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Abstract

The pursue of a higher-resolution gridded climate data and weather forecast requires an
unprecedented number of surface observations to model the sub-mesoscale. National
meteorological services (NMS) have practical and financial limitations to the number of
observations it can collect, therefore, opening the door to crowdsourced weather
initiatives might be an interesting option to mitigate data scarcity. In recent years,
scientists have made remarkable efforts at assessing the quality of crowdsourced
collections and determining ways these can add value to the “daily business” of NMS.
In this work, we develop and apply a multi-fidelity spatial regression method capable of
combining official observations with crowdsourced observations, which enables the
creation of high-resolution interpolations of weather variables. The availability of a sheer
volume of crowdsourced observations also poses questions on what is the maximum
weather complexity that can be modelled with these novel data sources. We include a
structured theoretical analysis simulating increasingly complex weather patterns that

uses the Shannon-Nyquist limit as a benchmark. Results show that the combination of
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official and crowdsourced weather observations pushes further the Shannon-Nyquist
limit, thus indicating that crowdsourced data contributes at monitoring sub-mesoscale
weather processes (e.g. urban scales). We think that this effort illustrates well the
potential of crowdsourced data, not only to expand the current range of products and
services at NMS, but also opening the door for high-resolution weather forecast and

monitoring, issuing local early warnings and advancing towards impact-based analyses.

Author summary

The Royal Netherlands Meteorological Institute (KNMI) is currently using data from
their own weather stations that meet international standards. However, there are a lot
more measurements available from for example crowd sourced weather observations that
do not adhere to these standards. I want to be able to use all of this available data,
because that would increase the accuracy of weather predictions. I expect the crowd
sourced data to contain larger measurement inaccuracies than the KNMI measurements
and therefore in order to use all of this data combined I looked in to a method that
would allow me to work with high fidelity data. To test the robustness of this method I
have simulated weather data for various spatial complexities, this allows me to test how
the model performs for different weather phenomena. From this simulated date I have
taken (noisy) samples and entered these in the model as input. By doing this I can
compare the results of the model to the synthetic data and compute the errors in the
computations. These tests have proven that using these multiple data sources leads to a

nation-wide decrease in uncertainty for the predictions.

1 Introduction

In the past three decades, the need for high-quality gridded climate data sets has fuelled
a continues increase of spatial resolution [1]. Where such data sets were initially
typically provided at a =~ 50 km resolution, current data sets are often provided at ~ 10
km resolution [2]. However, users of such data sets ask for even higher spatial resolution,
and we are currently pushing into the ~ 1 km resolution [3].

Monitoring the recent history and present state of the local weather is an important
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aspect of the work of NWS weather rooms and early warning centres. For example,
monitoring temperature and precipitation at a high spatial resolution is an important
part of warning for possible adverse road traffic conditions.

At the same time, weather forecasts have steadily been improving since the onset of
the 1980s |4]. The inclusion of surface and satellite observations and the improvement of
data assimilation methods, powered with better computational capabilities, yielded a
substantial global increase in the forecast skill [4}5]. Weather models assimilate a sheer
volume of observations, thus enabling forecasts typically at the mesoscale or synoptic
scales, which are adequate resolutions to monitor large phenomena. Nevertheless,
modelling sub-mesoscale processes (e.g. urban or neighborhood scales) would require an
unprecedented number of surface observations that National Meteorological Services
(NMS) might be unable to provide.

Parallel to the improvement of the weather models has been the advent of new
technological and scientific advances that have changed the way surface observations are
acquired. The appearance, consolidation, and current ubiquity of wireless networks,
coupled with decreasing hardware prices, implies that today the acquisition of surface
observations is possible practically anywhere on Earth [6]. These favorable conditions
prompted the organic (or commercial) creation of new observational networks in which
participants install personal weather stations (PWS) in their available spaces (e.g.
home, schools, urban parks) and start measuring the weather collaboratively.

The Royal Netherlands Meteorological Institute (KNMI) has been an active
participant of such crowdsourced initiatives. In 2015, the KNMI became a partner of
the Weather Observations Website (WOW) initiative, a global monitoring project
conceived to provide a cloud-based platform where users can share their weather
observations [7]. Currently, more than 30,000 users worldwide contribute to the WOW
platform, yielding more than one million observations per day [§]. Focusing on the
Dutch WOW (hereinafter: WOW-NL, http://wow.knmi.nl ), the figures remain
remarkable: around 1,000 stations monitor the weather in the Netherlands, yielding
more than 250 million observations in nine years.

The availability of crowdsourced data collections (e.g. WOW, Netatmo) has
motivated a buzzing activity around this topic across European NMS researchers in

recent years. Substantial efforts have been dedicated to determine the quality of the
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weather measurements [9-11], and some of these quality assurance procedures have
turned into software packages used in research [12,[13]. Some of these research lines
investigate the potential that crowdsourced weather data has to study small-scale
weather patterns, such as urban wind [14] or tracking the movement of storm

systems [15]. These efforts have been picked up by large international organizations,
such as EUMETNET [16] or the ECMWF, which have manifested interest in continuing
promoting the usage of these novel data sources.

We join this effort illustrating potential for crowdsourced weather data beyond
weather forecasting. We think that these (near) real-time observations have high
potential to contribute creating high-resolution interpolations or issuing local early
warnings during severe weather conditions. In this work, we describe how we applied a
data-driven multi-fidelity spatial regression method to create high-resolution
interpolations for the Netherlands. This method is able to combine official observations
from the KNMI network and WOW-NL observations. We provide a structured analysis
simulating complex weather patterns that are illustrative of the substantial contribution
that crowdsourced data can offer at pursuing the monitoring of the sub-mesoscale
processes. In addition, we use the Shannon-Nyquist theorem [17] to assess how much
the inclusion of WOW-NL data increases our theoretical skill to observe patterns with a
higher spatial frequency (e.g. rainfall, wind). We hope these results will motivate NMS
at including crowdsourced data to increase the resolution of the official products and

services.

2 Data

2.1 Real-world data

The KNMI operates the network of automatic weather stations (AWS) measuring the
weather in the Netherlands. This network is composed of land and sea stations (e.g.
North Sea) that are mainly sited in rural or unpopulated areas, hence complying with
the World Meteorological Organization (WMO) guidelines and recommendations. These
official stations are composed by a set of professional-grade instruments which are

regularly maintained and calibrated to ensure the best-possible measurements. AWS
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measure a wide array of weather parameters (e.g. air temperature, precipitation, wind
speed) every few seconds. These observations are sent to the KNMI for its subsequent
inclusion in the fundamental weather products and services. The spatial distribution of
the network is such so that it balances financial considerations with a good coverage for
large-scale phenomena, but it implies that large local regions remain unobserved [18].
We refer to these high-quality observations as ‘first-party data’ (i.e. 1PD).

Nevertheless, the KNMI is not the only public organization capable of deploying
sensor networks to measure weather conditions. It is the case of the Directorate General
for Public Works and Water Management (i.e. Rijkswaterstaat), that maintains a
network of weather stations parallel to the road network (i.e. GMS, ‘Sliperiness
Reporting System’ in English), so that timely measurements can be acquired in the
event that severe weather conditions compromise road safety. There are over 300
stations in this network, collecting basic weather parameters (i.e. temperature,
precipitation, humidity). These instruments might not be as regularly maintained and
calibrated as the official stations, but they tend to be reliable sources of weather
observations. We refer to these good observations provided by other trusted
organizations as ‘second-party data’ (i.e. 2PD).

However, the nature of 1PD and 2PD networks is spatially constrained, since
monitoring stations require to be located in unpopulated places (e.g. rural areas,
highways) to ensure the instruments are not disturbed by local factors (e.g. radiative
effects). This implies that these networks are unable to acquire measurements in the
urban environment, where most of the population live, and therefore local effects (e.g.
urban heat islands) are poorly monitored. This spatial sparsity also limits the resolution
at which NMS can offer products and services, which motivates the inclusion of weather
data provided by alternative networks.

In 2015, the KNMI joined as partner the Weather Observations Website (WOW)
project, a global initiative promoted by the UK Met Office, intended to collect weather
observations measured by the general public. Weather enthusiasts can install in their
private (e.g. at home) or public (e.g. schools, parks) spaces personal weather stations
(PWS). PWS registered to this global project take weather measurements that are
subsequently sent and stored in the WOW repository. The Dutch WOW (hereinafter:

WOW-NL), currently comprises more than 1000 stations that have collected over 300
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million observations in less than a decade. As seen, there is a sheer volume of
high-resolution observations that, potentially, could help complementing the official
products and services. We refer to these crowdsourced weather observations provided by
the general public as ‘third-party data’ (i.e. 3PD).

Data quality of 3PD collections is often the main concern when it comes to

integrating these observations into any research or operational chain at NMS [19]. In

the past years, substantial efforts have been dedicated to the quality assurance of 3PD.

In this sense, researchers at KNMI implemented a modification of an existing quality
control (QC) for air temperature, and developed two QCs for wind speed [11] and
precipitation [10], [20]. In general, results show that after a QC procedure intended to
filter outliers and correct biases, 3PD collection seems to be of sufficient quality to be
included in subsequent services, and this is in line with results obtained by other
researchers (i.e. [12H14},21]) working with 3PD.

In this research we focus on using temperature measurements from the 25th of
January 2019 from the KNMI (1PD), Directorate General for Public Works and Water
Management (Rijkswaterstaat, 2PD) and WOW-NL (3PD). After the QC from Napoly
et al. ( [9]) was applied there were 35 1PD stations, 319 2PD stations and 409 3PD
stations yielding observations. The distributions of these stations can be found in
Fig . The figures show that the 1PD stations are evenly distributed over the country,
the 2PD stations follow the road network and the 3PD stations are located throughout
the country, but tend to be clustered around urban and peri-urban environments.

This data will be used to make a temperature prediction for the entire country. To
make this prediction we divide the Netherlands in a grid, as shown in Fig , for each
grid point a temperature will be estimated.

We choose to work with temperature data, because there is a QC available for it and
because a new method is being implemented it is easier to test it with a phenomenon
such as temperature that is quite homogeneous in space and time. The robustness of

the method will be tested on synthetic data that will be introduced in

Fig 1. Locations of stations. This figure shows the locations of the stations on the
25th of January 2019 that were used in this research. The first figure shows the
locations of the 1PD, the second of the 2PD and the third of the 3PD.
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2.2 Synthetic data

In Section 2.1 we provide a detailed description of the data sets used in this research.
We consider that the weather measurements collected by the official KNMI network
provide observations with reduced measurement errors, since the weather stations are
regularly maintained and calibrated. However, measurement error might be larger for
2PD and 3PD monitoring networks (especially for the latter), which poses challenges to
get a clear picture on how accurate the proposed model is. In addition, the high density
of the combined networks (i.e. 123PD) suggests that, potentially, very complex weather
patterns (i.e. quickly changing along the spatial dimensions) can be modelled, which
would illustrate the robustness of the approach. In addition, an important limitation of
real-world data is that we do not have a ‘true map’ reference to validate our
interpolated grid.

The strategy to overcome these limitations is to use synthetic data capable of
simulating complex weather fields that we subsequently model. Each station of the
123PD network is assigned a synthetic temperature value and measurement error. The
model runs with these synthetic measurements and the resulting gridded maps can be
compared on a per-point basis, hence enabling the assessment on how well the model
performs. This schema has been repeated for several simulated weather patterns with
different spatial variability (Figure 2). In this way, we also show that the approach is
robust.

This synthetic data will look like a wavy lattice, it will be defined precisely in the
next paragraph. We will use a parameter IV that defines how long those waves are, i.e.
how quickly the temperature changes when you move a certain distance. By defining
the synthetic data like this it will be easy to see how the model behaves for weather
conditions of different spatial variabilities.

The synthetic data is defined as follows, let £ and £9 denote the station and grid
point locations, respectively, given by their longitude and latitude, and let y* and y9
denote the temperatures generated for the stations and the grid points, respectively,

defined as

y® = a(cos(N7E + 1)) + cos(N7w€s + x) + €

y? = a(cos(Nm&{ +¢) + cos(Nm&3 + x)).-
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1) and y are defined as random numbers with 0 < ¢ <1 and 0 < x < 1. These random
numbers will ensure that the temperature field is shifted a little bit, and thus make the
pattern more realistic. This y results in a temperature field that follows a lattice
pattern, where the size of the lattice fields depend on N, which is a parameter that
determines how many oscillations per degree longitude and latitude there are.
Furthermore, we multiply everything by amplitude a that was determined by looking at
the amplitude of real measured temperature values. In addition, a synthetic error € is
added to y*, € consists of a systematic error value (or ‘bias’) and random error value (or
‘noise’) for the second and third party stations. These factors, which are arbitrary to
some extent, are in our set up determined by running the Kriging procedure that is
described in Section [3] with data from the 25th of January and observing what values
were predicted for the bias and noise. For the bias —3.22°C and —2.46°C were added to
the second and third party stations respectively and 0.57°C and 1.62°C for the noise.

The resulting temperature fields g(£7) are shown for various N’s in Fig (2).

Temperature data has a low spatial variability, so it is expected to be similar to Fig a.

Fig 2. Predictions made using synthetic data. Maps of the synthetic data
generated by using Eq (1)) for various values of N.

The goal of using synthetic data is to show that for weather patterns that show low
spatial variability, the 1PD stations alone suffice to make accurate predictions, but
when the weather pattern has higher spatial variability, using 2PD and 3PD data is
beneficial. To use all of this data for making a prediction, we need a method that is able
to predict values of new data points given a set of known data. In the next chapter a

possible method will be addressed.

3 Methodology

In this paper we present and motivate an analytical framework for fusion of
multi-fidelity multi-source data. Our approach is based on the idea that data is only
complete when it is accompanied by a quantified indication of measurement

error [22-24]. Because this measurement error is often not specified for all data sources,
we propose to construct a simplified model of the measurement procedure, and learn the

parameters of this measurement procedure model from the data set. We find that
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Bayesian Data Assimilation [25] offers a natural way of modeling this measurement
process, because a model of the measurement procedure is an intrinsic part of the
Bayesian updating process — formalized in the ‘likelihood’. In this way, our solution for
dealing with bias and noise results in a natural way of fusing multi-fidelity multi-source
data.

Kriging [26(28| is a probabilistic regression method that makes use of local weighting
and the statistical properties of the known data points. Due to the use of statistical
properties, the covariance and correlation between any two points is known, which
makes it possible to compute an error map for the entire surface and that can allow us
to quantify the accuracy of the prediction of the weather variable of interest. In a
Bayesian framework, statistical properties also allow kriging to work with data
containing bias and noise, because it is able to make estimations for the measurement
error model coefficients by using maximum likelihood estimators when these coefficients
are unknown [25,/29,30]. As an alternative to maximum likelihood estimation, a
resampling procedure like cross-validation might be used [31].

Kriging is closely related to Gaussian process (GP) regression [32]. In this context, a
GP is a stochastic process that consists of a (possibly infinite) collection of random
variables, such that every finite collection of those random variables follows a
multivariate Gaussian distribution, which can be conditioned on the observed
data [3334].

The goal of the method that uses a GP, or equivalently kriging in a Bayesian
framework, is to find the distribution of the collection of random variables by learning
from training data D and predicting the data ¥ by modelling the distribution P(Y|D)
as a multivariate Gaussian distribution. The process is visualised in Fig . In the next
step a number of the samples drawn from the prior distribution are shown. After this

the observations are taken in to account, the samples that are not in line with the

observations are removed and a posterior distribution is computed as shown in Fig .

Fig 3. Visualisation of a Gaussian Process In Fig a a large number of samples
drawn from the prior distribution are shown, after observations are made the samples
that do not reflect the observations are removed and we are left with the samples shown
in Fig b. The result can be summarised by a mean function.

In Bayesian kriging, we define a ‘prior’, which is a description of the process under
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consideration before including the data. Then, we define a ‘likelihood’, which is a
description (or approximate model) of the measurement procedure. Now, in the
updating step, we introduce the observed data, which results in a ‘posterior’
distribution for the process under consideration. In this work, we focus on the posterior
mean (the ‘map’) and the posterior variance (the ‘uncertainty map’).

For this project a modified version of kriging was used, using local error estimates
(Kriging LE) [35]. In this version of kriging, bias and noise are incorporated in the
computations through the likelihood. However, before we discuss this modified version

the standard simple kriging will be discussed.

3.1 Bayesian data assimilation without bias and noise

Kriging is a non-parametric approach for estimating an unknown spatial process X.
kriging aims to estimate a distribution over all possible functions realisations that fit

the observed data. It defines the prior on X as a GP [251|33}34,/36L(37]:

X ~ N(p, P) (2)

with mean g and process covariance matrix P. For some fields of research this might be
an unconventional notation, but keep in mind that X represents the (so far unknown)
value of the variable of interest evaluated at the grid locations and P represents the (so
far also unknown) spatial covariance ot the value of the variable of interest evaluated
between pairs of grid locations.

We then assume the normal likelihood for the observations [25]:

yI X ~NHX,R=0) (3)

where H is an observation matrix. In our case, this matrix H € R™*? indicates where
the n measurement points are located relative to the p points for which we want to
predict a value — however, H can also define a measurement procedure that averages the
quantity of interest over an interval in time or space, or any other linear operation that
is a description of the measurement procedure (e.g. a partial derivative operator 38|,

etc.). Note that we have written R = 0, although for numerical reasons we implement a
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regularization R = %I, with 2 in the order of machine precision [38].

After conditioning on the observed data y, the posterior is defined by [25]:

yIY ~ Ny, C) (4)
where the posterior mean is:
EX|y] = p+ K(y — Hy) (5)
and the posterior covariance is:
C=coviX|y]=I- KH)P (6)

where we have introduced the Kalman gain:

K =PH"(HPHT) ! (7)

The components of covariance matrix P are modeled by P; ; = r(x;,x;), where & is
a positive definite kernel. We have this requirement that x must be positive definite, to
make sure that P is positive (semi) definite [33]. There are several different kernels, but

here we will be using the kernel defined as follows

R = 0'2’(/)1”' (8)

where o2 is the variance of y and v, ; is the basis function corresponding to the

correlation between locations

i = (- i Iy o

k=1 29%‘

with d being the number of dimensions and A the spatial distance between locations.

6 cRis a spatial parameter that we can think of as an indicator that tells us how
quickly the function changes when location j moves closer or further away from location
i [39,40].

To approximate é, we use a maximum likelihood estimator (MLE) with respect to 6,
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which is equivalent to minimising [41-43]

L(0) = log([HPH"|) + (y — Hp)"(HPH") " (y — Hp). (10)

The product HPH” € R"*" can be interpreted as the matrix of correlations between

sample data.

3.2 Bayesian data assimilation with bias and noise

However, all observed data contains bias and noise, so a method that is able to deal
with that is needed. Therefore, we introduce Kriging LE, which is a version of simple
kriging that is equipped to handle this. In the Bayesian framework, the bias and noise,
as an intrinsic part of the measurement procedure, can be included in a natural way in

the likelihood [3l2535[38]42][44]:

y|X = N(HX + HBBp, R = IHN?3%). (11)

In Eq , BBy is a linear model for the bias, containing bias budget B and
coefficients B5. For example, the bias budget can contain the type of measurement
device, indicating that one type of device might lead to a different bias than another
type of device. However, other indicators can also be included in the bias budget. The
corresponding coefficients B are estimated by including them in the MLE.

In a similar way, in Eq 7 NbsfBy is a linear model for the variance of the
observational noise. Again, the noise budget N can contain the type of measurement
device, but can also contain other proxies for the noise level of the data. Again, the
corresponding coefficients B are estimated by including them in the MLE.

It is worth mentioning that the regression result is robust against estimating the
noise from an MLE. As an illustration, Fig shows how, for a different number of
low-fidelity points in the example of Fig , the relative RMS prediction error has a
robust minimum for a range of estimated noise levels. In addition, we observe from this
illustration that the robustness increases when we have more low-fidelity data points. In

other words, for the resulting map it is not essential that we find very accurate values

fOI‘ 6N.
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Fig 4. The regression error under different noise levels The accuracy of the
interpolation depends on the true noise level and the estimated noise level. However, as
can be seen from this illustration, the regression error is robust against changes in the
estimated noise level.

Providing a bias and noise budget allows us to differentiate between the various data
sources. In addition, although we do not use this in the present work, it is possible to
include other proxies in the bias or noise budget. For example, it is possible to include
population density as a proxy for observational noise, as for example in [44]. This, in
essence, is how the Bayesian likelihood, as a model of the measurement procedure,

allows us to have an analytical framework for multi-fidelity multi-source data fusion.

4 Results

4.1 Results for synthetic data

Recall that we had defined synthetic data for the stations and grid points. This was
done to be able to illustrate the robustness of our approach. We expect that the
predictions using 1PD, 12PD and 123PD all perform well if the number of oscillations
N is low, but we expect 12PD and 123PD to out perform 1PD when the number of
oscillations increases. This is expected, because of the Shannon-Nyquist

theorem [45].This theorem states that the more oscillations there are, the more
measurement points are needed to be able to identify these oscillations. We expect that
the use of 2PD and 3PD will push back the Shannon-Nyquist limit, resulting in the
ability to observe weather patterns of higher spatial frequency (i.e. more oscillations).
This would imply that by using 2PD and 3PD we will be able to make more accurate
predictions for weather phenomena with a high spatial variability.

To verify these expectations, we computed the fitting performance based on weather
complexity. The results are shown in Fig . For each combination of parties the model
was ran 5 times, each time with a different small shift in the synthetic data. The figure
confirms our expectations, for a low value of N all parties perform similarly. However,
as N increases there are clear differences visible between the performances. 1PD reaches
its Shannon-Nyquist limit relatively quickly, while the others are still performing

reasonably well. By adding more data the Shannon-Nyquist limit is pushed back

April 17, 2023

1322

280

281

282

283

284

285

286

287

288

289

290

291

292

293

294

295

296

297

298

299

300

301

302

303

304

305



http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a Creative Commons Attribution 4.0 I nternational
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.

further, which implies that using more data increases the accuracy of the predictions in
instances when there is a high spatial variability.

It is also notable that while 13PD has more measurements available than 12PD, it
does perform a little worse than 12PD between N = 1 and N = 8. This is due to the
fact that 2PD measurements are more accurate than 3PD measurements and for low N

the quality of measurements is more important than the quantity of measurements.

Fig 5. Fitting performance based on weather complexity This figure shows the
RMSE values for different combinations of 1PD, 2PD and 3PD for various levels of
spatial variability of the data. It shows that for low spatial variability they all perform
equally well, but after approximately 1.5 oscillations per degree 1PD performs
significantly worse than the others.

The findings of Fig are supported by the resulting maps of the predictions. In
Fig @ the results are shown for N = 1.5. Fig @a shows what the true synthetic
temperature field looked like, and the other three maps show the predictions the model
made using 1PD, 12PD and 123PD respectively. In Fig the uncertainty of these
three predictions are shown. In Fig @a it seems like the predicted temperatures
resemble the true temperatures quite well, but when we look at the uncertainty of this
prediction in Fig @a it is visible that there are quite large areas where the prediction is
still very uncertain, like in the north of the country. The predictions made by using
12PD and 123PD are still similar for this N, but 123PD performs slightly better as can
be seen from the ‘average uncertainty’. However they are both a great improvement
from just 1PD and have managed to reduce the uncertainty a lot in certain areas, like in

the north of the country.

Fig 6. Temperature predictions for N = 1.5 @a shows the true synthetic
temperature field and the following figures the predictions made by using 1PD, 12PD
and 123PD respectively.

Fig 7. Uncertainty predictions for N = 1.5 The figures show the uncertainty of
the predictions made by using 1PD, 12PD and 123PD from Fig @ respectively.

An example that shows the potential of using 2PD and 3PD even clearer is the case
of N = 7. The results of the prediction are shown in Fig and their uncertainty in
Fig @ It shows that for 1PD the prediction in Fig b does not resemble the true

synthetic weather pattern shown in Fig a at all, which is also substantiated by the
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uncertainty computations visualised in Fig @[)b. The prediction made by 12PD shown
in Fig c is already much better, the true pattern is becoming visible and the average
prediction uncertainty has been reduced by roughly 2 degrees Celsius. However, the
pattern still seems a bit faded and in some areas of the countries, like the north, the
prediction is patchy. This is also reflected in the uncertainty map in Fig c. It shows
there are large areas where the prediction uncertainty is very significant. Unlike in the
N = 1.5 case, there is now a significant improvement visible between using 12PD and
123PD. The true temperature pattern is becoming more clear in Fig d and the
patchiness is reduced. In Fig @d it can be seen that the areas with a large uncertainty

are greatly reduced compared to the 12PD prediction.

Fig 8. Temperature predictions for N =7 Fig a shows the true synthetic
temperature field and the following figures the predictions made by using 1PD, 12PD
and 123PD respectively.

Fig 9. Uncertainty predictions for N =7 The figures show the uncertainty of the
predictions made by using 1PD, 12PD and 123PD from Fig respectively.

4.2 Results for real-world data

The previous section used synthetic data to demonstrate that when weather phenomena
with a high spatial variability is being modeled, it is beneficial to use 2PD and 3PD in
addition to 1PD. However, we would also like to see how the model behaves with real
data. Therefore the model was applied to temperature data from the 25th of January
2019. Note that temperature fields do not exhibit high spatial variability so we expect
1PD, 12PD and 123PD to all perform well and to not see large performance differences
between them.

The results support these expectations, when we look at the temperature maps in
Fig there are not any major differences. This is also expressed in the uncertainty
maps shown in Fig . The average uncertainty is low for all three, but we do see a

small decrease in the uncertainty when going from 1PD to 12PD to 123PD.

Fig 10. Temperature predictions for real world data Temperature predictions
for real temperature data from the 25th of January 2019. These figures show the
predictions made by using 1PD, 12PD and 123PD respectively.
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Fig 11. Uncertainty predictions for real world data Uncertainty predictions for
the predictions shown in Fig .

5 Conclusion

The Kriging LE method has been introduced as a spatial regression method that allows
us to deal with multi-fidelity data, because it is able to make estimations for spatial,
bias and noise parameters. The adjustment of the parameters is necessary to make
accurate predictions, since 2PD and 3PD are assumed not to be as precise as 1PD.
Kriging LE has been tested for two scenarios, using synthetic data and real data. The
experiment with synthetic data shows that the current approach might be useful to
model weather phenomena with high spatial variability when 1PD is combined with
2PD and 3PD. The experiment with real data shows that the predicted temperature
fields average standard deviations decreases when 1PD is combined with 2PD and 3PD,
which tells us there is potential for significant improvement when including 2PD and
3PD. This means that second and third party data can be used to increase the spatial
resolution of observation-based weather interpolations and that they can be used to
ensure that the nation wide prediction uncertainty is decreased significantly, especially
for phenomena such as rain and wind.

Future work might be developed along two lines: 1) assessing the network design
based on the spatial distribution of the stations; 2) uncertainty decrease based on bias
and noise budgets. The pursue of an optimal network design is motivated by the fact
that 2PD and 3PD stations are often not evenly distributed over the country, hence
forming clusters. For regions with a high station density, it would be interesting to
research whether all the stations are needed or some of them are redundant. This has
practical implications during the modelling phase, since a non-redundant network
design might reduce the computational time. Network design can also be tackled for the
regions with low station density, since it might be relevant to assess where more stations
are required to decrease the prediction uncertainty. In this line of uncertainty decrease,
it is important to mention that in this work we have estimated a bias and noise variable
for each party (i.e. type of network). However, the bias and noise could also be
estimated from “bias or noise budgets” that includes sensor types, station siting

conditions, or even proxies (e.g. population density, local cooling or radiative effects).
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By doing this, the bias and noise can be estimated more accurately and thus the model
would perform better. A disadvantage of this approach would be that it might
substantially increase the computational time.

In recent years, there has been an intense research activity around the usage and
incorporation of crowdsourced data in the climate sciences. Substantial efforts have
been carried out to perform quality assessment for crowdsourced data [16], fitting these
novel observations into the numerical weather predictions [21,/46], or defining workflows
to transform these observations into valuable new products and services for NMS [18].
In this line, the current work illustrates how crowdsourced data enable the creation of
high-resolution weather products, which has a remarkable potential to expand the
current products and services at KNMI. The availability of these high-resolution maps,
might also be helpful at issuing local weather warning and events, particularly in urban

areas, and open the door to carry out impact-based analyses.
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