unknown, but consultation with experts suggested that some measurement spots show
continuously higher fluxes during an experiment. The range of the spatial variogram was estimated at 24
m, three times the range of the spatial component in R. Reviewing experiments with larger number of
sampling points in space would be helpful in determining the size of the hotspot in addition of course to
the overall spatial trend and variation over a given area.
Lastly, as the spatial trend was implemented using a stochastic simulation, there is not a smoothness
to the output as could be seen if one were to apply a geostatistical interpolation, in which predictions are
made in order to minimize the overall error. Although a smoothing effect can be expected for a spatial
hotspot map, it does not necessarily reflect the small scale variability that is common for nitrous oxide
emissions. The small scale variability is more reflective of emissions being produced by microbes in patchy
hotspots as well as soil’s heterogeneity.
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3.3

Spatio-temporal residual model component

Methodology
In this research, much attention was paid to developing this component of the geostatistical model in
order to properly simulate spatial, temporal, and spatio-temporal variability of N2 O emissions.
The modelling of R was an iterative process. First, the structure of a semivariogram was chosen and
parameters selected; second, simulations were made. Third, simulations were added to the spatial and
temporal trend, and lastly, the outputs of the full model, G, were shown to experts for judgement on the
proposed variability. These steps were repeated until the experts judged the space-time patterns to be
realistic. A presentation and discussion of the full model will be done next in section 3.4.
Semivariogram
To develop the model, G, that shows variation in time and space around the spatial and temporal trends,
a space-time residual, R, was developed with a semivariogram. Developed on the log scale, the residual is
assumed to have normal distribution.
The semivariogram is a function of half the variance (semivariance) between two points. The nugget parameter reflects micro-scale variation; the range is maximum distance to which there is (spatial/temporal)
correlation; and the sill is the maximum value of variance. In this case, the semivariogram was set up as
a three-dimensional model in space and time and models R as spatially and temporally correlated.
The semivariogram applied was an additive model with separate parts for space, time, and space-time
interaction as follows (Snepvangers et al., 2003).
q
V (u, v) = VS (|u|) +VT (v) +VS,T ( u2x + u2y + ξ ∗ v2 )

(3.1)

Eq.∼3.1 describes the semivariogram, V , with u as distance in space, a vector with components ux and
uy , and v as distance in time. VS is a spherical variogram on the log scale with nugget 0, sill .02, and
range 8 m. VT is a spherical variogram on the log scale with no nugget, sill .02, and range of 5 days (120
hours). VS , T is a spherical variogram on the log scale with no nugget, sill of .02, and range of 30 m, and
anistropy ratio of 10 m / hr. Spherical models were used given their frequent usage. Other studies have
applied exponential and linear variograms to model nitrous oxide emissions Velthof et al. (1996).
Published work was consulted in developing the semivariogram parameters. Several studies showed
the presence of a spatial nugget (Ambus et al., 1993; Haskard et al., 2010; Velthof et al., 1996), and
this was in line with consultations with experts’ opinion (G. Velthof and J.W. van Groeningen, personal
communication, 2021). Varying spatial ranges have been observed in research. The range here was chosen
based on experts’ opinion and studies showing a range up to 10 m (Ball et al., 1997; Clemens et al., 1999;
Velthof et al., 1996). Fewer studies have been successfully carried out to quantify temporal and spatiotemporal correlation (Avalos et al. (2008) and to the author’s best knowledge). Mostly expert opinion was
consulted to revise these parameters.
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Simulations
Simulations of the semivariogram were made in order to generate variability of nitrous oxide emissions
in space and time through spatio-temporally correlated residuals. Also, uncertainty is reflected by the
differences between simulations. Simulating allows for a number of samples to be created using the features
described by the semivariogram. Unlike an interpolating method, like Kriging, which makes predictions
at points to minimize the overall error, simulating creates a number of possible realities based upon the
probability distribution and spatio-temporal correlation structure. Each simulation is unique, and there is
no smoothing effect of the variability as an interpolating method creates.
The semivariogram was simulated 100 times over a three dimensional prediction grid of 1 hectare with
4m grid spacing, and of 6 months with hourly grid spacing. The spatial and temporal support of the
prediction points, nodes, were .126 m2 and 10 minutes respectively. This matched the measurement data
used to model the temporal trend. To determine values with spatio-temporal correlation to the node, a
search neighborhood was calculated using Euclidean distance and 100 nearest neighbors.
Gstat package in R was used to model the variogram and simulate the data. Initially, the application
of a spatio-temporal variogram instead of 3-dimensional variogram was explored. Gstat provides geostatistical modeling, predicting, and simulating, and has a particular focus in variogram modeling, spatial
simulations, Kriging interpolation, making it a good choice for this research applying geostatistics. Gstat
wide functionality in spatial statistics, and can model and perform Kriging for spatio-temporal analyses,
but gstat has not been extended to do stochastic simulations in space-time. However, as gstat is able to
simulate in three dimensions, so a 3-dimensional model was used with two dimensions in space and one
in time.
Simulating the residuals on a fine 3-dimensional grid required a large amount of memory. The simulation
was completed using remote servers of the Geo-information Remote Sensing department (GRS) within
Wageningen University & Research (WUR). The code was rewritten to use minimal disk space, and
processed using the Slurm manager on the WUR servers, a Linux scheduling application which could
allocate time and memory appropriately.

Results
The spatio-temporal variogram was developed as a spherical model with additive components for space,
time, and space/time as described in Eq.∼3.1 and shown in Figure 3.4.
The wireframe model shows the three-dimensional ST variogram model described in Eq.∼3.1, with
semivariance ("Gamma"), on a log scale.
Figure 3.5 shows the results of simulating the spatio-temporal residual (on the log scale). There is clear
and high variation throughout, but a clustering around zero. There is a range of minimum and maximum
values, yet still an overall similarity between the simulations.

Discussion
Nitrous oxide missions show high variability given that they are a result of nitrification and denitrification
processes occurring at a micro-scale, but these processes are controlled by a variety of factors occurring
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Figure 3.4: Spatio-temporal spherical variogram for log-transformed residuals of emissions

Figure 3.5: Spatio-temporal spherical variogram for log-transformed residuals of emissions
from the micro to landscape scale. Here the residual is simulated as a function of spatio-temporal correlation in order to represent patterns in emissions that cannot be determined by a deterministic model. 100
simulations were calculated in order to get a robust sample data set; however, this number could have
been increased. 100 was chosen in this case due to the memory requirements of the simulation. These
simulations, shown in Figure 3.5, reflect not only the spatio-temporal variability within each simulation,
but also the differences between simulations reflect uncertainty. These simulations allow for generating a
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dataset of all possible realities of nitrous oxide emissions, given the spatio-temporal correlation parameters
modeled in the semivariogram.
Lastly, to simulate the data on a fine prediction grid was a challenge given the large amount of memory
used. The grid had 2.7 million prediction nodes. Various attempts were made to simulate the ST variogram
using the Raster package in R instead. A feature of Raster is that it allows data to be stored and accessed
on the disk rather than loaded into memory. Secondly, an attempt was made to separate the prediction
grid into numerous temporal subsets. Each "sub-grid" would be simulated, conditioned on the prior subgrid. This is feasible, but computationally expensive, given that this would have to be done 100 times.
Also, gstat uses the same random path between nodes for all simulations; it is programmed this way to
save computation time. To model the semivariance at an unknown point, weights are given to the point’s
neighbor’s values, Kriging weights. Using the same random path through all simulations implies that the
Kriging weights are computed once, which interferes with the approach to split up a ST prediction grid
into temporal subsets.
The spacing of the prediction grid is significant in that it affects how the second and third research
questions are carried out. When comparing sampling designs in the third part of the research, the designs
cannot "sample" from a grid more fine than has been simulated here. Also, it does not allow for sampling
designs of varying spatial or temporal supports to be compared. Initially, a spacing of 20cm was desired
in order to allow for an analysis of sampling designs of varying spatial supports.
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3.4

Full geostatistical model

Methodology
Once the three components of G, temporal trend m(t), spatial trend p(s), and spatio-temporal residual
R(s,t) were calculated and simulated separately on the log scale, the components were added across the
3 dimensional prediction grid, at every 4 meters for 1 hectare and at every hour for 6 months. This was
done for each of the 100 simulations. In order to adjust for zero values before transforming to the log
scale, 1 was added to the temporal average.
The full additive model, G was then transformed back from the log scale to the initial unit of the N2 O
emission, g/ha/day, and 1 was subtracted to adjust back for the addition when modeling the temporal
trend. Any negative values were adjusted to zero, as negative emissions are not sensible.
Each component of the model is given a multiplicative effect when transforming back to the normal
scale given the properties of the log scale.
The back-transformed results were shown to experts in order to make any necessary revisions to
simulate more realistic results. For instance, if greater temporal correlation or lower temporal variance
were suggested, the ST residual was adjusted and the full model re-compiled. The temporal range was
extended multiple times to mimic what was frequently seen in the field as to how long large fluxes would
last. Also, it was discussed to add a spatial trend to mimic a spatial hotspots.

Results
At each grid interval, every 4 meters in space and hour in time, a simulation for emissions was made based
upon the full geostatistical model and back-transformed to the normal scale. The full prediction for the
total study area and period can be seen in the animation included in the Appendix. The time series shown
in Figure 3.6 and 3.7 are selected from 2 of the 100 simulations of the full spatial and temporal model.
The location point (x,y) refers to the node of the simulation grid, which was developed with 1 meter scale.
Secondly, the spatial slice in Figure 3.8 shows the spatial variation for the total study area of 1 hectare
at the time of the maximum flux of the full simulated geostatistical model. Results from simulation 1 are
shown here. At this moment, there is expected high variance, so that at times of high variance, even if in
just one component of the model, there is expected to be large variance throughout the area.
A time series of spatial slices is shown in Figure 3.9 to show the spatio-temporal correlations. As shown
there is persistence of some patterns in space but with temporal variation.
Lastly, 3.10 shows density plots of the simulated fluxes and the original measurement data that was
used to inform the temporal trend. The simulated fluxes reflect the full model, transformed back to the
normal scale for all simulations. The simulations show a log-normal and very similar distribution to the
original measurement data.

Discussion
Temporally, the final results show variation in fluxes throughout the period in line with expert opinion.
Time of high emission results in high fluctuations, as shown in Figure 3.6 and Figure 3.7. Also, the high
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Figure 3.6: Time series for a select sampling point on the grid at location point (6,10), from simulation
1 of 100

Figure 3.7: Time series for a select sampling point on the grid at location point (78,58), from simulation
2 of 100
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Figure 3.8: Spatial slice of simulated N2O emission at time of maximum simulated flux
fluxes last an appropriate amount of time, representing the tendency for high fluxes to emit in episodes.
Spatially, the final results are deemed acceptable given that variation across the study area was in line with
expert opinion. Some subareas show a tendency to create hotspots, and there is adequate variability across
the entire study area. Furthermore, the time series of spatial slices shows the spatio-temporal correlations
as shown in Figure 3.9. There is persistence of spatial patterns but with variation in time. For instance,
in the bottom row for hours 2855-2858, the extremely high fluxes (blue) evolve, but they are followed by
high fluxes as depicted in the dark red.
As seen by Figure 3.10, the full geostatistical model has very similar statistics to the field measurements
across all treatments. Both have log-normal distributions as was an initial assumption, and a multiplicative
effect is reflected in the tail of extreme values. One can see that the median is slightly higher for the
simulated results than the measurement data. This may be the result of the log-transformation and
multiplicative effect between the spatial trend and residual. Otherwise, this could be an effect of the
neighborhood conditioning. If too few neighbors are included in the simulation, the statistics may not fall
exactly in line with how the ST variogram was imposed.
One of the main assumptions taken in this model, is that a hotspot occurs in the same location
throughout the study period. Therefore, the spatial hotspot was modeled via a spatial trend instead of
increasing correlation in the spatio-temporal semivariogram model, or adding another spatial component
to the semivariogram. If the last two approaches are taken, then this would create a hotspot that varies
across the simulation. An assumption would be made that it is random and unknown.
Lastly, the prediction grid for the full model does affect the next part of the research. Memory constraints limited the ability for the prediction grid to be at a finer than 4 m and hourly interval. This in
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Figure 3.9: Time series for spatial slices at various moments in the study period

turn limits the ability for this model to be applied only to sampling designs that match this prediction grid
or are less frequent in space and/or time.
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Measurement data
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Figure 3.10: Density plots of the measurement data used to inform the temporal trend (left) and simulations
of full model (back-transformed to normal scale) (right)
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Methodology
Approaches of varying spatial resolution and sample size were designed in order to understand if improving
resolution improves estimation of the total emission (RQ3). Different sampling designs were chosen in line
with discussions with experts. In this way, designs that were feasible in terms of budget, time in the field,
and commonly used were chosen. Approaches were designed with various temporal and spatial scale and
granularity within reasonable budgets and feasibility. Designs considered trade-offs researchers face between
budgets and number of samples. The accuracy of equipment was not analyzed. This is an intermediary
step, after developing the geostatistical model from the first part of the research and then later comparing
the designs to understand which are more accurate and whether spatial variation or temporal variation is
more significant to capture in a sampling design.
The maximum temporal and spatial extents of the sampling design, the given period and area, respectively, was stipulated in the research aim of upscaling discrete measurements for a field and growing
season. The temporal resolutions were designed to range from near continuous measurements to minimum measurements of once per week, the latter of which is also commonly practiced. In order to calculate
trade-offs due to different temporal and spatial resolutions, but within the same budget, total sampling
points were considered but the spatial and temporal frequency varied.
Lastly, in each sampling design, the measurement mimicked the spatial support from the field measurement data, .126 m2 , which is revised from a measurement of the gas (ppm) accumulating in 4.7L to
a g/ha/day based upon the weight of nitrous oxide. This was stipulated by the prediction grid used to
simulate the full model from part 1 of the research.

Results
Four designs were chosen that showed extremes ranging from almost continuous sampling in time to once
per week, and spatially, with only 4 measurements points in the area to 36 measurement points.

Design
Design
Design
Design
Design

1
2
3
4

Table 4.1: Overview of sampling designs
Sampling points / ha Spatial spacing (m) Temporal spacing Total samples
4
50
Hourly
17472
16
25
3 days
944
25
20
7 days
750
36
16.67
7 days
1080
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A full overview is shown in 4.1. Design∼1 mimics a more expensive automatic chamber setup, that
measures emissions continuously. Design∼2 and Design∼4 are intended to have similar sample sizes, but
vary in spatial or temporal frequency. Design∼3 is chosen to fall in between Design∼2 and Design∼4 in
terms of spatial sampling points. The equipment expected in such a design is expected to be the static
chamber method. Designs have regular grid spacing. The spatial plots in Figure 4.1 show the spatial design
of the four chosen designs.

Figure 4.1: Measurements in space of sampling designs as depicted by black points
Figure 4.2 shows the temporal design of three of the four chosen designs. It does not make sense to
show the time series of the hourly measurements, as it is not readable, but rather one can infer that the
entire time series is captured.

Discussion
Budget and time constraints informed the maximum numbers of potential measurement points. The designs chosen allow the research to consider the number of sampling points to consider spatial heterogeneity
against the amount of time it takes to sample points over the course of a day or week. This is a consideration researchers wanted to make. In particular, comparing Design∼2 to Design∼4 shows this choice, in
which measurements are done either more frequently in space or in time.
The spatial charts in Figure 4.1 show designs against a backdrop of the time at which a maximum
flux occurred. This moment in time is chosen because there is high variance in space and the spatial
hotspot modelled in part 1 of the research is apparent. In reviewing the sampling design’s spatial design,
with the above charts, one sees how choices in measurement placement and number of measurements
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Figure 4.2: Measurements in time of sampling designs as depicted by vertical lines
can affect whether or not a place of high emissions is captured or a hotspot would be measured. Before
calculating the results from the various sampling designs, the spatial plots show how choices in space can
affect accuracy of modeling a cumulative flux number.
Temporal coverage was not adjusted as the memory constraints from simulating data for the spatiotemporal trend did not allow for an interval smaller than one hour. Temporal coverage can vary from
several minutes to about 30 minutes, which are common approaches for how long designs allow for gas
to accumulate above ground. Initially, there was a desire to use almost continuous data to inform the
temporal trend via Eddy covariance flux tower method. Using this more complete dataset would have
been informative as well in determining accuracy of various temporal coverage, and this would be a
recommendation for further research.
Additionally, the spatial support was not adjusted as the prediction grid had a minimum spacing of 4
meters. If varying spatial supports are compared, the grid spacing needs to match the minimum spatial
support. A spatial average is calculated over the selection of grids that compose the new spatial support.
The spatial support used reflects the commonly used PVC diameters, which was used in the data for
informing the temporal trend. One of the additional difficulties that is not explored in this research is
the effect of the accuracy of the measurement equipment itself, for instance, whether using a chamber
with higher spatial supports but with higher measurement error is more accurate than one with lower
spatial support and lower measurement error. This could be revealing in understanding the effects properly
maintaining pressure and concentration gradients in the chambers.
Lastly, sampling designs all show fixed placements. There are options for randomized placement that
would have mimicked a fast-box chamber measurement method, but this was not reviewed due to time.
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Studying a design with randomized placement would be recommended in order to further understand how
a hotspot can affect the accuracy of a design. For instance, if a sampling point is continuously on top of
a hotspot, there could be overestimation of the flux or vice versa if the hotspot is missed. It would be
interesting to understand the effect of randomized placement on such a trend.
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Methodology
Lastly, the prior parts of the research were combined in order to determine which design gives the greatest
accuracy when measuring cumulative emissions for the study area of 1 hectare and period of 6 months
(May-October) as per Research question 3.
For each simulation, the cumulative N2 O emissions (kg/ha) was calculated as the mean flux times the
number of days in the period.
For each design, for each simulation, points were "sampled" and aggregated to calculate a total cumulative flux. Each simulation created a unique cumulative flux for the designs. First, the design "sampled"
points from the simulation. Second, a daily spatial average was calculated for the study area at each time
instance from the "samples." This provided average hourly measurements (Design∼1), 2 measurements
per week (Design∼2), or 1 measurement per week (Design∼3 and Design∼4). Third, the cumulative flux
was calculated for the study period, as the area under the curve (flux over time).
For Design∼1, the cumulative flux was calculated as the sum of the daily spatial averages. To calculate the cumulative flux for Design∼2, Design∼3, and Design∼4, a daily flux was calculated for temporal
locations outside of the measurement points, days not measured, with linear interpolation following the
trapezoidal rule. In the trapezoidal rule, the linear slope is calculated between two consecutive measurements. Fluxes at the start and end of the period were estimated as zero, in line with the temporal trend
data. Then, the cumulative flux was calculated as the sum of the daily fluxes. This is in line with common
practice (G. Velthof and J.W. van Groeningen, personal communication, 2022).
For each simulation i, n = 100, the estimation error was calculated as the difference between the
simulated total flux and the predicted (per simulation) total flux by the sampling design. For each design,
the Root Mean Square Error (RMSE) and Mean Error (ME) were calculated, as shown in the equations
below. The designs were evaluated in terms of accuracy, i.e., least RMSE and ME.
r
RMSE =

2
1 n 
Σi=1 Simulated Cumulative Fluxi − Predicted Cumulative Fluxi
n


1 n 
ME = Σi=1 Simulated Cumulative Fluxi − Predicted Cumulative Fluxi
n
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Results
Table 5.1: Overview of results per sampling design (g/ha/6-months)
Design
Description
Avg total flux RMSE ME
Design 1
4 per ha hourly
620.98
44.86 -44.36
Design 2
16 per ha every 3 days 597.08
21.63 -20.46
Design 3
25 per ha every 7 days 551.33
28.09 25.29
Design 4
36 per ha every 7 days 584.83
15.12 -8.21
Simulations NA
576.62
NA
NA

Table 5.1 shows an overview of results per sampling design. The average cumulative flux is calculated
across all simulations.

Figure 5.1: Estimation error between all simulated cumulative fluxes and each design’s predicted cumulative
flux (for all simulations)
Figure 5.1 shows the estimation error across all simulations for each design. Design∼1 predicts a
cumulative flux number higher than the total flux of the model in all simulations, shown by the distance
the error is from zero. Design∼2 and Design∼3 have an overlap on the high and low ranges respectively,
which is only reflective of a few minimum and maximums of different simulations, outliers. Design∼4 has
the lowest error, but still overestimates systematically, as can seen by comparing that each quartile is
below the zero axis, which would reflect zero error (Figure 5.1).
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Discussion
Results show that optimizing a sampling design for spatial variation versus temporal variation improves the
accuracy. Lower RMSE indicates higher accuracy, suggesting that Design∼4 provides the best sampling
design. This design has the most points in space as compared to the others, but samples only once
per week, suggesting to optimize to best capture spatial variation. The ME terms indicate that overall
Design∼1, Design∼2, and Design∼4 overestimate the cumulative flux, and Design∼3 underestimates
the flux. The overlap in high and low ranges between Design∼2 and Design∼3, respectively, to the full
model reflect just a few outliers, and there are systematic differences of either the design overestimating
(Design∼2) or underestimating (Design∼3). Of note, is that the absolute value of ME is almost equal to
RMSE, indicating that the estimation errors have the same sign across all 100 simulations. Thus, there
is a systematic difference between the exhaustive data and the estimate from the sampling designs, and
only minimal error is due to random variation.
Design∼1 overestimates the cumulative flux. For this design, one of the sampling points was situated
in the place of a hotspot (bottom left as shown in Figure 4.1), so when averaging the 4 sampling points
over the entire study area, this appears to have affected the cumulative flux calculation.
Design∼2 balances temporal and spatial spacing and has the second lowest RMSE and ME. In comparing this to the result of Design∼3, which has fewer sampling points in time but more in space, this
indicates that temporal variation is still a significant cause of variation in the model.
Furthermore, Design∼3, which aims at understanding whether a more efficient design is acceptable,
does not perform as well as the two designs that either decrease temporal spacing or increase spatial
spacing. Also, Design∼3 has the fewest sampling points (as shown in Table 4.1) suggesting that more
data capture is important in accurately calculating a cumulative flux for the given study area and period.
Nonetheless, the configuration of the sampling points is still significant. This is apparent when comparing
Design∼3 to Design∼1, which performs the worst but has the highest number of samples.
The evaluation of the sampling design indicates that spatial variability is significant when comparing
the four designs. The designs chosen all have relatively high temporal sampling frequency of at least once
a week, but an investment in spatial repetition over temporal repetition performs best. Nonetheless, an
"over-investment" in spatial repetition is not optimal either, particularly given the method of calculating
cumulative fluxes with a spatial average at each time instance and then calculating the area under the
curve through the trapezoidal rule. Designn∼4 performs best, however, there were still systematic errors.
It is clear that the designs which do not have high spatial sampling overestimate the flux if a sampling
a point is in a spatial hotspot. That sampling point is then given too much weight when averaging for
a cumulative flux value. As fluxes follow a log-normal distribution and do not have a normal distribution
in space or time, there is an optimal number for spatial repetition, so that episodic fluxes emitted from
a hotspot are not given to much weight in aggregating. This may fall between Design∼3 to Design∼4,
such that the estimation error is closer to zero.
Lastly, one of the assumptions made in developing the full geostatistical model was that spatial correlation for nitrous oxide emissions had a range of about 8 m, as dictated by the range parameter in the
spatio-temporal residual. Throughout research, nitrous oxide emissions have been shown to be stochastic
in nature (Folorunso and Rolston, 1984; Matthias et al., 1993), having little spatial dependence, or having
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a range of up to 10 m (Ball et al., 1997; Clemens et al., 1999; Velthof et al., 1996). And on the other
side, research has shown emissions to have longer range correlation up to 50-75 m (Clayton et al., 1994;
Turner et al., 2008; Yanai et al., 2003). With such a span of ranges seen in prior research, it is challenging
to model this aspect of the spatio-temporal residual. Assuming a shorter spatial range may end up biasing
designs that have more spatial sampling points. There is less redundancy in the spatial sampling if the
range is low, so a design will perform better with more spatial spatial samples.
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6. General discussion and recommendations
The overall aim of the research to model variability of nitrous oxide emissions and identify the most
accurate and feasible sampling design for upscaling N2 O emissions was carried out with the determination
that an investment in higher spatial resolution provides higher accuracy,
A geostatistical model was developed with a temporal trend, spatial trend, and residual with correlation
in time and space. The model simulated high variability around a seasonal trend and tendency for spatial
hotspots to emerge. The sampling designs chosen all reflected common and feasible designs which can be
carried out at WUR, and of the designs, one that has the highest spatial repetition was evaluated as the
most accurate for upscaling emissions. The study area and period was 1 hectare over a growing season,
but this research’s methodology is proof of concept so can be applied for different study areas.
To be further discussed here are alternatives choices in the development of the geostatistical model
and how decisions taken for including the spatial trend affect the comparison of sampling designs (RQ3).
Lastly, recommendations for further research are made.
Trends versus spatio-temporal correlation
After answering the third research question, it is apparent that choices in how the geostatistical model
was developed affect the results comparing various sampling designs. Theoretically, the entire model could
be reflected by R and be based purely on spatial and temporal correlation. However, as there is observed a
seasonal trend for emissions based on temperature and a tendency for hotspots to form, these two effects
were chosen to be model by trends m and p.
The temporal trend is clear in research, but less so for the spatial trend which could have been
developed either in two ways, a constant spatial trend, as in this research, or by deriving more spatiotemporal correlation in R. Explicit modelling of the spatial trend implies the hotspot is always at the same
place in all simulations, Research has cited that management or pre-studies are helpful if not necessary to
evaluate the area of interest and understand its heterogeneity and major sources of variation for emissions
(Clough et al., 2020; Dinsmore et al., 2009; Turner et al., 2016). However, should it vary amongst the
simulations? How well can researchers assess their fields? Should both of these scenarios be reflected
simultaneously? The first was chosen, but the latter two have their merits and could be explored in further
research. Clearly the choice assumed here create systematic differences, as shown by the closeness of ME
to RMSE,
To further parse apart the effects by the spatial and temporal trend to each design’s accuracy, Table 6.1
compares the sampling designs to the model’s separate components. "Part - Sp. tr." is the average value
of the spatial trend over the spatial sample, which was generated on the log scale) for each design. "Part
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- Temp. tr." reflects the average value over the temporal trend for each design. Lastly, "Part - Resid"
reflects the average value of the ST residual, which was simulated on the log scale, for all simulations for
each design. The Description and Total Flux are included again for reference.

Design
Design 1
Design 2
Design 3
Design 4
Simulations

Table 6.1: Average
Description
4 per ha hourly
16 per ha every 3 days
25 per ha every 7 days
36 per ha every 7 days
NA

value of model component by sampling design
Total Flux Part - Sp. tr. Part - Temp. tr.
620.98
0.146
2.744
597.08
0.133
2.807
551.33
0.056
2.775
584.83
0.115
2.775
576.62
0.087
2.744

Part - Resid
0.006
0.004
0.007
0.007
0.005

As shown in Table 6.1, Design∼1 has a mean value of 0.15 of the spatial trend, higher than 0.09, the
average of all values of the spatial simulation for 1 hectare. Of note, these values are on the log scale.
Clearly, the results are affected by the spatial trend. This is further illuminated by the effects of the ST
residual being more similar across designs.
Nonetheless, the takeaway is not simply that the inclusion of the spatial trend biased results. Rather,
it points us to study further how the method of aggregation, initially taking a spatial average, is affected
by a constant spatial trend. Research has suggested that the area of interest should be well studied before
an experiment, so hotspots are not missed. However, if that is the suggestion, likely someone would place
his or her sampling point in that hotspot. However, the design considerations should be more nuanced. If
a sampling point is sitting in a small region of high emissions, the cumulative flux will be overstated as
happens with Design∼1. This is significant in that it also suggests that if a hotspot is known and sampled
for, then common practice of averaging across measurement points, calculates too high of an emission.
Designing the spatial sampling locations should not under or over represent hotspots. However, this is not
straightforward given the non-normal distribution of emissions (Parkin, 1987; Turner et al., 2016).
Recommendations
One of the benefits of simulating a geostatistical model and generating many possible realities is that
uncertainties can be exposed where the differences between simulations are very large. It is proposed to
analyze this aspect of the geostatistical model and possibly revise the model further. In simulating the
spatio-temporal residual, there was large variability across simulations, shown in the Figure 3.5. It would
be telling to explore this uncertainty further and improve the semivariogram accordingly.
Also, given the high spatial variability of nitrous oxide emissions, it is clear that in upscaling measurements to a hectare, averaging measurements is not the best method for some spatial configurations. If one
wants to capture areas of high emission, knowing the distribution of such areas in addition to the rate is
significant, so that the chambers are properly weighted. In this research interpolation methods could not
be studied given that the data was simulated using the same assumptions that would be applied to derive
the interpolation, (through the semivariogram). However, further studies should explore their applicability
in upscaling nitrous oxide emissions.
Lastly, the accuracy of the flux measurement itself was not analyzed during this project. Firstly, the
size of the chamber can have implications to how gas accumulates and whether or not gas initially emitted
37

Chapter 6. General discussion and recommendations

from the soil, dissolves back into the ground once a concentration gradient has been reached. Also, the
gas is emitted in very small quantities, thus equipment has to be sensitive to small changes, and if gas
does not move properly out from prior measurements, this can affect the accuracy of the model. It was not
successful in this research to develop the prediction grid and simulation such that varying spatial supports
could be assessed. This is challenging given the stipulations of gstat’s simulations and memory constraints
as previously discussed, so further research is recommended.
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