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Abstract

The aim of the Mesoscale Verification Inter-Comparison over Complex Terrain (MesoVICT) project

is to compare spatial verification methods with each other to gather information about proper ones.

This is done for deterministic and ensembles forecasts. They are compared with a certain observa-

tion. However, the MesoVICT project provides two observation ensembles, which are computed from

the University Vienna. Here, the Vienna Enhanced Resolution Analysis (VERA) is the basis for ensem-

bles were station observation uncertainties and spatial patterns are represented. They are used for a

so far little discussed topic, the verification from two ensembles against each other. Since this issue is

complex, the spatial part is postponed and a point to point verification method inter-comparison, in

the spirit of the MesoVICT project, is done.

The forecast ensemble is provided by the weather service of Emilia-Romagna (COSMO-LEPS). As

parameters the wind speed (V ), the potential temperature (Θ), precipitation (RR) and the pressure

(p,ps f or pmd ) are chosen.

Before starting with the evaluation, distribution tests are performed for the ensembles (Lilliefors-,

Jarque-Bera- and Anderson-Darling-Test). The conclusion is that non parametric statistics are use-

ful, because the Gaussian distribution is not valid all the time.

The verification is done with distance measurements from probability density functions (PDF), cu-

mulative distribution functions (CDF) and via histograms. Six methods are selected. The integrated

quadratic distance (IQD) uses two CDF’s and measures the sum of squared differences. The perfect

receiver operating characteristic comparison (PROCC) needs the observation and forecast ensemble

represented as PDF’s. This score is rather complex, but based on a comparison with a perfect result.

Probability vectors are required for the Kullback-Leibler Divergence (KLD). It provides the difference

of those. The Euclidean, Seorgel and Lorentzian distances are based on histograms and the related

probabilities in each bin. The used methods can also be applied for a comparison of, for example,

two forecast models.

For satisfying the non parametric statistics restriction kernel density estimates are applied. This ap-

proach fits the PDF’s and CDF’s to the data without losing any previous properties.

The ensemble verification with different parameters showed, that it is reasonable to use wind speed

and potential temperature. The precipitation and the pressure have to be modified or evaluated with

different methods. A table provides an overview of the used verification methods and defines a judg-

mental interval for each score. The kernel density estimate improves as well as deteriorates the re-

sults.

Additionally, the score specific uncertainty and the uncertainty between different observations are cal-

culated. Those estimates interact with each other. If the score specific uncertainty is small, the location

difference between the observation ensembles are more important for the uncertainty between dif-

ferent observations. In the other hand, a big extent, due to the score specific uncertainty suppresses

the location influence from the observations in the uncertainty between different observations and the

score specific uncertainty is more prominent.

Finally, different observation ensemble possibilities, a brief overview for a model comparison and

extreme value approaches are shown.
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Zusammenfassung

Das Ziel vom Mesoscale Verification Inter-comparison over Complex Terrain (MesoVICT) Projekt ist

es, räumliche Verifikationsmethoden miteinander zu vergleichen, um Informationen über die sinn-

vollsten Verfahren zu erhalten. Dies wird mittels Deterministischer- und Ensemblevorhersagen ge-

macht, welche gegen eine Beobachtung verifiziert werden. Das MesoVICT Projekt stellt allerdings

zwei Beobachtungsensembles, von der Universität Wien, zur Verfügung. Dabei wird die Vienna En-

hanced Resolution Analysis (VERA) als Basis für Ensembles, welche Stationsunicherheiten und räum-

liche Muster beinhalten, verwendet. Diese werden für die, bis jetzt wenig beachtete, Verifikation zwei-

er Ensembles gegeneinander verwendet. Da dieses Thema sehr komplex ist, sind die räumlichen Veri-

fikationsmethoden hinten angestellt. Zuerst wird eine Punktverifikationen durchgeführt, bei der der

Methodenvergleich im Vordergrund steht.

Die Vorhersage wird vom italienischen Wetterdienst Emilia-Romagna (COSMO-LEPS) bereitgestellt.

Als Parameter sind Windgeschwindigkeit (V ), potentielle Temperatur (Θ), Niederschlag (RR) und

Druck (p,ps f oder pmd ) vorhanden.

Bevor mit den Vergleichen begonnen wird, muss die Verteilung der Ensembles durch Tests festgestellt

werden (Lilliefors-, Jarque-Bera- und Anderson-Darling-Test). Die Ergebnisse zeigen keine andauern-

de Gaußsche-Verteilung, was nicht parametrische Verfahren für die Verifikation notwendig macht.

Die Evaluierung selbst wird als Abstandsmessung für probability density functions (PDF’s), cumulati-

ve distribution functions (CDF’s) und Histogrammen durchgeführt. Insgesamt sind sechs Methoden

als sinnvoll befundet worden. Die integrated quadratic distance (IQD) verwendet zwei CDF’s und

misst die Summe der quadratischen Differenzen. Der perfect receiver operating characteristic com-

parison (PROCC) benötigt das Beobachtung- und das Vorhersageensembles repräsentiert als PDF’s.

Dieser Score ist ziemlich kompliziert. Am Einfachsten kann er als Vergleich mit einem perfekten Er-

gebnis dargestellt werden. Wahrscheinlichkeitsvektoren sind notwendig für die Kullback-Leibler Di-

vergence (KLD). Hier wird die Differenz von diesen gebildet. Die Euclidean, Seorgel und Lorentzian

distance basiert auf Histogrammen und den damit verbundenen Wahrscheinlichkeiten in den Bins.

Die gefundenen Methoden können zum Beispiel auch für den Vergleich zweier Vorhersageensembles

verwendet werden.

Um der nicht parametrischen Statistik Rechnung zu tragen wird der kernel density estimate ange-

wandt. Dieser Ansatz passt die PDF’s und CDF’s an den Datensatz an, ohne jedoch ihre Eigenschaft

zu verändern.

Die Verifikation mit den verschiedenen Parametern hat ergeben, dass die Windgeschwindigkeit und

die potentielle Temperatur am brauchbarsten für den hier durchgeführten Ensemblevergleich sind.

Der Niederschlag und der Druck müssen mit anderen Verifikationsmethoden betrachtet werden. Mit-

tels einer Tabelle wird ein Überblick der Verifikationsmaße angeboten. Diese gibt Entscheidungshil-

fen, wie das Ergebnis jeder Methode bewertet werden kann, an. Der kernel density estimate beein-

flusst das Ergebnis sowohl positiv als auch negativ.

Zusätzlich werden die score specific uncertainty und die uncertainty between different observations

berechnet. Beide Verfahren interagieren miteinander. Dadurch wird bei einer kleinen score specific

uncertainty die Lage der Beobachtungsensembles zueinander wichtiger für die Berechnung der un-

certainty between different observations. Umgekehrt beeinflusst eine breite score specific uncertainty

die uncertainty between different observations mehr, als die Lage der Beobachtungen zueinander.

Abschließend sind verschiedene Beobachtungsensembles, ein Überblick für eine mögliche Modell-

verifikation und die Extremwert-Theorie Thema.



Inhaltsverzeichnis v

Inhaltsverzeichnis

1. Introduction 1

1.1. Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2. MesoVICT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.3. Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.3.1. Observation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.3.2. Forecast . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.4. Experiment setting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2. Determine distribution 11

2.1. Nonparametric tests . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.1.1. Quantile-Quantile Plot . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.1.2. Kolmogorov-Smirnov-Test . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.1.3. Chi-Square-Test . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.1.4. Lilliefors-Test . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.1.5. Jarque-Bera-Test . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.1.6. Anderson-Darling Test . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.2. Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.3. Kernel density estimate . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

3. Verification 21

3.1. Verification methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

3.1.1. (Mean) Absolute error . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

3.1.2. Brier Score . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

3.1.3. Reliability diagram . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3.1.4. Continuous ranked probability score . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.1.5. Box plot . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.1.6. Integrated quadratic distance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.1.7. Perfect receiver operating characteristic comparison . . . . . . . . . . . . . . . . . 27

3.1.8. Kullback-Leibler Divergence . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.1.9. Distance between histograms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.2. MesoVICT verification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.2.1. Ensemble-Verification for the wind speed in Vienna . . . . . . . . . . . . . . . . . 30

3.2.2. Ensemble-Verification for multiple parameters over time at different grid points 33

3.3. Verification discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

4. Uncertainty estimates 39

4.1. Score specified uncertainty . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4.1.1. Absolute error uncertainty . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4.1.2. Integrated quadratic distance uncertainty . . . . . . . . . . . . . . . . . . . . . . . 41

4.2. Uncertainty estimates between different observations . . . . . . . . . . . . . . . . . . . . 44

4.3. Comparison between score uncertainty and uncertainty due to different observation . 46

5. Outlook 49

5.1. Different observation uncertainty estimates . . . . . . . . . . . . . . . . . . . . . . . . . . 49

5.1.1. Error Climatology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49



vi Inhaltsverzeichnis

5.1.2. Spatially correlated random fields . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

5.1.3. Re-sampling approach for daily data . . . . . . . . . . . . . . . . . . . . . . . . . . 50

5.1.4. Sequential Gaussian Simulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

5.1.5. Ensemble of Data Assimilation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

5.1.6. Poor man’s ensemble . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

5.2. Extreme value approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

5.2.1. Threshold- and quantile-weighted CRPS and weighted IQD . . . . . . . . . . . . . 53

5.2.2. Conditional and censored likelihood . . . . . . . . . . . . . . . . . . . . . . . . . . 54

5.2.3. Extreme value theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

5.3. MesoVICT numerical weather prediction systems . . . . . . . . . . . . . . . . . . . . . . . 56

5.3.1. Deterministic forecast . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

5.3.2. Ensemble prediction system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

6. Summary and discussion 59

A. Abbreviations 63

B. Nomenclature 65

C. Bibliography 67

D. Acknowledgment 71

E. Danksagungen 72



Tabellenverzeichnis vii

Tabellenverzeichnis

1. Summary from the Properties of the Observation and Forecast Ensemble . . . . . . . . . 9

2. Non parametric test results for the wind speed at 06/21 00 UTC . . . . . . . . . . . . . . . 18

3. Non parametric test results for the potential temperature at 06/21 00 UTC . . . . . . . . 18

4. Non parametric test results for the potential temperature at 06/22 12 UTC . . . . . . . . 19

5. Method classification for the wind speed, potential temperature and pressure . . . . . . 37

6. Uncertainty estimates for the absolute error . . . . . . . . . . . . . . . . . . . . . . . . . . 47

7. Uncertainty estimates for the integrated quadratic distance . . . . . . . . . . . . . . . . . 47

Abbildungsverzeichnis

1. Schematic Overview from the MesoVICT Project . . . . . . . . . . . . . . . . . . . . . . . 2

2. JDC Area and Data Sets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

3. Schematic VERA Ensemble production . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

4. Verification area with definite Points . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

5. Time Series of the VERA and CLE Ensembles . . . . . . . . . . . . . . . . . . . . . . . . . . 11

6. Histogram-PDF-Comparison for the wind speed in Vienna . . . . . . . . . . . . . . . . . 12

7. Empirical CDF versus Normal CDF . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

8. Q-Q Plot of Sample Data versus Gaussian Distribution . . . . . . . . . . . . . . . . . . . . 14

9. Example for the Kernel Density Estimation . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

10. Reliability diagram example . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

11. Explanation for a Box plot with notches . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

12. Perfect receiver operating characteristic comparison explanation . . . . . . . . . . . . . 27

13. Q-Q Plots for both ensemble set ups in Vienna for 06/21 2007 15 UCT . . . . . . . . . . . 31

14. Example for the IQD and the CRPS the wind speed in Vienna . . . . . . . . . . . . . . . . 31

15. The PROCC in Vienna for the wind speed . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

16. KLD example for the wind speed in Vienna . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

17. Time evaluation for Vienna over the verification period . . . . . . . . . . . . . . . . . . . 33

18. Kernel density estimate applied for Vienna over the time . . . . . . . . . . . . . . . . . . . 34

19. IQD comparison from different parameters over time for Vienna . . . . . . . . . . . . . . 35

20. Area comparison for the IQD for 06/21 12 UTC and the wind speed . . . . . . . . . . . . 35

21. Absolute error uncertainty estimate Vienna . . . . . . . . . . . . . . . . . . . . . . . . . . 40

22. Recalculation comparison between observation, forecast and both . . . . . . . . . . . . 41

23. IQD uncertainty estimate . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

24. Bootstrapping comparison between observation, forecast and both ensembles . . . . . 43

25. Uncertainty estimation for the AE between different observation ensembles . . . . . . . 45

26. The IQD used for an uncertainty estimation between different observation ensembles . 46





1

1. Introduction

1.1 Motivation

One big and important part in meteorology is the weather forecasting. Whenever a prediction about

the future state of the atmosphere is needed, meteorologists, or others, can use two kinds of weather

models. The most common approach yet is the deterministic. Here, past and present information are

used to calculate one solution for the future. The ensemble approach on the other hand, gives multi-

ple results for the upcoming weather. Therefore, the input variables getting perturbed and provide a

set of solutions. But no matter what approach is used, it is always important to have knowledge about

the accuracy of these weather models. That is why both approaches are compared with a certain ob-

servation or, occasionally, reanalysis. This process is called verification. Common methods to verify

deterministic models are the Root Mean Square Error (RMSE), Mean Absolute Error (MAE) or the use

of contingency tables. For the ensemble forecast the Continuous Ranked Probability Score (CRPS),

the Brier Score (BS) or the reliability diagram are present adequate approaches (Wilks, 2011, pp. 301).

In this thesis a new verification approach is used. Instead of having one observation, multiple real-

izations for one observation, an ensemble, are available. There are no common methods for verifying

both kind of weather models with an observation ensemble. That is why the first part of the thesis is

about finding useful methods in order to make a verification possible (Section 3).

The topic, observation uncertainty in the verification, is often ignored with the argument that the

random observational errors are significantly smaller than the standard deviation of random errors

(Gorgas and Dorninger, 2012a). But with the availability of more detailed weather models the inter-

est of having knowledge about the observation uncertainty is growing. Now, with the observation

ensemble on hand, a calculation of uncertainty due to the observation is possible. This topic is dis-

cussed in Section 4.1. The aim is to get a useful method to estimate the uncertainty for common and

verification methods from the first part of the thesis.

The production of observation ensembles is highly experimental and no claim to be right is made,

because of that, a comparison method for verification results calculated with different observational

inputs is necessary (Section 4.2). The results from both uncertainty estimates (Sections 4.1 and 4.2)

getting compared with each other (4.3).

At the end of the thesis a short overview of recent options for observation uncertainty, an information

about high impact weather verification and a forecast product outlook is provided in Section 5.

1.2 MesoVICT

Along with the improvement of weather models, the number of verification methods are growing too.

New features like the comparison of objects have been developed within the process of verifying,

for example, precipitation. That is the reason why the Spatial Forecast Methods Inter-Comparison

Project (ICP) was founded. The aim was to understand and quantify different spatial verification

methods with predefined fields in a simple environment for deterministic precipitation forecasts

(Gilleland et al., 2009; Dorninger and Gorgas, 2013). After finishing that phase, the Mesoscale Ver-

ification Inter-Comparison over Complex Terrain (MesoVICT) project was established (Dorninger et

al., 2013). This is referred to as the second phase and has multiple aims:
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– Use real cases, not only predefined data and investigate the feasibility of using other parameters

and ensemble forecasts.

– Understand the influence of complex terrain itself and in combination with different weather

scenarios.

– Investigate the influence of observation uncertainty in the verification.

– Provide specific information about methods and motivate weather services to use new and high

resolution numerical forecasts.

To achieve them effectively the project is spited into different tiers (see Figure 1).

Figure 1: Schematic overview from the MesoVICT project. Tier 2 and 3 have a special interest for the the
thesis (Dorninger et al., 2013).

The test area is Central Europe, including the Alps and parts of the Mediterranean Sea, which fits the

requirements for a complex terrain quite perfectly. Furthermore, two big measurement campaigns

took place between June and November 2007 in this area, which provides a huge set of observations

additional to the Global Telecommunication System (GTS) stations. As a result, the Joint D-PHASE

and COPS (JDC) data set was created (Section 1.3.1). This big data collection is used to verify forecast

models and also provides more information for observational analysis products. To verify the be-

havior of certain verification methods during the measurement campaigns, six periods (cases) with

specific meteorological conditions are chose.

The main topic, the so called core, is about verifying a deterministic precipitation forecast for all six

meteorological cases. The next topic or tier one is about an additional wind verification, including the

ensemble forecast approach for wind and precipitation. Again all six cases are part of the analysis.

The second and third tier are important for this thesis. Here, the observation ensemble is in use

and different parameters are verified. Now, only the first case, or core case, for the meteorological

conditions, is available. That is because the observation ensemble was only produced for this time

period (Section 1.3.1).

The core case took place from 20-22 June 2007. Central Europe and the Alpine region is just behind

the center of a ridge, which leads to warm air advection and convective events on the 20th of June. On

the 21st a cold front is approaching the Alps from northwest. The front triggers prefrontal convective



Data 3

precipitation. Together with the passage throughout the 22nd strong westerly winds occur. As a result,

the front is to weak for crossing the Alps and disperses.

MesoVICT is a community project about verification methods inter-comparison and not a model

inter-comparison. The point is not to determine which method is best, it is about which methods are

suitable for which types of data, forecasts and application field.

1.3 Data

As already mentioned in the previous Section 1.2 two big measurement campaigns are the reason for

choosing this area and time. The collected data can be used as station data (irregular distributed) and

interpolated on a regular grid. Since Numerical Weather Prediction (NWP) systems using a regular

grid, it is better to have organized observations. You have to keep in mind, that the verification should

be carried out with the same grid size. Four parameter are used in the evaluation process and specific

cities and areas are investigated in detail. More about that in Section 1.4.

1.3.1 Observation

JDC

The GTS provides the latest weather information on a well covered network around the world, but for

mesoscale analysis more observations are necessary. A lot of national and regional weather services

have more surface observations than used in the GTS-network and together with some additional

stations during the two measurement campaigns a very dense network is created (see Figure 2).

Figure 2: The blue dots are GTS stations and the red dots Non-GTS stations. Together they represent the
JDC data set. The bigger frame shows the D-PHASE and the smaller one the COPS region (Dorninger,
M. et al., 2009).

The two big campaigns are the Demonstration of Probabilistic Hydrological and Atmospheric Simu-

lation of flood Events in the Alpine region (D-PHASE) (June-November 2007) as part of the Mesoscale
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Alpine Program (MAP) and the Convective and Orographically-induced Precipitation Study (COPS)

(June - August 2007). Combined they create the JDC data set (Dorninger, M. et al., 2009). As the name

already suggests, the aim of the MAP D-PHASE was the evaluation of different weather simulations

during precipitation and flooding events in the Alps. The COPS study is slightly smaller and covered

only the Schwarzwald region. However, the aim was also to develop a high-resolution observation

network. Those two data sets are used for model validation as well as data assimilation in their cam-

paigns. Altogether around 12000 stations are available, which is equal to a mean station distance of

16 km. Not every station covers all parameters, some of them, due to the purpose of the COPS and

D-PHASE campaign, cover only precipitation. Despite that fact, the amount of data for the other

parameters still exceeds the normal one. That is why the JDC data set is used for the analysis and

forecast fields in the MesoVICT project and consequently in this thesis.

VERA

The Vienna Enhanced Resolution Analysis (VERA) (Steinacker et al., 2000) provides model indepen-

dent gridded surface observations. It is a real-time mesoscale analysis developed at the Department

for Meteorology and Geophysics at the University of Vienna. Normal station observations are irreg-

ular distributed in space. This is problematic both representation- and verification-wise, because

NWP outputs are regular distributed. To get the observation data on a regular grid an interpolation is

necessary. The VERA mesh size is 8 km.

The VERA uses the thine-plate spline method. Here, the integral of the squared second spatial deriva-

tive is minimized. That idea assumes the natural behavior of the lowest cost-lost ratio. Meteorologi-

cal parameters follow this principle quite well, for the simple reason that they want to have the lowest

curvature between two points. Before an interpolation between two points is possible, an interpola-

tion to the points has to be executed. Therefore, the same approach can be used. Now, the station

observations are on a regular grid and the meteorological fields are properly interpolated.

Nonetheless, sometimes surface observations have an unusual value, which results in a wrong analy-

sis. To prevent the usage of stations with a variety of errors, a quality control (QC) scheme is applied

(Steinacker et al., 2011; Mayer et al., 2012). The QC filters values which exceeding physical or clima-

tological thresholds.

Another important feature is the fingerprint technique (Steinacker et al., 2006). In complex terrain

some mesoscale phenomena are not resolved properly. The fingerprint technique provides additional

physical knowledge beyond the scale of the station density and includes these phenomena. Alterna-

tive sources for downscaling can also be topic of fingerprint techniques. Like the use of satellite - and

radar data or information about snow coverage and land/sea distribution.

The following steps summarize the order in which the VERA is produced:

1. Data Quality Control: Only useful station data is used.

2. Interpolation via splines: No first guess or background flied is needed.

3. Fingerprint: Resolve mesoscale phenomena.

Note, that in the verification process the normal VERA is often named VERA reference.
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VERA Ensemble

The purpose of an analysis is to give information about the “true” state of the atmosphere. Since

errors occur in every analysis, no matter if it is model-depended or independent, an estimate for

their uncertainty is required. A common approach in the weather prediction but new in the context

of analysis is the use of ensembles.

Gorgas and Dorninger (2012a) created observation ensembles by using the VERA. Therefore, several

requirements had to be fulfilled. First of all, the method had to be feasible for an analysis where no

error estimate is provided automatically. This is the case in VERA. Furthermore, the observation and

interpolation error had to be represented in the ensemble spread. Besides, the spatial uncertainties

had to be included. Note, temporal errors were not assumed directly in this study. Finally, only sta-

tion data should be used as input. In a later stage, radar or satellite data, as two examples, could be

applied.

To satisfy all requirements and including spatial and observational errors the production was divided

into two parts.

For getting the representation, or also called observational, error different rudiments are necessary

(see Figure 3, middle level). For this thesis two different residuals are computed, which, in further

consequences, are responsible for the two observation ensembles. One is done with the standard

deviation of the bias corrected VERA QC residuals of a one-month period (std). The second one is a

reference estimate of the equal perturbation magnitudes for all stations (equ).

Additionally, information about the spatial patterns are requested (see Figure 3, upper level). There-

fore, the 2D wavelet transformation is reasonable. A Principal Component Analysis (PCA) is also pos-

sible, but not performed for the ensembles in use. In the process of getting those spatial patterns

random Gaussian perturbations are applied.

A combination of the gathered residuals are used as perturbations.

The following guideline provides the order in which the VERA ensembles are produced:

1. The station observations after the quality control without any perturbations are available.

2. The residuals “std” and “equ” for the observation uncertainty are calculated. See the text above

for a detailed explanation of “std” and “equ”.

3. For the spatial pattern points 3−7 are needed. At the beginning the 2D wavelet transformation

is applied on the operational gridded VERA (see Section 1.3.1/VERA). The results are multiple

wavelet-coefficients.

4. The most eminent scale of those coefficients is getting disturbed randomly. This is repeated

50 times with a random Gaussian generator. The results are 50 different fields of wavelet-

coefficients.

5. After that, the perturbed wavelet-coefficients are used for the inverse transformation, back on

the gridded VERA. As a consequence, 50 differently disturbed analysis fields (VERA) are made.

6. The difference between VERA undisturbed (condition at point 3, before the wavelet transfor-

mation) and the VERA fields after point 5 gives the spatial pattern. This pattern is still on the

VERA grid. The aim is to get it for every station observations, like in point 1.

7. That is why the spatial patterns are getting interpolated on the observation locations.

8. Now, two observational uncertainties (point 2) and the spatial patterns (50 various) from point 7

on the station observation scale are available. One observation ensemble set up includes all 50
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spatial patterns and a observation uncertainty (“std” or “equ”). Those are multiplied with each

other to 50 different perturbations. This method is also repeated for the second observation

uncertainty. The, so fund, two sets of perturbations are added separately to the station data

(point 1). Now, two set of 50 different observations (ensemble members) are produced.

9. However, the QC can be applied on the new station observations. If this is the case “-qc” is

added to the set up name. After that, the VERA is interpolated normally on the regular grid and

available fingerprints are used (see Section VERA).

The main advantage is that, the spatial patterns and the observation uncertainty are included in the

ensemble procedure. This very complex technique is the same for every parameter. Here, the VERA

set up from 2008 is used in the calculation process. The results are two different VERA ensembles

(“std” and “equ-qc”) with 50 members on the VERA grid (8 km) for multiple parameters in an hourly

interval. The ensembles together with the VERA reference are free to download from the MesoVICT

homepage (http://www.ral.ucar.edu/projects/icp/[02/01/2017]).

Figure 3: Schematic VERA Ensemble production. The first level shows possibilities for including the
spatial patterns. Gorgas and Dorninger (2012a) used the Discrete Wavelet Transform (DWT). The mid-
dle level introduces observation errors. The bottom level pictures if a quality control is done (Gorgas
and Dorninger, 2012a).

In Figure 3 an example for the “equ-qc” ensemble set up is shown (thick red line). The “std” one uses

also the DWT branch, but is emphasized differently. Additionally, no quality control is applied.

During the study for the thesis one error was discovered. Member number 40 for the “equ-qc” set up

on the 06/21/2007 at 7 Coordinated Universal Time (UTC) is missing. To avoid a complex program-

ming solution, member number 39 was duplicated and is used as member 39 and 40.

The shown ensemble creation process is just one way how perturbations can be included. Sperka

and Steinacker (2011) use a bias-correction method to collect uncertainty information. Those results

could also be used in the just explained process. However, many ways of creating ensembles are

possible. A short summery about different observation analysis is included in Section 5.1.

http://www.ral.ucar.edu/projects/icp/
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1.3.2 Forecast

The forecast model is provided by the Hydro-Meteo-Climate Service of the Environmental Agency of

Emilia-Romagna (ARPA-SIMC), Italy and is also available via download from the MesoVICT home-

page. ARPA-SIMC is part of the Consortium for Small-scale Modeling (COSMO) and calculates an

Limited-Area Ensemble Prediction System (LEPS/COSMO-LEPS [CLEPS or CLE]). Each LEPS mem-

ber is nested on selected members of the European Centre for Medium-Range Weather Forecasts

(ECMWF) ensemble prediction system (Marsigli et al., 2005). Like the VERA, the CLEPS uses the JDC-

data set as input. The forecast model gives 16 ensemble members on a mesh size of 10 km and a

forecast range of 132 hours (3-hourly). However, the VERA uses a 8 km grid, which makes an interpo-

lation necessary.

In Section 3 comparisons against a deterministic forecast are made. Since no control (main) run or

deterministic model from the same provider are present, the mean of all 16 ensemble members is

used as deterministic forecast.

1.4 Experiment setting

The model domain is smaller than the VERA domain. This is not a restriction, because the chosen

verification range is nested in both domains (see Figure 4). The chosen frame has a size of 44-50°

Nord and 8-18° East. However, the emphasis is on the complex topography. Embedded in this selec-

tion there are six subsections to specify error amplitudes to a region. The six subsections are South

Germany (SG), Great Vienna (GV), West Alps (WA), East Alps (EA), Po Valley (PV) and the Adriatic (A)

area. They are not shown in Figure 4. Nine cities are selected in order to study a specific error pat-

tern over time (red dots in Figure 4). The cites are Vienna, Graz, Klagenfurt, Innsbruck (all Austria),

Munich (Germany), Bolzano, Milano, Venezia (all Italy) and Zagreb (Croatia). Most of the results are

referred to Vienna.

VERA and the CLEPS supply multiple parameters. In coordination with the MesoVICT tiers (Figure 1)

precipitation and wind speed are investigated. Additionally, due to the meteorological importance,

pressure and the potential temperature are verified too. Those four parameters are a direct model

output and no post processing is needed. They are used to check, how and if an ensemble approach

is useful.

The verification is done every three hours, because the model output is not available every hour, like

it is with the VERA ensemble. This is why the precipitation RR measuring unit is millimeters per three

hours (mm/3h). The wind speed V (ms−1) is calculated from the 10 m wind components u and v . The

wind speed is a scalar V (see Equation 1.1).

V =
√

(u2 + v2). (1.1)

where:

u = 10m wind component along x-axis [ms−1]

v = 10m wind component along y-axis [ms−1]

The potential temperatureΘ normally with K, here ◦C = K - 273,15, is calculated (1.2):

Θ= T

(
p0

p

)κ
. wi th κ= RL

cp
≈ 2

7
. (1.2)
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Figure 4: Verification area. Embedded in the red frame are six subsections (not shown) and nine
cities (red dots). Those marks are used for a space and time verification. Vienna is addition-
ally marked with an arrow. https: // upload. wikimedia. org/ wikipedia/ commons/ 3/ 38/

Europe _topography _map _en. png [02/01/2017]

where:

T = Temperature at certain level [K]

p0 = Reference level (1000 hPa)

p = Pressure at certain level [hPa]

κ = Isentropic exponent

RL = Gas constant for dry air [Jkg−1 K−1]

cp = Specific heat for dry air [Jkg−1 K−1]

The VERA gives the MSL pressure p (hPa). The forecast, in the other hand, creates two solution for the

pressure. One reduces the pressure to the sea level with the standard pressure reduction formula ps f ,

the same as used in the VERA, see Equation 1.3 (Raith and Bauer, 2001, pp. 162). The other solution

applies a model formula, which is different depending on the forecast model (pmd ), and provides the

pressure on the lowest model layer. This fact is important, if multiple models are compared. Because

a verification against the standard reduction offers knowledge about the accuracy of a model. For

the forecast it is essential to verify the specific method, due to the fact that these pressure values

are shown on weather charts. Since this thesis is not about a model inter-comparison, but about

verification inter-comparison both forecast pressure fields are only checked for consistency and not

for accuracy.

ps f = p ·exp

(
g · z

RL ·Tv +RLγ
z
2

)
. (1.3)

where:

https://upload.wikimedia.org/wikipedia/commons/3/38/Europe_topography_map_en.png
https://upload.wikimedia.org/wikipedia/commons/3/38/Europe_topography_map_en.png
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ps f = Mean sea level (MSL) pressure with standard formula [hPa]

g = Gravity acceleration [ms−2]

z = Absolute height [m]

Tv = Virtual temperature [K]

γ = Temperature gradient [Km−1]

To summarize, for this study the MesoVICT core case 20-22 June 2007 is used. The aim is to find

appropriate verification methods for comparing an observation- with a forecast ensemble (see Table

1). Furthermore, uncertainty estimates due to the observation and based on different observation

models should be provided. As parameters precipitation (RR), wind speed (V ), pressure (p,ps f or

pmd ) and the potential temperature (Θ) are chosen.

Table 1: Summary from the properties of the observation (VERA) and forecast (CLE) ensemble.

Ensemble Name Member Interval [h] Resolution [km]

Observation VERA (“std” and “equ-qc”) 50 1 8
Forecast CLEPS 16 3 10 interpolated on 8
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2. Determine distribution

Before doing the verification a closer look at the data is necessary. At first the spread from both ob-

servation and forecast ensembles, together with the reference run from VERA and the mean (deter-

ministic) CLE, are plotted (see Figure 5). The observation segments in those plots are yellow- and the

forecast parts are blueish. The CLE starting time is similar to the start of the time-axis, 06/20/07 12

UTC. Wind speed is shown.

(a) Time series for the VERA (“equ-qc”) and the CLE (initial
time: 06/20 12 UTC) wind speed ensembles.

(b) Time series for the VERA (“std”) and the CLE (initial time:
06/20 12 UTC) wind speed ensembles.

Figure 5: Time series of the VERA and CLE ensembles.The observational parameters are in yellowish
and forecast ones blueish. The VERA has an hourly and the CLE a three hour interval.

The most prominent difference is the spread extent between those three ensembles. The CLE has the

largest one, which implicates a lack of reliability. Both VERA ensembles are narrower than the CLE.

Especially the “std” set up produces a very narrow ensemble. This leads to a nearly philosophical

question. How much observation-wise spread is wanted? Is it better if the ensemble is wider, maybe

even close to the forecast spread, or is a narrow one requested? However, the measurement, interpo-

lation, representation and many more uncertainties should be represented properly. This question

can not be answered yet, which makes the uncertainty estimate between different observations from

Section 4.2 even more important.

Another distinction is the time interval. If a comparison between the one hourly VERA data and the

three hourly CLE output is made, the forecast ensemble seems more smooth. Actually, the three hour

interval makes the CLE more inertial. This is an important point for the verification discussion (see

Section 3.3).

This example was realized with the wind speed. The potential temperature behaves quite the same.

However, there are some exceptions concerning the precipitation and pressure, which are discussed

in Section 3.

In this thesis the verification between two ensembles should be executed with histograms or Prob-

ability Density Functions (PDF’s). For a histogram no distribution is assumed, the PDF in the other

hand assumes a Gaussian or also called normal distribution, see Equation 2.1 (Wilks, 2011, pp. 87).

f (x) = 1

σ
p

2π
exp

(
− (x −µ)2

2σ2

)
. (2.1)
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where:

x = Data

µ = Mean from x

σ = Standard deviation from x

σ2 = Variance from x

The data is represented in the well known bell-shape, where the area under the curve is equal to

one. Another important property is the standard deviation. Here, information about the amount of

variation of the sample is provided. A standard deviation of plus/minus one from the mean indicates,

that 68.27% of all data is in this interval. Plus/minus two and three σ suggests 95.45% and 99.73%.

Figure 6: The histogram uses a Gaussian binwidth approximation and is compared with the organge
curve. This is the PDF derived from the same data set. There is a sight disagreement between those visu-
alizations products. The red curve is the fitted PDF, also calles Kernel density estimate (Nonparametric
statistic, see Section 2.3). Here, the agreement is much better. The used grid point is Vienna at 06/12 at
15 UTC. The parameter is the wind speed.

The histogram is a graphical tool. The range of a sample is separated into equal intervals (bins). The

entries of values in each interval are counted. Plot 6 shows an histogram-PDF-comparison for the

wind speed at the grid point Vienna. A disagreement between the histogram (no direct assumption

about the distribution) and the PDF is visible. The main issue when constructing a histogram is the

binwidth (Wilks, 2011, pp. 33). If the interval is to width the histograms lean to be too smooth and

misses important details. In the other hand, a too narrow bin makes an interpretation difficult. How-

ever, a good approach for the binwidth h is Equation 2.2 which is also used in Figure 6.

h ≈ cIQR

n1/3
. (2.2)

where:

c = Constant in the range 2.0-2.6 (Here, 2.6 for Gaussian bell-shape)

IQR = Interquartile range (IQR see Section 3.1.5)

n = Number of entries
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This approach creates an indirect connection between the histogram and the Gaussian distribution.

Despite all preparations, there is no perfect fit between the histogram and the PDF.

Another way to demonstrate a distribution is the empirical Cumulative Distribution Function (CDF).

This measurement is related to the histogram and is displayed as a two-dimensional plot (see Figure

7). The shown test values are converted into probabilities. Those are summed up as far as the test

values continue. The result is an irregular stair (Figure 7, blue line). The cumulative probability is on

the y-axis. The related data is on the x-axis.

Figure 7: The Empirical CDF is displayed for a test value (blue). The Gaussian CDF is shown as a red
dashed line.

There is also a second way to determine the CDF. In this case, the Gaussian assumptions is needed.

After finding specific distribution parameters a smoother curve are produced (red dashed line in Fig-

ure 7). This one has an advantage over the empirical approach. Whenever two samples are about to

get verified against each other and they do not have the same amount of entries, the empirical CDF

produces a different number of steps. The comparison would not be clean. Since the observation and

forecast ensemble did not have the same sample size (VERA 50 and CLE 16 members) the empirical

approach is not used for the verification (see Section 3), but for nonparametric tests (see Section 2.1).

Here, the uncertainty about the Gaussian assumption for both ensemble data is discussed.

2.1 Nonparametric tests

Nonparametric tests are used to get information about the distribution of a data set (Wilks, 2011, pp.

133). For this tests the programming language MATLAB® is applied. In this case, the sample in use

has to be compared with a hypothetical distribution, also called null hypothesis H0. If H0, for this

thesis a Gaussian distribution, is rejected, the data is not Gaussian. In that case the verification has to

be done in a way that the distribution is not important.

Before doing those test, some parameters have to be specified. One of those is the significance level

α. It gives the probability of the test for rejecting the null hypothesis correctly, in this case α is 0.05 or

5%. That means, if the test is done 100 times and the distribution is Gaussian, for five results the null
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hypothesis is rejected anyway.

The p-value is an indicator for the probability that the given test result occur. If this value is too small

the null hypothesis gets rejected. Note, that this is not the probability that H0 is true, it is more like

the confidence with which the null hypothesis is rejected or not.

In the process of getting the results from the tests in use (see Sections 2.1.2,2.1.3,2.1.4,2.1.5 and 2.1.6),

the data is compared with a critical value. Here, the hypothesis that the data is normal distributed

gets rejected if the test statistic is greater than the critical value obtained from a predefined table or

via Monte Carlo estimate (Wilks, 2011, pp. 424). The Monte Carlo estimation is a numerical method

to achieve results by repeated random sampling. Numerous repetitions are made until the standard

error is as small as a given threshold. For Section 2.1.2,2.1.3 and 2.1.4 a predefined table is used where

this algorithm has already been executed. A recalculation with a different threshold is possible.

2.1.1 Quantile-Quantile Plot (Q-Q Plot)

This visual product is based on the comparison between quantiles from a data sets and the null hy-

pothesis (Wilks, 2011, pp. 115). Quantiles are the representation from a data sample, after it is divided

into contiguous intervals with equal probabilities.This is a nonparametric measurement, because no

knowledge about the distribution is necessary.

Figure 8: An example Q-Q plot. The red line shows the perfect agreement to the normal distribution.

Figure 8 shows an example for a parametric test. A data sample is verified against the null hypothesis,

a Gaussian distribution. The perfect agreement would be at the red line. This method is comparable

with the histogram, except that Q-Q plots not even an indirect connection to the normal distribution

is made. However, there is still a problem, because no quantitative results about the data distribution

is available. Therefore, some other tests are useful.

2.1.2 Kolmogorov-Smirnov-Test (KS-Test)

K S = max |Fn(x)−F (x)|. (2.3)
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where:

Fn(x) = Empirical CDF

F (x) = Theoretical CDF

The one-sample Kolmogorov-Smirnov test (see Equation 2.3) identifies if the empirical CDF of the

data is equal to the theoretical one (Wilks, 2011, pp. 151). The maximum difference between both is

taken into count for the evaluation. K S gets compared with the critical value. If the result for K S is

bigger than a given value, the null hypothesis gets rejected.

Strength:

– Stable, for continuous and discrete variables.

– Comparison not only for normal distribution, as long as continuous.

Weakness:

– Less selective if discrete (hypothesis less rejected).

– Not that powerful, Lilliefors-Test (see Section 2.1.4, adapted KS-test) and Anderson-Darling (see

Section 2.1.6) better.

2.1.3 Chi-Square-Test (CS-Test)

χ2 =
N∑

i=1

(Oi −Ei )2

Ei
. (2.4)

where:

i = Category

Oi = Observed in category

Ei = Expected in category

The chi-square test uses parameters estimated from the data to determine if a sample comes from

a Gaussian probability distribution (Wilks, 2011, pp. 149). The test creates categories, where the

observed and expected groups are compared (see Equation 2.4). If the matches are sufficiently large,

the test statistic is valid. The null hypothesis gets rejected as soon as the test statistic is higher than a

critical value. Therefore, the degree of freedom is important. It gets calculated by subtract the number

of estimated parameters (µ, σ plus one by definition, so three) from the number of categories. The

so found value and the test statistic result are needed in order to find the probability that the null

hypothesis gets rejected.

Strength:

– Categorical scale.

Weakness:

– Must be independent.

– Bad if the sample size is less than 50.

2.1.4 Lilliefors-Test (L-Test)

L = max |Fn(x)−F (x)|. (2.5)
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where:

Fn(x) = Empirical CDF

F (x) = Theoretical CDF

The Lilliefors test is an advancement to the one-sample Kolmogorov-Smirnov test (see Equation 2.5),

as it got established especially for normal distributions (Wilks, 2011, pp. 151). To get a more accurate

solution the critical value for this test has been computed by the Monte Carlo method. To find out

how good the Monte Carlo estimate is, the standard error gets calculated (see Equation 2.6). The

Lilliefors-Test in MATLAB® uses interpolated tables of the critical values pre-computed by the Monte

Carlo simulation for a sample sizes less than 1000 and a significance levels between 0.001 and 0.50. A

new computation can be made by changing the Monte Carlo Standard Error.

SE =
√

p − (p −1)

mcr eps
. (2.6)

where:

p = Estimated p-value

mcr eps = Monte Carlo replications performed

Strength:

– Stable for continuous and discrete variables.

– Comparison not only for normal distribution as long as continuous.

– Good for a small sample.

Weakness:

– Jarque-Bera-Test (see Section 2.1.5) and Anderson-Darling (see Section 2.1.6) better.

2.1.5 Jarque-Bera-Test (JB-Test)

JB = n

6

(
s2 + (k −3)2

4

)
. (2.7)

where:

n = Sample size

s = Skewness

k = Kurtosis

The Jarque-Bera test uses the skewness and kurtosis to specify a normal distribution (see Equation

2.7). The test is applied to operate with parameters estimated from the data (Carlos M. Jarque and

Anil K. Bera, 1987). For large sample sizes, the test switches to the chi-square distribution with two

degrees of freedom. The Monte Carlo estimate computes the critical value (see Equation 2.6). Again

some values are predefined.

Strength:

– Stable.

– Powerful.
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– Good for small sample.

Weakness:

– Careful when using the JB test in the transition area between the Chi-Square test.

2.1.6 Anderson-Darling Test (AD-Test)

A2
n =−n −

n∑
i=0

2i −1

n
[ln(F (Xi ))+ ln(1−F (Xn+1−1))]. (2.8)

where:

n = Sample size

{X1 < . . . < Xn} = Ordered sample data points

The Anderson-Darling test (see Equation 2.8) uses the gap between a hypothetical and an empirical

CDF. It belongs to the family of quadratic empirical distribution function statistics (Stephens, 2006).

However, the data has to be ordered. For making this test more sensitive to outliers and better at

detecting irregularities from normality, the tails of the observation distribution are weighted.

To find out if the Gaussian assumption is valid the p-value for the hypothesis test with the specified

significance level are compared with an already calculated table. This is the only test where no critical

value is used. The table can be reproduced by using the standard error, which is estimated with

Equation 2.6.

Strength:

– Valid for sample size at least n=8.

– Good for outliers.

– Powerful.

Weakness:

– Non know.

2.2 Results

The Q-Q plot is not used for testing the null hypothesis because a quantitative result is needed. Be-

fore applying the other nonparametric tests on both observation and the forecast ensemble, the tests

themselves have to be checked for consistence. This has to be done since all tests are performed by a

predefined MATLAB® function. Therefore, two normal distributed samples with the same number of

entries as the two ensemble set ups (16 and 50 members) have to be created. The tests are performed

7900 times. This is the amount of points, which is included in the verification area (see Figure 4). The

first sample has mean µ= 0 and standard deviation σ= 1. The second one has µ= 10 and σ= 2.

Different values for the significance level (α= 0.05, α= 0.10 or α= 0.20) are tested. Furthermore, the

necessity to recalculate the predefine tables for the L-, JB- and AD-tests are under investigation by

using Equation 2.6 with the standard error (SE = 0.1 or SE = 0.01) .

All five tests show the same properties when changing the significance level. In combination with the

literature (Wilks, 2011, pp.133) α = 0.05 will be used in this thesis. Now, the behavior from each test

with respect to the different distributions are discussed. Only the predefined tables and no specific
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Monte Carlo estimation is applied.

For the first data set (µ = 0 and σ = 1) with 50 entries, only the CS-test rejects the null hypothesis by

1% too often. For 16 entries, in the other hand, the CS-test completely ignores the significance level.

All the other tests perform the same and as they should. For the second data set (µ = 10 and σ = 2)

and 50 entries the KS-test fails. The result would suggest, that no normal distribution is valid, which is

wrong. The same result is shown for 16 entries. Again, the CS-test underestimates the null hypothesis

for 50 entries and fails for 16. The L-, JB- and AD-tests perform perfect no matter what distribution or

how big the data size is.

As a conclusion, only the Lilliefors-, Jarque-Bera- and Anderson-Darling tests are reasonable. Here,

the Monte Carlo estimation has to be reviewed. The results with the existing tables, which were used

so far, and calculations with SE = 0.1 and SE = 0.01 are compared. It is not important which one

of both distribution is in use. Since for those three tests the results for both distributions are the

same. A small difference occurs when verifying the estimate for a sample with 16 members. Here, the

SE = 0.1 set up for the L-test rejects the null hypothesis 1% more often in comparison with SE = 0.01

and the given tables. For 50 members no differences are seen. This leads to the conclusion that no

Monte Carlo estimation is necessary. The Monte Carlo computation is very time consuming and no

additional information is acquired. For SE = 0.1 and the L-test for 16 entries the result is even worse

than with the predefined table.

Before doing the nonparametric tests for the parameters used in this thesis, a summary about the

experimental setting is provided. The nonparametric tests are here to show if the data distributed

in a normal way. Therefore, the Lilliefors-, Jarque-Bera- and Anderson-Darling tests are useful. The

significance level α is 0.05. No discrimination between the rejection reasons are made. This could be

caused by the exceeding of the critical value or a too low p-value. The percentage shown in table 2,

3 and 4 are the agreement rate that the assumption of a normal distribution is valid. Here the wind

speed for 06/21 00 UTC is demonstrated.

Table 2: Non parametric test results for the wind speed at 06/21 00 UTC. For the whole verification area.

Ensemble [V ] L-Test [%] JB-Test [%] AD-test [%]

VERA “equ-qc” 89 90 86
VERA “std” 88 91 86
CLE (+012) 92 94 91

All three ensemble have a quite good agreement with the Gaussian distribution, but still around 4−
9% of the data points are not normal distributed. The next results in table 3 are for the potential

temperature.

Table 3: Non parametric test results for the potential temperature at 06/21 00 UTC. For the whole veri-
fication area.

Ensemble [Θ] L-Test [%] JB-Test [%] AD-test [%]

VERA “equ-qc” 92 91 92
VERA “std” 81 92 83
CLE (+012) 92 94 91

Here, nearly the same pattern is observed, around 3− 14% of the data points are not Gaussian dis-

tributed. The precipitation and the pressure evolving a bit different and the normal distribution is

not valid in a bigger amount of cases. These tests are also performed at different times. An example is
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provided for the potential temperature at 06/22 12 UTC. The deviation in this case is around 3−20%

(see Table 4).

Table 4: Non parametric test results for the potential temperature at 06/22 12 UTC. For the whole veri-
fication area.

Ensemble [Θ] L-Test [%] JB-Test [%] AD-test [%]

VERA “equ-qc” 90 92 87
VERA “std” 74 90 75
CLE (+048) 98 100 99

The overestimation for the forecast ensemble is suspicious and suggests an error in the calculation.

The VERA“-std” set up has the biggest difference. This could be caused by the narrow spread.

All this information together leads to the conclusion, that the data is not normal distributed at least

for some time steps and some grid points. Altogether, nonparametric verification methods should at

least be used as comparison, because otherwise the error caused by the wrong assumption can be

become to big. A partial solution for this problem is provided in Section 2.3.

2.3 Kernel density estimate

Since the applied data is not normally distributed all the time, a nonparametric method has to be

found. As previously mentioned the histogram is a nonparametric statistic. Here, the bins represent-

ing the data distribution in equal, intervals (bins). The data values are rounded to the center of the

corresponding bin (see Figure 9, left picture, black rug plot on the x-axis). All bins are represented in

a rectangular shape. Now, a different approach is used. The restriction of the centering is dropped

and all entries are discussed by themselves. Additionally, every data point gets his own smoother

shape, the kernel (see Figure 9, right picture, dashed lines). The whole process is called kernel density

smoothing or Kernel Density Estimation (KDE) (Wilks, 2011, pp.34).

Figure 9: The left part shows a histogram (blue bins) with the data points explicitly shown
on the x-axis (black dashes). On the right picture again the data points are on the x-
axis. Here, the Gaussian kernels (red dashed lines) and the kernels density estimate for
the data (blue line) is shown. https: // upload. wikimedia. org/ wikipedia/ en/ 4/ 41/

Comparison _of _1D _histogram _and _KDE. png [02/14/2017]

https://upload.wikimedia.org/wikipedia/en/4/41/Comparison_of_1D_histogram_and_KDE.png
https://upload.wikimedia.org/wikipedia/en/4/41/Comparison_of_1D_histogram_and_KDE.png
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Those kernels are added to a curve, which has the same properties like a PDF (see Equation 2.9 and

Figure 9, right picture, blue line). The shape of the kernels is provided by Equation 2.10 and is in

this thesis Gaussian. Many other shapes are available as well, like the Triangular, Quartic (biweight)

or Cosine. But the choice of the kernel type is normally less important than the declaration of the

bandwidth h.

f̂ (x0) = 1

nh

n∑
i=1

K
( x0 −xi

h

)
. (2.9)

where:

xi = Data

x0 = Kernel estimated at a given value

h = Bandwidth (smoothing) parameter

K = Kernel (see Equation 2.10)

n = Number of kernels

K (t ) = 1p
2π

exp

(
− t 2

2

)
. (2.10)

where:

t =−∞< t <∞

The smoothing parameter or bandwidth is chosen specifically for the Gaussian kernel (see Equation

2.11).

h = mi n{0.9σ, 2
3 IQR}

n
1
5

. (2.11)

where:

σ = Standard deviation

IQR = Interquartile Range (IQR)

n = Sample size

This approach can also be applied for the CDF. The so found PDF’s and CDF’s can be used in the

verification without making any assumption about the distribution, but having the same properties

like normal PDF’s and CDF’s. A way to avoid the kernel density estimate is to use applications where

no distribution has to be assumed (e.g. histogram, Q-Q plot or a box plot [see Section 3.1.5]).
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3. Verification

A weather forecast has to be checked against a observation or a good estimate of the true outcome

(Wilks, 2011, pp. 301). This process is called verification or sometimes validation, or evaluation. The

verification of weather models have already made since 1884. The aim is to control, improve and

compare the forecast quality. But what makes a forecast good? Therefore, a list of attributes has been

defined. The list is not exceptional, so differences depending on the source are existing.

1. The Accuracy is meant to specify the level of agreement between the forecast and the truth. The

aim is to get a single number to quantify the quality of the forecast. The difference between

the prediction and the truth, or observation, is the error. As lower an error is as greater is the

accuracy.

2. The Bias (or unconditional bias) provides information about the connection between the mean

forecast and mean observation. If the temperature is consistently too warm in comparison with

the observation, the model has a positive bias.

3. The Reliability (or conditional bias) is the average agreement between the forecast and the ob-

served distribution. If all predictions are compared together, then the overall reliability is the

same as the bias. For specific values or categories, the reliability is equal to the conditional bias.

4. The Resolution refers to the availability of the forecast to resolve a set of events into subsets. If

the outputs for a 10 ◦C and a 20 ◦C prediction are well different from each other the resolution

is good. On the other hand, if these forecasts nearly have the same results the resolution is bad.

Even if the forecast is not accurate, it is possible to have a good resolution.

5. The Discrimination shows the ability of the forecast to discriminate between observations.

Whenever an observation (e.g. snow) occurs the model has to have a higher prediction fre-

quency for that specific event (snow) than for a comparable one (sleet).

6. The Sharpness is an attribute just for the forecast alone. It describes the possibility of a model to

predict extreme events. A forecast within the climatological range has a low sharpness. Extreme

value prediction in the other hand provides a high sharpness. This attribute can be seen as

good even though the forecast is wrong (like the resolution). Everyone can produce a sharp

prediction; however, the difficulty is not to over-forecast such an event. In other words, not to

make these extreme assumptions too often.

7. The forecast Skill refers to the relative accuracy of a forecast against some reference condi-

tion. Those references could be a random sample, persistence forecast or the climatology. The

skill shows how much the forecast is improved in comparison with a reference. This has to be

checked because “simple weather” is easier to forecast.

8. The Uncertainty gives information about variability of the observation. This is important since

a big uncertainty makes a verification much trickier.

This last point is a major part of the thesis. Measurement errors are usually small in the process of

recording, for example, the temperature or the pressure. Nevertheless, when using radar- or satellite-

based measurements the topic should not be neglected. The representation error occurs when a

scale mismatch is valid. This happens, for instance, when the rain is measured in a much smaller

area (Rain Gauge) than the rain is predicted (Wilks, 2011, pp. 382). However, the VERA ensembles

provide uncertainty estimates for numerous parameters.
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Bowler (2006) tried to determine the effect of the observation uncertainty for a 2×2 contingency ta-

ble. Therefore, he constructed an expected 2×2 table for an hypothetical error-free observation. The

measured and the hypothetical tables are compared with each other. The errors in the observation

make the calculated score less bad.

Ciach and Krajewski (1999) used radar-derived area-averaged data and divided the Mean Squared Er-

ror (MSE) in an MSE for the instrument error and one for the representativeness. The conclusion was,

that the representativeness error was the dominant part of both MSE’s and was more important at a

shorter timescale, but it remained critical even for a longer accumulation time.

The observation uncertainty gained more interested when ensemble forecasts came into operation

in the weather prediction. Whenever the observation error extent covers a big part of the ensemble

spread an underdispersion is wrongly diagnosed. As remedy the observation error is simulated by

random numbers and added to each ensemble member. The supplement has the characteristic of an

error (Wilks, 2011, pp. 383).

Candille and Talagrand (2008) suggested to use probabilities or probability distributions for observa-

tions. The verification should still be done with methods like the Brier score, reliability diagram or

the continuous ranked probability score (CRPS). This approach is the basis for this thesis (see Section

3.1). Note that, the appropriate observation probabilities still have to found, which is a difficult task

and a comparison between different observation is necessary (see Section 4.2).

3.1 Verification methods

Since there are different forecast types the verification itself has to be adjusted. The methods are

different if the forecast is probabilistic or deterministic. Now, another condition is taken into count,

the observation uncertainty. In this thesis a probabilistic (ensemble) approach is used to represent

the observational uncertainty.

Further the treatment between a space and/or time verification is an issue. Spatial methods com-

pare the foretasted field with the observed one at a certain time. Whenever the comparison is done

the next time step is under investigation. This is the main part oft the MesoVICT project (Gilleland

et al., 2009). In Gilleland et al. (2009), no observation ensemble is used. The second approach is the

time verification. A grid point or some station observations are verified over a time span. This is not

the prime agenda for the project, but here observation ensembles are easier to include. In this thesis

gridded data, to be more accurate, specific grid points are analyzed over a period of time. A spatial

approach is needed as well. However, this topic is not part of the thesis. The third one, the space-time

verification did not discriminate between space and time. This is quite often used in the climatology,

for example, a monthly averaged global temperature anomaly. No research is done in that field by

MesoVICT.

As already discussed in Section 2.1, verification methods are able to assume a distribution for the in-

vestigated data. If the assumption about the distribution is wrong, the used method would not be

proper. In a fair amount of cases the normal distribution is accurate and no further specifications

are needed. If this is not the case, nonparametric statistics must be applied (e.g. Kernel density esti-

mates).

The easiest way to verify whether the forecast is true or not, is to look at the plotted data and compare

the prediction with the actual condition. This is the subjective “eyeball” verification and can not be

be done in an effective way. The solution is to use objective numeric values. The way of getting those

numbers depends on the existing forecast and observation.
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For a non-probabilistic prediction and observation the verification can be done continuously or cat-

egorical (discrete). A categorical measurement is the contingency table. There are different ap-

proaches, the first on is to identify an event and check if it occurs or not. An example of an event

is precipitation above a threshold. The result is an entry in the linked 2×2 table (Wilks, 2011, pp. 306).

It is also possible to expand the table to a x × x matrix for multiple categories. Continuous methods

for example are the (mean) absolute error (see Section 3.1.1) and the box plot (see Section 3.1.5). The

box plot is a bit of an exception, because it can also be used to show the distribution of an ensemble

and is applied in their evaluation.

For the probabilistic forecast verification with discrete predictions against one observation the Brier

Score (see Section 3.1.2) or the relaiabilty diagram (see Section 3.1.3) are important. It is also possible

to adjust at least the reliability diagram for an observation ensemble (Newman et al., 2015). A quite

often ignored approach in the probability verification is the comparison between continuous fore-

cast and observation outputs (ensembles). Therefore, the distribution is represented as a PDF, CDF

or histogram. The result is a evaluation or so also called distance measurement (see Section 3.1.6,

3.1.7, 3.1.8, 3.1.9), which is the main topic in this thesis.

3.1.1 (Mean) Absolute error (AE)

M AE = 1

n

n∑
k=1

|pk −ok |. (3.1)

where:

n = Number of forecast and observation pairs

k = Specific pair number k

pk = Forecast

ok = Observation

The MAE is a measurement for the accuracy and common for non-probabilistic continuous variables

(Wilks, 2011, pp. 325). It is linear and shows the mean magnitude of the error, but it gives no infor-

mation about the direction of the deviations. Equation 3.1 can be used as a spatial or time mean, but

whenever this is not the case the deviation through n and the sum
∑n

k=1 is neglected. The result is

Equation 3.2.

AE = |p −o|. (3.2)

This is the Equation which is used in the following verification. The perfect result is 0, whenever the

discrepancy between the forecast and the observation grows the value of the AE grows as well.

3.1.2 Brier score (BS)

BS = 1

n

n∑
k=1

(pk −ok )2, (3.3)

where:

n = Number of forecast and observation pairs

k = Specific pair number k

pk = Forecast probability

ok = Observation probability
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For this measurement, probabilities in comparison with the mean squared error are applied (Wilks,

2011, pp. 331). This kind of mean square error uses a probabilistic forecast and a dichotomous ob-

servation as input. Therefore, the observation either not occur, zero in the calculation, or occur, one

in this case. The perfect BS is 0 and the worst BS = 1, for a forecast that is always incorrect. Murphy

(Murphy, 1973) showed that Equation 3.3 can be adjusted to 3.4.

BS = 1

n

I∑
i=1

Ni (pi − ōi )2 − 1

n

I∑
i=1

Ni (ōi − ō)2 + ō(1− ō). (3.4)

where:

n = Number of forecast and observation pairs

Ni = Number of forecasts with the same probability category

i = Specific pair number i

pi = Forecast probability

ōi = Observation probability

ō = Climatology probability
1
n

∑I
i=1 Ni (pi − ōi )2 = Reliability

1
n

∑I
i=1 Ni (ōi − ō)2 = Resolution

ō(1− ō) = Uncertainty

This variation of the BS creates information about the reliability, resolution and uncertainty. One

limitation is, that it is not useful to verify a single probabilistic forecast. Therefore, it is better to

apply a set of probabilistic forecasts. The Brier score is sensitive to the climatology of the event. A

disadvantage is that the BS is about to get too good without having any real skill. This can happens if

an event is very rare.

3.1.3 Reliability diagram

The reliability diagram (see Figure 10) plots the forecast probability against the observed frequency

from one event (Wilks, 2011, pp. 334). The forecast probability is divided into bins (for example, K is

0−5%, 5−15%, 15−25% and so on).

The perfect reliability is achieved when the observation and the forecast produces a 45°-line. The

deviation from the diagonal shows the conditional bias. If the curve lies below the perfect-reliability-

line an over-forecasting (probabilities too high) is suggested. Vice versa if the points are above the

line under-forecasting (probabilities too low) is valid. As closer the curve is to the climatology as less

resolution it has. If the forecast represents the climatology (horizontal dashed line in Figure 10) it

does not have any resolution. Sometimes an additional histogram is added. Here, each bin value is

an indicator for the sharpness of the forecast.

The reliability diagram is restricted to the forecast. A good addition is the ROC (see Section 3.1.7),

which is connected with the observations. Again, a single probabilistic forecast verification is not

useful.

For the comparison of two ensembles against each other the observed frequency on the y-axis can be

adjusted to the observed probability.



Verification methods 25

Figure 10: Reliability diagram example including a histogram with the sample size in each bin. The
perfect result is marked with an arrow. The example line is blue. http: // www. cawcr. gov. au/

projects/ verification/ verif _web _page. html [02/20/2017]

3.1.4 Continuous ranked probability score (CRPS)

C RPS =
∫ ∞

−∞
[P (x)−O(x)]2d x. (3.5)

where:

P (x) = CDF for the forecast

O(x) = Dichotomous observation; occurrence = 1, not occurrence = 0

The CRPS corresponds with the (mean) absolute error, but not for a single valued forecast. It uses

a continuous probabilistic forecast as input (Candille et al., 2007; Wilks, 2011, pp. 351), but still is a

measurement for the accuracy. The forecast is presented as a cumulative distribution function (CDF).

The observation is dichotomous and no distribution, it jumps from 0 to 1 at the point the observation

appears (see Figure 14 the red line). The CRPS measures the sum of squared differences between the

forecast CDF and the single value observation (see Equation 3.5). The perfect score is 0 and grows as

further apart the two lines go. Since it is a quadratic measurement, bigger differences getting more

severe represented in the score.

3.1.5 Box plot

The box plot or box and whisker plot is a graphical tool like the histogram. It is part of the nonpara-

metric statistic and provides information about the used ensemble input (Wilks, 2011, pp. 29). The

median is located in the center of the data, above and below there are 50% of the sample. One ex-

ample should make it clear. The sample is {4,5,1,3,2}. This has to be ordered {1,2,3,4,5} and, as a

result, the median is 3. If the distribution is symmetric the median and the mean are equal, like in the

example.

In Figure 11 also shown are the 3r d (q3) and 1st (q1) quartiles, also called as 75th and 25th percentiles.

http://www.cawcr.gov.au/projects/verification/verif_web_page.html
http://www.cawcr.gov.au/projects/verification/verif_web_page.html
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Those two frame the interquartile range (IQR) where 50% of the data is located. The median is some-

times named the second quartile or the 50th percentile. A quartile (percentile) cuts the data in con-

tiguous intervals with equal probabilities (2.1.1). The third quartile, for example, separates the highest

25% of data from the lowest 75%.

The upper whiskers or maximum value shows how much of the sample is greater than q3+1.5× (q3−
q1). The lower whisker or minimum value is calculated with q1 −1.5× (q3 −q1). This corresponds to

approximately ±2.7σ and 99.3 percent coverage if the distribution is Gaussian.

The points outside of the upper and lower whiskers are outliers. Sometimes they are divided in mild

(between 1.5× IQR and 3× IQR) and extreme outliers (above 3× IQR ). In this thesis no separation

is used.

Additional information is gained with the use of notches. Within this thesis, the 95% confidence in-

terval of the median is pictured.

Figure 11: Explanation for a box plot with notches. Additionally the outliers can be separated
into mild and extreme one. https: // sites. google. com/ site/ davidsstatistics/ home/

notched-box-plots [02/20/2017]

An “eyeball” verification shows similarity between location, spread, and skewness of forecast and

observed data. It can be used as an ensemble comparison.

3.1.6 Integrated quadratic distance (IQD)

dI DQ =
∫ ∞

−∞
[P (x)−O(x)]2d x. (3.6)

where:

d = Distance measurement

P (x) = CDF for the forecast

O(x) = CDF for the observation

The IQD expands the CRPS (see Section 3.1.4) and is still an accuracy measure (Thorarinsdottir et al.,

2013). For the normal CRPS a CDF is compared with a dichotomous observation. In this context, the

observation is also probabilistic and represented as a CDF (see Equation 3.6). It measures the sum of

squared differences, which means bigger errors are more relevant to the score than smaller ones. The

https://sites.google.com/site/davidsstatistics/home/notched-box-plots
https://sites.google.com/site/davidsstatistics/home/notched-box-plots
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empirical cumulative distribution function is not used for the verification. The perfect result is zero

and as bigger it gets, as worse it is.

3.1.7 Perfect receiver operating characteristic comparison (PROCC)

The Receiver Operating Characteristic or also called Relative Operating Characteristic (ROC) diagram

is a diagnoses tool corresponding to the reliability diagram from Section 3.1.3 (Wilks, 2011, pp. 342).

The ROC- in comparison to the reliability diagram is connected with the observations.

Here, for the PROCC a different approach is used. To avoid a possible disorder, no more references

with the prior discussed ROC diagram are made. For this score, two PDF’s are compared with each

other in order to determine the accuracy (Metz, 1978). Therefore, the area under the two PDF’s is

spitted into four parts by a threshold, called “cutoff” (see Figure 12, plot above, black line). In Figure 12

in the upper plot two of those parts are marked. One is red striped. This is the “observation positive”

area, because the red curve is an example for a PDF produced by an observation ensemble. The

addition “positive” is used, due to the fact that it is on the positive side from the “cutoff” point of view.

The same logic is applied for the blue striped area and the nomenclature of the “forecast positive”

area. This PDF is from the connected forecast. The two still not named areas are on the other side of

the “cutoff” value and not important in this thesis.

Now we have two suitable areas for one “cutoff” value. To avoid the arbitrary selection of thresholds,

numerous “cutoffs” are moved over the range of the two PDF’s. This results in numerous solutions for

the “observation positive” and “forecast positive” areas.

Figure 12: Perfect receiver operating characteristic comparison explanation. In the upper plot two PDF’s
are shown. The red one is an example for an observation ensemble and the blue one for a forecast. The
black line is the “cutoff” and symbolizes a threshold. The red striped area is the “observation positive”
and the blue one represents the “forecast positive”. The plot below pictures the ROC curve (green). It is
calculated out of the “observation positive” (y-axis) and the “forecast positive” (x-axis). The area under
the (ROC) curve (AUC) is optimized when the red dashed line is the same as the ROC curve.

Those solutions are shown in the lower plot of Figure 12. The “forecast positive” is pictured at the

x-axis and the “forecast positive” at the y-axis (Fawcett, 2006). Together they are adding up to the ROC

curve (see the green line). The essential parameter for the verification is the Area under the (ROC)
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cure (AUC). In this example AUC ≈ 0.86.

The perfect result is achieved when AUC = 0.50 (see red dashed line). The procedure of getting the

ROC curve and the AUC allows to get this result twice. To by-pass this problem the absolute difference

between the actual AUC and the perfect AUCPer f . = 0.50 is calculated (see Equation 3.7). It is named

Area between perfect (ABP).

dABP = |AUC − AUCPer f .|. (3.7)

where:

AUC = Area under the curve

AUCPer f . = Perfect result for the area under the curve (AUCPer f . = 0.50)

The so found measurement is bounded between 0 (best) and 0.5 (worst). The AUC discriminates

well between good and bad PDF locations, but not for good against very good and bad against worse

(Marzban, 2004). The ROC curve is a fundamental tool for medical decision making and has been

used more often in machine learning and data mining research. The here used approach of calculat-

ing the absolute difference between a hypothetical value and the actual AUC is completely new and

experimental. Additional information about the under- or over forecasting properties could be gath-

ered by calculating the ABP as a “normal” difference. Then the sign is an indicator, if the forecast is

two high or low. This adjustment is even more experimental and is not discussed here.

3.1.8 Kullback-Leibler Divergence (KLD)

D(O||P) = dK LD =
n∑

i=1
O(i ) log

(
O(i )

P(i )

)
. (3.8)

where:

n = number of entries in the probability vector

i = specific vector entire

P = Forecast probability vector

O = Observation probability vector

The Kullback-Leibler divergence is a non-symmetric distance measure for the accuracy and uses the

difference between two probability vectors (Thorarinsdottir et al., 2013). A probability vector adds up

to one and has no negative entries. It gives the probability that a specific value occurs. The log is

applied as natural logarithm. Equation 3.8 can be transformed into a symmetric form (see Equation

3.10).

D(O||P) 6= D(P||O), (3.9)

D2(O||P) = D2(P||O) = D(O||P)+D(P||O). (3.10)

For the verification Equation 3.8 is used. The best result is zero and again a bigger value indicates

less agreement between the forecast and the observation. The KLD can also be seen as source for the

expected discrimination information (Kullback, 1978). This is not discussed in this thesis.
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3.1.9 Distance between histograms

Histograms with the concept from Section 2 are produced. However, one exception is made. The

binwidth is not calculated with Equation 2.11, the point of interest is the bin amount. Therefore, the

binwidth is different in every histogram, but the bin amount, with ten, is constant. This is necessary

since that approach calculates the distance between corresponding bins. The bin amount has to be

equal. The entries inside each bin are divided by the number of all entries together, the result is a

probability (vector) for each bin (Cha, 2007). One example is shown in Equation 3.11.

P3 = H3

n
. (3.11)

where:

P3 = Probability vector for the forecast bin three

H3 = Entries in bin three

n = Sum of all entries

Those values are used to calculated different distance measurements between the bins. In this thesis

Equation 3.12,3.13 and 3.14 are applied for getting information about the accuracy. In Cha (2007) 45

different measurements are shown (intersection etc.). The difference of the probability vectors here

and for those who are used for the KLD is that here the vectors have much less entries, namely ten.

dEuc =
√√√√ d∑

i=1
|Pi −Oi|2. (3.12)

Equation 3.12 is known as Euclidean distance. It is one of the most common distance measurements

and describes that the shortest distance between two points is a line. It was derived by Euclid, a

Greek mathematician who lived around 300 before the Christian era. The square penalizes bigger

differences more. The perfect agreement is shown by a result equal to zero. If the score increases a

growing differential between the forecast and the observation is suggested. The similarity in the IQD

(3.1.6) calculation allows to compare the analogy in the result of both.

dSg =
∑d

i=1 |Pi −Oi|∑d
i=1 max (Pi,Oi)

. (3.13)

The Soergel or Bray-Curtis distance (see Equation 3.13) is often used in the ecology. This score is

bounded between zero and one, where zero is the best and one the worst result.

dLor =
d∑

i=1
ln (1+|Pi −Oi|) . (3.14)

where:

n = number of bins (probability vector entries)

i = specific bin

P = Forecast bin (probability vector)

O = Observation bin probability vector
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Equation 3.14 is called Lorentzian. Again log is applied as natural logarithm. Here, one is added to

guarantee the non-negativity, which is needed due to the logarithm property. Zero is the perfect score

and again grows when the distance is getting bigger. This score deviates quite good.

3.2 MesoVICT verification

The verification is separated into two parts. The first one is an example verification for the wind speed

in Vienna at a certain time (see Section 3.2.1). The next one shows how the values evolve in time and

at different grid points (see Section 3.2.2). Additionally, different parameters are used in this part.

The forecast ensemble is verified, with one exception, against the observational one. This exception

is made due to the CRPS, where the ensemble is compared with the VERA reference.

3.2.1 Ensemble-Verification for the wind speed in Vienna

Vienna is in the Eastern Alps and marked with a red dot in Figure 4. The verification time is 06/21

2007 15 UTC. Right around that time a cold front approaches Vienna. The used parameter is the wind

speed.

The first verification method is the Q-Q plot (see Section 2.1.1). Here, no assumption about the dis-

tribution is needed. Figure 13a is produced by the “equ-qc” observation ensemble set up and a 27

hour forecast. The distribution is shown as 25 equal probability intervals (blue crosses). The perfect

agreement is pictured with the gray line. The black one is the linear regression from all 25 probability

marks. An “eyeball” verification suggests a close but no good match between those two distributions.

The same method is applied for the “std” observation ensemble. The result is represented via Figure

13b. This set up shows a much worse agreement between the forecast and the observation. The nar-

row spread is the reason for that (see Figure 5b). It does not mean that it could not be a good estimate

for the “true” observation uncertainty, but at least the forecast is not distributed like that, which leads

to the suggestion of a bad prediction. Since it is an example verification and all methods should be

explained in an understandable fashion.

Due to the fact that, the “std” set up has less agreement all further verifications are shown for the

“equ-qc” one. Later an overview over the “std” results is provided (see Figure 17b).

A related comparison method to the Q-Q plot, is the box plot (see Section 3.1.5). As it is also an “eye-

ball” verification no examples are shown, because quantitative measurements are needed.

One of those objective measurements is the integrated quadratic distance (IQD). In Figure 14a the

IQD for the “equ-qc” observation ensemble is calculated (blue line against the yellow) and compared

with the CRPS (blue line against the red one). The CRPS compares the forecast ensemble with the

VERA reference. It could be considered as a prestage IQD without an observation ensemble. The dif-

ferent results could be an indicator of how an observation ensemble changes the verification result.

In this example the dIQD is nearly half as big as the C RPS. Remember a value close to zero is worth-

while.

Since CDF’s are used for the calculation, an assumption about the distribution is made. To avoid this

matter the kernel density estimate (see Section 2.3) is used to fit the CDF’s. The shown results are

different depending on which score is investigated (see Figure 14b). The CRPS got increased by this

approach. On the other hand, the IQD is smaller than without the kernel density estimate. As a result

the difference between the CRPS and the IQD increases above 50%.
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(a) Q-Q plot for Vienna at 06/21 2007 15 UCT the parameter
is the wind speed. The observation ensemble is “equ-qc”.

(b) Q-Q plot calulated for the same grid point and time, but
with the “std” observation ensemble.

Figure 13: Both plots shows the comparison between an 27 hour ensemble forecast against an observa-
tion ensemble. The blue crosses represents the probability intervals. The gray line indicates the perfect
agreement and the black one the linear regression calculated with the intervals.

(a) IQD and CRPS represented for Vienna and the wind
speed at 06/21 2007 15 UCT.

(b) Here, the kernel density estimate is valid. The CDF’s are
plotted without an assumption about the distribution.

Figure 14: The CRPS is calculated with the red line, which indicates the VERA reference, against the blue
one. This is the forecast ensemble. The IQD uses the blue line and compares it with the corresponding
yellow CDF (“equ-qc” observation). The right plot shows the same approach, but with the kernel density
estimate.

Another quantitative method is the PROCC. Here, PDF’s are a part of the measurement (see Figure

15). In Figure 15a the above plot shows two PDF’s. The blue one is the PDF calculated with param-

eters collected from the 27 hour forecast ensemble. The red curve is from the “equ-qc” observation

ensemble. The Area between perfect (ABP) is shown on the left below plot. It is the area between the

green ROC curve and the red dashed line, which indicates the perfect result.

As it is in this case with the CDF’s also with the PDF’s assumptions about the distributions are made.

In order to avoid that the kernel density is also used for the probability density functions. The result

is depicted in Figure 15b. The comparison between the sores indicates that the kernel density ap-

proach makes the score smaller. It decreases from dABP ≈ 0.23 to dABP ≈ 0.20. The same behavior

was observed at the IDQ.
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(a) The PROCC fo the grid point Vienna. Above two PDF’s are
shown. Below the ROC curve with the area between perfect
is pictured.

(b) The same as on the plots on the left side are shown, ex-
cept the kernel density estimate is used.

Figure 15: This example verification is done for the grid point Vienna. The time is 06/21 15 UTC. The
plot on the left side above shows an “equ-qc” observation (red line) and a forecast (blue line) PDF. The
plot underneath displays the dABP , where the green curve is the ROC curve and the red dashed one is
the perfect result. The area between those two is the ABP. On the right side the same is shown, but for
the kernel density estimate.

The Kullback-Leibler divergence uses PDF’s and splits them in probability vectors. The result is shown

in Figure 16. The area which is important for the KLD is marked yellow. Again the ensemble forecast

and the “equ-qc” observation are used. On the left side of the plot normal PDF’s are used. On the

right side the kernel density estimate is used. This time, in comparison with the IQD and the PROCC,

the KDE increases the score from dK LD ≈ 0.34 to dK LD ≈ 0.47.

(a) The KLD for Vienna at 06/21 15 UTC. (b) The KLD for the same point and time but with the kernel
density approach.

Figure 16: The KLD uses probability vectors to calculate the score (below plots yellow marked). Again
the forecast is blue and the observation with the “equ-qc” set up is red. On the right side the kernel
density estimate is applied.

The histogram scores are not explained here, but they are calculated as well and part of the time eval-

uation.

All together we have six different scores to compare the forecast with the observation ensemble. All
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of them have zero as their perfect score. So far, we just evaluated one time step, but now we are com-

paring the scores for the whole verification period (see Figure 17a). Here the values for the “equ-qc”

set up are pictured. It is easy to see that most of the time all the scores behave in the same way. This

means that they are increasing and decreasing at the same time. The exceptions are more detailed

discussed in Section 3.3.

In Figure 17b the “std” observation is used. All results are significantly higher. The reason for that is

the more narrow observation ensemble spread. This makes the CLE forecast look worse in compari-

son with the “equ-qc” set up.

(a) The ensemble verification done for the grod point Vienna
is pictured. Here the “equ-qc” set up is valid.

(b) Again all scores are represented but for the “std” obser-
vation ensemble. The forecast is the CLE.

Figure 17: All six ensemble verification methods are represented over the whole time period. The “equ-
qc” set up is shown left and the “std” left. The parameter is the wind speed.

The IQD, PROCC (ABP) and KLD in Figure 17 using the Gaussian assumption. The conclusion in

Section 2 proposes to apply the kernel density estimate (KDE). The results are shown in Figure 18. The

left plot in Figure 18a represents the “equ-qc” observation ensemble. The biggest deviation between

the kernel and not kernel values are seen for the KLD. Some deviation occurs also in the two others.

The finding is that, the kernel density estimates effect the results in both directions. They could be

more or less due to that approach. The same summery can be provided for the “std” set up (see Figure

18b). The KDE can in- as well as decrease the verification scores. Note the different axis scaling.

Overall, the evaluation with the “std” observation ensemble provides worse value for the CLE.

3.2.2 Ensemble-Verification for multiple parameters over time at different grid points

The previous example verification was carried out with the wind speed. Now the potential temper-

ature, the pressure (model and standard formula reduction) and the precipitation for the grid point

Vienna are under investigation. To make an overview more easy to capture, only the IQD is shown

(see Figure 19). This is proper since all verification methods discussed in Section 3.2.1 are evolving

simultaneously.

The biggest standout is the precipitation. As long as no rain occurs the verification score is very good,

which is not surprising, but whenever precipitation appears the amount is not detected that well.

The second noticeable parameter is the potential temperature (theta). A first look at the verification

results suggests that, there are bigger disagreements in the ensemble spread. Nevertheless, a closer

look at the distribution declares that the high verification results more frequently came from a bad
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(a) IQD, ABP and KLD time evaluation for Vienna and the
wind speed. Kernel density estimation used.

(b) Kernel and non kernel comaprison for Vienna over the
verification period for the wind speed. “Std” observation ap-
plied.

Figure 18: The verification done without (continuous line) and with (dashed line) the kernel density es-
timate. The left plot shows the “equ-qc” and the right the “std” observation ensemble. Note the different
scales for the plots.

location between the observation and the forecast. In simple terms, the CLE is different from the ob-

servation and produced a bad forecast. The two different CLE pressure outputs are consistent, but

in case of a big pressure gradient (frontal approach) the forecast ensemble is more likely to be wide

(spread ≈ 4−6hPa). The pressure observation, on the other hand, is very good most of the time, which

leads to a small spread ≈ 1hPa and a bad verification outcome. This could also be an error source for

the potential temperature. An explicit analysis for the temperature did not show that behavior all the

time, but sometimes. Anyway, more frequently the bad location is the reason for high results. The

already discussed wind speed has comparable ensemble spread and often a good location and is the

“best” parameter for testing verification methods.

The bad results at the end of the comparison period could be explained with the longer lead time

and the drop of predictability. For these conclusions, the “equ-qc” and “std” observation ensembles

are used. The “std” set up offers poorer results, which was already observed previously with the wind

speed. By comparing those two plots one has to keep in mind, that the y-axis are different scaled. The

kernel approach was made, but is not shown, as no additional information was found.

Since we just discussed one grid point (Vienna) over time, a discussion about the behavior over space

is also interesting. Therefor, the wind speed is the selected parameter and a time around the frontal

passage is used, 06/21 12 UTC to be accurate. As measurement the IDQ is applied.

In Figure 20 the whole verification area is pictured. A bluish color suggests a good score. Whenever

the points are turning into brighter colors it is worse. The biggest differences for the “equ-qc” set up

are observed in the western Alps and Adriatic subsections (not pictured specifically). Here, the Alps

and the Dinaric Alps are eye-catching. In the southern German part the foothills of the German Mid-

dle Mountains are visible. The deviations in the northwester part of Vienna could be caused by the

approaching front. It is more or less the same with the “std” observation (see Figure 20b), despite a

little bit more deviations are seen overall, but the prominent parts are equal. This coincides with the

already found knowledge about that observation ensemble, because it has a more narrow spread and

the scores are in general a bit higher.

This verification shows the already known difficulties in complex terrain, where the subsection Adri-
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(a) Different parameters evolve over time. The pressure CLE
forecast has two outputs. The “standard” uses a well known
formula to reduce the pressure too the sea level. It is used for
model comparisons. The “model” one, is specific and inter-
esting for the forecaster.

(b) Here, the “std” observation ensemble is compared with
the forecast.

Figure 19: Time evaluation for different parameters for the grid point Vienna with the IQD. Potential
temperature is also known as potential temperature. The left plot represents the “equ-qc” and the right
one the “std” observation ensemble set up. Note the different scales for the plots.

atic and West Alps are the biggest anomalies. A different time step is not shown, but was investigated

and the problem areas were similar.

(a) IQD space overview for the wind speed. The observation
is the “equ-qc” ensemble.

(b) The IQD comparison like in (a) but for the “std” observa-
tion.

Figure 20: The area comparison for the IQD for 06/21 12 UTC and the wind speed. Bluish colors sug-
gest a better agreement between the forecast and the observation ensembles. Brighter ones picture less
agreement. The left plot shows the “equ-qc” and the right the “std” observation ensemble.
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3.3 Verification discussion

Just to make it clear ones again, MesoVICT is a community project about verification methods inter-

comparison and not a model inter-comparison. Despite the fact that by now no spatial verification is

available, which is the main topic of MesoVICT, verification methods are investigated and compared.

The aim of the verification part of this thesis is to provide ensemble verification methods. Normally,

a specific observation is used to verify an ensemble forecast. In this case, two ensembles are about to

be compared. That topic is not discussed heavily so far in the meteorology, only because of the minor

availability of observation ensembles. Now, Gorgas and Dorninger (Gorgas and Dorninger, 2012a)

provide two of them, which makes an comparison very interesting. Those two are abbreviated with

“equ-qc” and “std”.

However, the “equ-qc” set up is wider and makes the forecast look better in comparison with the “std”

observation ensemble, which is narrower. All the following results and conclusions are made with re-

spect to both ensembles.

For the verification a distribution approach is applied. The ensemble entrances are used to specify

parameters for the normal probability function (PDF), cumulative distribution function (CDF) and

histograms. With those distance measurements information about the accuracy is collected. In order

to avoid a restriction of the Gaussian distribution the kernel density estimate is applied for the CDF

and PDF methods to by pass the distribution specification. The histograms itself did not use distri-

bution information. Only the binwidth is influenced by the Gaussian assumption, which is fine for

the verification, because a certain bin amount is needed. Additionally, nonparametric plots (Box and

Q-Q plot) can be applied for the ensembles. They are good for a small number examples, but not

feasible in a bigger amount of cases.

The example ensemble verification (see Section 3.2.1) is done for one grid point (Vienna) around the

frontal approach (06/21 2007 15 UTC). The parameter is the wind speed. In addition to that, eight

other grid points and four more parameters are investigated over the whole time period (see Section

3.2.2).

As a conclusion, the precipitation was unusable for that kind of verification. All the other parameters

are feasible. The wind speed is the best one. The forecast and the observation distributions have a

comparable range and a good location. The pressure evaluation is questionable due to the pressure

gradient in the forecast. Here, a bigger spread in comparison with the observation occurs. A observa-

tion ensemble approach for the pressure may not be that useful, since the pressure measurement is

very good. Sometimes a similar problem arises for the temperature. Here, it is not that crucial. A bad

forecast is more often the source of a bad score.

High values for the scores are observed around the frontal approach (around 06/20 15-18 UTC) and at

the end of the case study. Since the CLE is more inertial, due to the three-hourly data, a delay in com-

parison with the hourly VERA is likely. The errors at the end of the case study are due to increasing

uncertainty after some forecast time.

The following methods and Table 5 are represented with input from the wind speed, pressure and the

potential temperature. The table is subjective and only an indicator. Even if nine grid points and 54

hours are investigated in detail, a more precise study could expand the general validity.

The integrated quadratic distance (IQD) is an extension to the continuous ranked probability score

(CRPS). Both are using the CDF to gather information. The CPRS gives the result without an observa-

tion ensemble and the IQD with an observation ensemble. A comparison between those two could

reveal the influence of the observation uncertainty on that score. Here, it would be around 50%. A
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more general method is introduced in Section 4.1. The IQD is more sensitive to the location than to

the shape. The quadric structure penalizes bigger values more. The CDF smooths due to the inte-

gration of existing deviations. This results in less variation in comparison with the Kulllback-Leibler

divergence (KLD) or the perfect receiver operating characteristic comparison (PROCC) when the ker-

nel density estimation is applied.

The PROCC uses the PDF and is very sensitive for well matched PDF’S (location and shape). The

representative score dABP is bounded. This results in a discrimination problem for bad forecasts, be-

cause the worst score is achieved at a specific point and whenever the forecast is getting even worse

no effect on the score can be seen. The kernel density estimate seems to have not that much effect on

the method, but in perspective to the less overall ABP value it is up to 20%.

The KLD is sensitive for location and shape and has a good discrimination. It uses probability vectors

which are comparable with infinitive small PDF parts. The sum of the vectors is equal to one. Due to

the sensitivity the kernel density estimate has a big effect on that method. The deviation is around

30%. The non-symmetric arithmetic of the KLD makes it important how the score is applied.

The kernel density estimate overall helps to minimize the distribution error. It decreases as well as

increases the score, but it is not an universal remedy. It is sensitive to the bandwidth and also the

kernels can have a different shape.

Three more measurements are found with histograms. Here, ten bins are assumed. This is the point

of emphasis. A different amount of bins influences the score in a big fashion. This amount of bins is

chosen to make a verification possible, it does not mean that this is the perfect or only approach. A

future investigations would be useful. Especially with the background that in Cha’s paper (Cha, 2007)

45 different approaches are provided. The good thing about a histogram is, that no assumption about

the distribution is necessary. The IQD and the Euclidean histogram measurement have the same

quadratic structure, where bigger differences are penalized to a higher degree. They evolve most of

the time in the same way, like all the scores do, but deviations occur. This is particularly the case for

narrow distributions. Here, one bin is dominating and the bin amount should be changed.

Again, overall all the scores evolve most of the time in the same way for the wind speed, the potential

temperature and the pressure (both). Also the experimental PROCC approach is similar. Differences

are seen with the histogram due to the bin number. Especially for data with a small ensemble spread

the scores are not that diverse. For the precipitation a useful addition could be the Brier score (BS)

and the (adjusted) reliability diagram. Here, thresholds are applied and the verification of a specific

rain event could be done. However, the best way to verify field measurements are spatial verification

methods. This is the main part of the MesoVICT project, but so far no useful methods are discovered.

Table 5: Method classification for the wind speed, potential temperature and pressure. This values are
subjective and should be used only as lead

Scores/Interp. Perfect Good OK Bad Worst

IQD 0 <0-1 <1-2.5 <2.5-4 <4
ABP 0 <0-0.15 <0.15-0.35 <0.35-0.45 <0.45-0.5
KLD 0 <0-2 <2-4 <4-8 <8
Euclidean 0 <0-0.50 <0.50-0.75 <0.75-1 <1
Soergel 0 <0-0.6 <0.6-0.8 <0.8-0.95 <0.95-1
Lorentzian 0 <0-1 <1-1.5 <1.5-1.8 <1.8

Table 5 suggests that the forecast is less good if the “std” observation is used for the verification. It

is may not be proper to refer the results to an observation product but since not enough knowledge



38 Verification

about observation uncertainty is available, it is done. No matter which VERA ensemble is used, prob-

lems in the complex terrain are observed. This indicates a problem in the forecast ensemble, since

the VERA uses, except for the wind speed and precipitation, specific fingerprints in this regions. Even

for parameters without those fingerprints the analysis is more convincing than the forecast.
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4. Uncertainty estimates

No matter what forecast or observation is used the verification result is one value without any un-

certainty estimates or error bars. Sure, whenever an ensemble approach is valid there is already an

uncertainty in the input data; however, it is not shown in the score itself. Section 4.1 provides infor-

mation (error bars) about that issue.

It is difficult to define a proper observation ensemble. There are numerous questions which have to

be answered. Is it better to have a narrow or a wide ensemble? For which parameter dose it makes

sense? How can they be used in the verification process? With exception of the last question (see

Section 3) non of those could be answered here in an reasonable manner. What can be delivered, is a

strategy to compare different observation ensemble results in Section 4.2.

This comparisons led also to error bars. To see if the score uncertainty or a different use of the obser-

vation ensemble is more prominent a discussion is done in Section 4.3.

4.1 Score specified uncertainty

4.1.1 Absolute error uncertainty

The absolute error (AE) is a verification method were a deterministic forecast is compared to one

observation (see Equation 3.2). Here, the forecast is the CLE deterministic (CLE mean) and the ob-

servation is the VERA reference (see Figure 21 green line). However, for the uncertainty estimate in

the verification results the observation ensemble is used. Therefore, the absolute error evaluation is

adjusted. See Equation 4.1 for an example with the “equ-qc” ensemble. The same is done with the

“std” observations.

AE1,equ−qc = |p −o1,equ−qc |,
AE2,equ−qc = |p −o2,equ−qc |,

...

AE50,equ−qc = |p −o50,equ−qc |.

(4.1)

where:

AExx,equ−qc = Absolute error for one (xx) “equ-qc” ensemble member

p = Deterministic forecast

oxx,equ−qc = Observation xx “equ-qc” ensemble member

The absolute error is calculated multiple times. Each of the 50 ensemble members are used as one

new observation, like o in Equation 3.2. Consequently, we get 50 different absolute errors. The fore-

cast remains the same. This set of new solutions is represented as a box plot with notches (see Section

3.1.5).

In Figure 21 the wind speed is used. The grid point is Vienna and the whole verification period is

shown. The VERA reference calculation is pictured with the green line and the circles are located at a

particular time. The “equ-qc” set up is represented in Figure 21a and “std” one is in Figure 21b.

The AE shows similar properties as the ensemble verification methods (see Section 3.2.1). During the

frontal passage (06/21 15-18 UTC) the score gets worse. The same occurs at the end of the period of
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review. It is noticeable that the error bars for the “equ-qc” output are much wider. This correlates

with the wider spread for this set up. The “std” ensemble, on the other hand, has a narrower spread

and also narrower error bars.

(a) The AE uncertainty shown for the grid point Vienna. The
observation is the “equ-qc” wind speed ensemble.

(b) The AE uncertainty shown for the grid point Vienna. The
observation is the “std” wind speed ensemble.

Figure 21: The uncertainty estimation for the AE is done for the grid point Vienna over the whole ver-
ification period. The parameter is the wind speed. The green line shows the absolute error calculated
with the VERA reference. The uncertainty due to the different observation ensembles is pictured with a
box plot with notches.

It is also visible that those bars are about to get bigger in the frontal passing and for a long forecast

period. Some exception are there, for example, the last time step. Altogether, it is a clear enough

evidence that, especially in the areas of higher and therefore worse verification scores, this values are

more uncertain.

As a conclusion, the absolute error for the “equ-qc” can be doubled as well as reduced by a factor

of two. This is the extent of the IQR in the box plots. The lower and upper whisker as well as out-

liers are not taken into account, because the IQR is more representative. The notches also show the

95% confidence interval of the median. For the “std” ensemble less deviation is evident. The AE can

still be higher and lower by a factor of one third, but definitely not as big as for the “equ-qc” ensem-

ble. An observation ensemble is the absolute necessity in order to get this uncertainty estimates. If

those ensembles are available this approach is valid for all verifications where one observation and

not an ensemble is used (CRPS, reliability diagram). It is also possible to replace the box plots with

confidence intervals.

Here, only the observation ensemble is applied to quantify the uncertainty estimate. But it is also

possible to use the forecast and even both (forecast and observation) ensembles to calculate the same

box plots as in Figure 21. Therefore, Equation 4.1 is adapted. For the forecast measure the difference is

computed with a changing p and a constant o. If both ensembles are used for an uncertainty estimate

p and o are changing. In Figure 22 the box plots, due to different possibilities, are shown. For the

explanation the absolute error is calculated with the “equ-qc” observation. The grid point is Vienna

and the parameter is the wind speed.

It is seen, that the deviations have a much bigger extent where the forecast is included. This is under-

standable, because the forecast ensemble has a wider spread than the observation ones. Neverthe-

less, the observation IQR covers around one third of the FC and FC-OBS IQR’s. Which legitimate an
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Figure 22: The absolute error is calculated as in Equation 4.1(x-axis OBS). The FC and FC-OBS (both x-
axis) uses an adapted method. For the FC box plot the observation remains the same and the forecast is
changed and for the FC-OBS one both inputs are variating.The grid point is Vienna and the parameter
the wind speed. The time is 06/21 18 UTC and the observation is “equ-qc”.

uncertainty estimate for the “equ-qc” observation. The “std” spread and the corresponding box plots

are much narrower (no comparison shown). Therefore, an estimate is possible but may not be that

useful.

Due to the limited computational power we only use one example, which is not that representative.

But at least an overview is provided.

4.1.2 Integrated quadratic distance uncertainty

The integrated quadratic distance (IQD) uses two ensembles and compares them against each other.

To get the same error bars (or confidence intervals) as in Section 4.1.1 a re-sampling approach is nec-

essary (see next paragraph bootstrapping). Otherwise no deviation without using a different ensem-

ble is achieved. The IQD serves as an example for the ensemble forecast verification. This approach

is valid for all of the methods.

The bootstrap is a re-sampling with replacement method (Wilks, 2011, pp. 172). The idea is also

known as plug-in principle. A distribution rearranges itself by replacing original values with oth-

ers from the same distribution. The easiest way to explain it is to use an example. Let us say the

sample is {4,5,1,3,2,6}. Now the re-sampling is applied. The new sample is randomly ordered with

{1,4,5,6,5,3}. Some of the values are drawn multiple times (here 5), others are not drawn at all (here

2). This is possible because each entry is available everytime a new member of the new sample got

drawn. Let us think about a hat with numbered paper stripes in it. After a number is drawn, it is put

back in the hat where it can be drawn again. This is done numerous times until a new sample with

the same size n is gathered.

This approach can be repeated, for example nB = 100 times. The result is a data set with 100 samples

of the same size n. The new data set is used to estimate the precision of a sample or distribution

(deviation from the mean, variance, ect.).
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The sample size for the observation ensemble is n = 50. Since it is computational wise expensive to

apply the bootstrapping, a comparison was made for this thesis. In the literature nB = 1000 is sug-

gested (Ferro, 2007). The limitation of computational power makes nB = 1000 impossible to perform.

Here, nB = 50 is used. This circumstance limits the approach to a guide for how it has to be done, but

with less reputation and therefore, less representativeness.

The IQD is calculated with the same idea like Equation 4.1. With each bootstrap information for one

new observation CDF (OnB xx (x)), which is applied to get a new IQD (see Equation 4.2), is provided.

dI DQ,nB 1,equ−qc =
∫ ∞
−∞[P (x)−OnB 1,,equ−qc (x)]2d x,

dI DQ,nB 2,equ−qc =
∫ ∞
−∞[P (x)−OnB 2,,equ−qc (x)]2d x,

...

dI DQ,nB 50,equ−qc =
∫ ∞
−∞[P (x)−OnB 50,,equ−qc (x)]2d x.

(4.2)

where:

dIQD,nB xx,equ−qc = Distance measurement for one bootstrapped “equ-qc” observation

P (x) = CDF for the forecast

OnB xx,equ−qc (x) = CDF for one bootstrapped “equ-qc” observation

This is done with every bootstrapped sample nB = 50. The so found 50 new IQD’s are shown as a box

plot. Both observation ensembles are computed separately. In Equation 4.2 the “equ-qc” is pictured.

Figure 23: The integrated quadratic distance is estimated multiple times to provide an uncertainty
estimate. Therefore, the observation ensemble is bootstrapped 50 time. The estimate is shown as a box
plot. The “equ-qc” ensemble is the blue curve and the “std” the green one. The parameter is the wind
speed for Vienna.

The result is plotted in Figure 23. The IQD is shown for the wind speed through the whole verification

period. The “equ-qc” ensemble is the blue line and the “std” one is green.

Altogether, the score deviation is around 10% and can influence the score in a positive and negative

way. This is much less than the uncertainty in the previous section. One reason could be the less
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amount of bootstraps, because more repetitions could provide more deviation. However, as long as

the ensembles have a narrow spread the bootstrapping can not stretch it too much. This is seen for

the “std” set up. The “equ-qc” is wider, but also not that wide as seen in Figure 21. Note that the

ensemble approach itself is an estimate for the uncertainty. Whenever the IQD is getting worse the

error bars are also becoming a bit wider, again not that much, but this property is comparable with

the absolute error uncertainty. A verification discussion is done in Section 3.3.

As in Section 4.1.1 only the observation for the uncertainty classification is changed. To get knowl-

edge about the magnitude of the observation estimate in comparison with the forecast and forecast-

observation one, the same procedure is done with those ensembles. Equation 4.2 is adjusted to keep

the observation CDF constant and modify the forecast CDF in the same way as done with the ob-

servation previously (nB = 50). The result is shown in Figure 24. One time step is chosen and the

“equ-qc” is displayed.

Figure 24: The resampling approach bootstrapping is used for the uncertainty estimation in this plot.
The deviation due to a changing observation ensemble is shown as the left plot (OBS). The middle one
is due to the calculation with the forecast (FC) and the right one is calculated with both.(FC-OBS).
The grid point is Vienna and the parameter the wind speed. As a time 06/21 18 UTC is valid and the
observation is “equ-qc”.50 bootstraps are performed.

The forecast is plotted as the middle box plot. The right plot is done with a deviation of the forecast

and observation CDFs. This IQR extent is the most prominent. The FC and the OBS IQC are less,

where the OBS is one quarter of the FC-OBS one. In the previous section it was one third. For the

“equ-qc” set up an uncertainty estimate based on the observation is reasonable, but the deviation

due to the forecast is higher.

The “std” set up (not shown) would be to narrow in comparison with the forecast and the bootstrap

approach is not that necessary. Note, that the FC-OBS plots are also effected by a smaller observation

ensemble.

However, this is just a random sample and the deviation at another spot or time could be different.

Since the overall properties from the observation and forecast ensemble (see Figure 5) are not chang-

ing over time, the random sample is representative for this grid point.
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4.2 Uncertainty estimates between different observations

The previous discussed uncertainty estimates (see Section 4.1.2) are due to the observed ensemble

itself. Since especially the observation ensembles are experimental a comparison between them is

necessary.

Here, two observation ensembles are available (“equ-qc” and “std”). With each of them a score and

their uncertainty is calculated, for this example the absolute error (AE) and the integrated quadratic

distance (IQD) are used.

The AE uncertainty is computed like in Equation 4.1. One for the “equ-qc” set up (AExx,equ−qc ) and

one for the “std” (AExx,std ). All AE are now used to calculate the difference between every AExx,equ−qc

and every AExx,std . Mathematically it is called “outer product difference” (see Equation 4.3).

∆AE =


AE1,equ−qc − AE1,std . . . AE1,equ−qc − AE50,std

AE2,equ−qc − AE1,std . . . AE2,equ−qc − AE50,std
...

. . . . . .

AE50,equ−qc − AE1,std . . . AE50,equ−qc − AE50,std

 . (4.3)

where:

∆AE = AE deviation due to the different observation ensemble

AExx,equ−qc = AE calculated with the “equ-qc” ensemble set up, xx is the ensemble number

AExx,std = AE calculated with the “std” ensemble set up, xx is the ensemble number

Since it is a 50×50 matrix ∆AE has 2500 entries, which are used to show the deviation via box plot.

Again notches are included in order to see the 95% confidence interval from the median. The uncer-

tainty estimate is calculated for Vienna and over the whole verification period. The parameter is the

wind speed. The result is seen in Figure 25.

The dark green line for the AE, calculated with the VERA reference, and the blue (“equ-qc”) and green

(“std”) box plots for the different observation ensembles are a combination of the elements in Figure

21. On the plot below in Figure 25 the deviation or ∆AE is shown.

The magnitude and values of the box plots are more important than the sign. The sign works as an in-

dicator and shows which observation ensemble has a higher score. The value is effected by the space

in between the two different results collected by both observation ensembles and the magnitude is

sensitive to the box plot extent. The space between and the magnitude interact with each other. That

means the space between the scores can be big, resulting in a higher ∆AE , but whenever the box plot

extents are big as well, spread from the ∆AE is more prominent.

Here, a negative value means that the “std” set up is higher overall. We have to be careful in con-

sideration of a closer discussion. Because if we take the ∆AE median as the uncertainty estimate due

to different observation ensembles it would be around 10%. However, the deviation, shown with the

box plot and here representative with the IQR, suggests an uncertainty around 30%. A solution could

be to name the IQR as deviation. Therefore, no specific value has to be classified but an uncertainty

interval is delivered. It can be named percentage or numerical wise.

The AE is calculated with one observation and forecast. The ensembles are used for the error bars

(box plot) in the results. The ensemble verification methods have also uncertainty estimates, but
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Figure 25: The AE uncertainty due to different observation ensembles is discussed for the grid point
Vienna over the whole verification period. The parameter is the wind speed. The above plot shows the
AE calculated with the VERA reference with the dark green color. The blue box plots show the AE for the
“equ-qc” observation and the green one for the “std” one. Below the deviation or ∆AE are shown. Again
a box plots with notches are used.

they are computed via bootstrapping. The uncertainty due to different observation ensembles is done

like in Equation 4.3, but with the IQD (see Equation 4.4).

∆IQD =


IQD1,equ−qc − IQD1,std . . . IQD1,equ−qc − IQD50,std

IQD2,equ−qc − IQD1,std . . . IQD2,equ−qc − IQD50,std
...

. . . . . .

IQD50,equ−qc − IQD1,std . . . IQD50,equ−qc − IQD50,std

 . (4.4)

where:

∆IQD = IQD deviation due to the different observation ensemble

IQDxx,equ−qc = IQD calculated with the “equ-qc” ensemble set up, xx is the bootstrapping reputation

IQDxx,std = IQD calculated with the “std” ensemble set up, xx is the bootstrapping reputation

As a conclusion the result is ∆IQD and computed with different bootstrapping reputations (xx). This

result is pictured in Figure 26. The “equ-qc” observation ensemble is blue and the “std” one is green.

Below ∆IQD is pictured. The grid point is Vienna and the parameter is the wind speed.

We have to keep in mind that two properties (extent and location) can effect the uncertainty between

different observations. Since the box plots did not have that much extent the value of each observation

ensemble (location) is more important. Again, a negative value means that, overall, the “std” set up is

higher.

The deviation shown with the median of∆IQD is more representative than the previous∆AE estimate.

This is sometimes caused by the smaller box plots and less deviation. Overall, the uncertainty is

around ±50%. If the IQR is included the deviation is not changed that much. However, to make a
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Figure 26: The IQD is used to show the uncertainty due to different observation ensembles for ensemble
verification methods done with the wind speed for the grid point Vienna over the whole verification
period. In the above plot the “std” observation is pictured green and the “equ-qc” one blue. The below
plot shows ∆IQD .

consistent uncertainty estimate due to different observation ensembles in comparison with the ∆AE ,

the deviation is named as an interval and percentage or numerical wise.

4.3 Comparison between score uncertainty and uncertainty due to differ-

ent observation

There are different sources for uncertainty in an observation and further in the verification result.

Some of them could be due to the interpolation method, the grid resolution or maybe the observation

density. However, Gorgas and Dorninger (2012b) came to the conclusion that the observation density

and grid resolution is more important than the interpolation method.

To make these error sources countable not one observation, but an ensemble is produced. In this

thesis two of them are available (see Section 1.3.1, VERA “equ-qc” and “std” observation ensemble).

Both are used to calculate an uncertainty estimate.

Here, two different approaches depending on the verification purpose (see Section 4.1) are investi-

gated.

The absolute error (AE) uses one observation and compares it with a deterministic forecast. To get

some deviation in the verification result an observation ensemble is used by taking every single en-

semble member as a new observation.

Another way of verification is to compare two ensembles (forecast and observation) against each

other (Integrated quadratic distance). As the observation ensemble is already used for the compari-

son, a different approach is necessary to quantify the uncertainty. Here, the bootstrapping is applied.
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Those are two different methods for getting an uncertainty estimate due to one observation ensem-

ble. It is also interesting to know what is the uncertainty corresponding to two different observations

(see Section 4.2). This calculation is done with the “outer product difference”.

Now we do have two different uncertainty estimates computed with two observation ensembles, but

which one is more important?

The AE with the “equ-qc” observation ensemble is doubled or reduced by the factor of two in com-

parison with the AEV ER A−r e f . The “std” one is much less, around one third. Within the comparison

of different observation ensembles against each other the uncertainty is similar to the “equ-qc” one.

AEV ER A−r e f can be doubled or reduced by a factor of two.

To see how good those overall estimates are, an example with a numerical output is done. The ∆AE at

06/21 15 UTC in Vienna and the wind speed, for the comparison between two ensembles, is from −0.2

to +1.5. The same is done with the uncertainty estimates due to one ensemble itself. The AExx,equ−qc

is between −0.3 and +1.3 and the AExx,std is from −0.3 to 0.2. All those three results are a possible

uncertainty estimate for the AEV ER A−r e f = 1.1 (see Table 6).

Table 6: Uncertainty estimates for the absolute error. The time is 06/21 15 UTC for Vienna and the
parameter is the wind speed.

Ensemble [V ] VERA “equ-qc” VERA “std” VERA comparison (both)

AEV ER A−r e f = 1.1 −0.3 - +1.3 −0.3 - +0.2 −0.2 - +1.5
AEV ER A−r e f = 1.1 (100%) −27% - +118% −27% - +18% −18% - +136%

The IQD has not one reference value like it is the AEV ER A−r e f . Here, two references are defined.

IQDequ−qc and, for the other ensemble, IQDstd . For every reference value an uncertainty estimate

via bootstrapping and one with the “outer product difference” is available. The uncertainty for the

IQDequ−qc due to the bootstrapping approach is around 10%. The “outer product difference” sug-

gests a bigger uncertainty with up to ±50%. For the IQDstd one, the bootstrapping estimate is a bit

smaller than 10%, but not that much. The ensemble comparison is also ±50%.

Here, also an example is shown, but not for 06/21 15 UTC, because this time step has nearly no devi-

ation. Therefore, 06/20 12 UTC for the grid point Vienna is used (see Table 7).

Table 7: Uncertainty estimates for the integrated quadratic distance. The time is 06/21 15 UTC for
Vienna and the parameter is the wind speed.

Ensemble [V ] VERA “equ-qc” VERA “std” VERA comparison (both)

IQDequ−qc = 0.9 −0.1 - +0.1 — +0.3 - +0.4
IQDequ−qc = 0.9 (100%) −11% +11% — +33% - +44%
IQDstd = 0.6 — −0.05 - +0.05 +0.3 - +0.4
IQDequ−qc = 0.6 (100%) — −8% - +8% +50% - +66%

First of all, those two examples for the AE and the IQD clearly are not enough to be used as any

prove for the overall estimate. But they are doing what an example does. They are showing how the

uncertainty deviations look like in a real case. Therefore, both measurements fit the overall found

estimate quite well.

We have to keep in mind that the score uncertainty effects the uncertainty due to different observations.

In that case of the absolute error the box plot extent from the “equ-qc” observation exceeds the other

one. That is why the estimate due to both ensembles is nearly the same as the VERA “equ-qc” one. For
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the IQD, on the other hand, the location from the two box plots is more important. This is because

of nearly the same box plot extent. The uncertainty with both ensembles is much bigger than the

bootstrapping one.

What should be retained from this section is, that an uncertainty can be produced via ensemble.

The way how an ensemble is used depends on the verification purpose. If numerous ensembles are

available a comparison can or should be done. The main focus here, is to see which ensemble has the

most prominent extent and how far those intervals are apart. This information can be used within

the process of decision making, to investigate whether a different ensemble provides more or another

uncertainty information. This is important since observation ensembles are highly experimental and,

therefore, a comparison is useful.
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5. Outlook

As already mentioned multiple times observation ensembles, which are the main part of this thesis,

are not that well discussed yet. Hence, different approaches are provided in Section 5.1.

Those ensembles should be applied in the verification. Here, another important and, in this case,

well discussed part, is the high impact weather (severe weather). That is way, some of the previously

found ensemble verification methods can be adjusted (see Section 5.2).

However, a verification with different forecast models should also be done. Therefore, the MesoVICT

project is doing some model re-runs, which should be available soon. An outlook for the upcoming

forecast models is done in Section 5.3.

5.1 Different observation uncertainty estimates

The uncertainty estimate discussed in this thesis uses random Gaussian perturbations of station ob-

servations to generate ensembles (Gorgas and Dorninger, 2012a). This is not the first attempt of cre-

ating observation uncertainty estimates. For example, Ahrens and Jaun (2007) generated random

perturbed ensembles via modeling spatial interpolation uncertainty (see Sequential Gaussian Simu-

lation). Germann et al. (2009), on the other hand, tried to use the LU-factorization to get uncertainties

from radar data.

Those are just two of multiple examples. A few computational cheap, new or promising approaches

are listed underneath. The list does not claim to be complete. The shown points where discovered

within the research for this study and since this field is not discussed that widely, different attempts

have to be mentioned.

5.1.1 Error Climatology

Australia is a country with multiple severe weather threats. Next to tropical cyclones, thunderstorms,

flash floods and droughts, also wildfires are important. Therefore, the Australian Bureau of Meteorol-

ogy and partners tries to predict the behavior of wildfires. Chris Bridge from the Australian Bureau

of Meteorology was gave a talk on the 10/18/2016 at the National Center for Atmospheric Research

(NCAR) (Bridge, Chris, 2016).

The fire spread simulators produce 2D information about flame height, fire rate a the burnt area. The

required input is the topography, the vegetation and the weather. Especially the weather has a big un-

certainty. This fact limits fire behavior models as some of those prediction systems are very sensitive

to the initial conditions. To get some information about the uncertainties of weather inputs, some-

thing like an “error climatology” is derived. Here, an observation (station or on a grid) is compared to

a corresponding forecast. The deviation between the observation and the forecast is the error. Those

have been compared multiple times over the last few years. The result is a big data set with errors.

Now, the standard deviation or a similar data property can be derived and used as an uncertainty

estimate in the fire spread simulators.

Interestingly, those fire bodies are threated like precipitation fields in the (spatial) verification. This

topic is feasible for future collaborations.
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5.1.2 Spatially correlated random fields

Interpolation and a sparse observation network are already discussed as uncertainty reasons by Gor-

gas and Dorninger (2012b). Now, Newman et al. (2015) names the measurement representativeness

and the measurement errors itself as uncertainty sources. In Newman’s paper, an observation en-

semble is wanted to make advanced data assimilation systems and other tools in the land-surface

and hydrological modeling feasible. This should be applied for a gridded precipitation and tempera-

ture field.

Rain measurements are very problematic. Gauge-based estimates have a problem with resolving the

full spatial variability of precipitation due to a too low station density or other sampling errors. This is

noticeable in complex terrain. Radar measurements capture the spatial variability better, even verti-

cal intersections are possible. However, the ground based radar estimates have uncertainties as well.

One of them is the terrain blocking, the curvature of the earth or the uncertainty in the rain rate-

reflectivity relationship. The air temperature is easier to measure, but also here similar problems in

comparison with the precipitation measure occur. The biggest issue is the observation density. Less

observations means more uncertainty especially in complex terrain.

To make some of those uncertainties count the probability approach is necessary. Newman et al.

(2015) provide a few examples for already applied observation uncertainty estimates. Most of them

use radar or satellite data to create these estimates. They are often made in an ad hoc manner. In the

hydrology a robust uncertainty estimate is essential. Therefore, a daily gridded but station-based, en-

semble data set of precipitation and temperature is derived. This work is done for North America for

the period 1980-2012. Hence, spatially correlated random fields are used. This method provides in-

formation about the spatial field by generating random numbers (standard normal distributed) step

by step for points on the grid. The new random numbers are conditioned to the previously generated

values. 100 ensemble members are produced. This is not the whole story about spatially correlated

random fields, but an overview. One advantage of interpolation-based schemes is that the maximum

value is not limited to the highest observed measurement. So, extreme values are better represented.

The so found ensembles have a good reliability and discrimination, calculated with the correspond-

ing diagrams. Additionally, precipitation occurs more realistic.

5.1.3 Re-sampling approach for daily data

Uncertainty in the observation is also interesting in long-term data. Aalto et al. (2016) use several cli-

mate variables for Finland from 1961-2010 and calculates daily gridded time series with permutation-

based uncertainty estimates. Furthermore, the climate data is investigated for temporal trends.

To fit the station observations on a regular 10km×10km grid, an interpolation scheme is necessary.

Here, the Kriging method is applied. It minimizes the mean squared error between the interpolated

and observed values to produce a 2D grid. Additional information (topography and water bodies) are

added to increase the interpolation quality.

The so found gridded data set is required to have an uncertainty estimate with as less computational

effort as possible. The Kriging interpolation scheme provides a variance, which should not be applied

as an uncertainty estimate. Therefore, the daily data is used by taking one specific day and choosing

75% randomly of the sample. The mean is calculated to have one ensemble member. This is done

50 times, every time with a different random 75% sample. The so computed ensemble provides the

standard deviation for one grid point at a certain data. This method is robust over the number of

interpolation runs and the sample size.
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It can be seen that the uncertainty increases towards the north. This regions have a less dense station

network, which is responsible for that. Since the estimates are different from day to day a seasonal

change is observed. The temperature and the pressure have less uncertainty in the summer. The

precipitation and the relative humidity in winter. This could be due to the convective season in the

summer. The snow coverage is also produced. The maximum deviation is in the winter, which is not

surprising because as there is less or no occurrence of snow during summer. However, the gathered

information can be valuable for the verification and network planning.

The trend analysis indicates that several variables have a significant one. As a conclusion, a clear but

spatial-wise changing signal of climate change during the observation period is located.

5.1.4 Sequential Gaussian Simulation

So far the grid resolution and the observation density are more important than the interpolation

method (Gorgas and Dorninger, 2012b). Whenever a very dense network is available the interpo-

lation method matters again. If this is the case, the Sequential Gaussian Simulation (SGS) is feasible

to calculate the spatial interpolation uncertainty (Gorgas and Dorninger, 2012b).

Therefore, several random realizations of interpolation fields are created. However, for the SGS a

measure of uncertainty at every grid point is needed. This can be achieved, for example, by using

the Ordinary Kriging (OK), which is related to the basic Kriging (see Section 5.1.3). The sequential

Gaussian simulation output has an advantage for the OK variance. It provides a gridded covariance

structure derived from the observation distribution and the observation values themselves. If an in-

terpolation approach like the VERA (error estimates at observation locations and not grid points) is

done, the SGS has to be adjusted for a different uncertainty measure.

Even though the interpolation error is small in comparison with uncertainty sources, for specific ap-

plication could be useful.

5.1.5 Ensemble of Data Assimilation

Observations are normally collected via ground based observation systems or satellites. At some

places the network density is still very low, even with satellites. Whenever an information about such

a place is wanted reanalysis has to be performed. Here, a dynamic model and the spare observations

are connected to a new observation, the so called reanalysis. This is also done for observation infor-

mation in the past, because as further back we go as less information is collected.

Patrick Laloyaux from the European Centre for Medium-Range Weather Forecasts (ECMWF) was gave

a talk on the 11/29/2016 at the NCAR (Laloyaux, Patrick, 2016) and discussed new features of reanal-

ysis products including uncertainty estimates.

The ECMWF uses a data assimilation scheme (4D-VAR) and an adapted version of a NWP model,

where appropriate atmospheric forcings are represented, to gather a reanalysis. A normal NWP model

often applies constant forcings, due to the limited time period and the constant forcings during that

span. Specifications of errors and biases (see Section 3) are necessary. They often occur whenever a

new observation method is established (e.g. radiosondes). Those circumstances are responsible for

proper changes in the observing system or in the model physic.

The computational set up changed throughout the previous years. Now, a coupled earth model is

used. This means the atmosphere, land, composition, ocean, wave and sea ice are calculated sepa-

rately. Dependent on the studied time scales (medium-range, monthly, seasonal) different modules

are brought together. The latest version is called CERA-20C and is the first Coupled Atmosphere-
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Ocean Assimilation System (CERA) from the ECMWF for the 20th century (20C).

To quantify the uncertainty an ensemble of data assimilation is provided. The system initiates per-

turbations for the observations, sea surface temperature and stochastic physics. The initial condition

gets perturbed and afterwards the normal data assimilation system is performed. This is done ten

times, with the result of a 10 member data assimilation ensemble.

Reanalysis takes information from observations using the model to spread those in time and space

and also across variables. The ECMWF global reanalysis has a big resolution (e.g. land-surface 125 km

horizontal grid), which makes the study of regional events insufficient. The solution could be a nested

approach, where the global reanalysis is used for the boundary condition. The uncertainties gathered

from the ensemble can be applied in the verification, but they are controversial. Since a reanalysis is

using an prediction system in the background, the independence is questionable. Observations are

wanted without any dynamic model assumptions (e.g. VERA).

5.1.6 Poor man’s ensemble

A poor man’s ensemble is typically applied for a forecast purpose (Arribas et al., 2005). Here, different

NWP’s are used to get a probability forecast, where each deterministic model imitates an ensemble

member. Since all NWP’s are usually calculated independently from each other the computational

effort is less compared to the calculation of a whole ensemble prediction system by itself. Addition-

ally, different models and independent analyses are valid. However, the initial condition and model

evolution errors are evolving randomly. This is important for short-range weather forecasts, if high

impact weather could occur and the probability for an event is wanted. Poor man’s ensembles are

initially designed for and often applied in the medium-range forecasting.

Arribas et al. (2005) showed that, poor man’s ensembles have a competitive performance for short-

range prediction in comparison with an ECMWF ensemble prediction system, even with a smaller

member size. However, the best performance was achieved for a hybrid configuration. This set up

combines output from a small subset of the ECMWF ensemble prediction systems with other differ-

ent NWP models.

The poor man’s ensemble approach can also be used in the purpose of creating an observation en-

semble (Gorgas and Dorninger, 2012b). There are different ways to get the necessary ensemble mem-

bers. A list is provided below. Additionally different possibilities for uncertainty intervals are dis-

cussed.

– Observations and subsequently analyses depending on the interpolation method. Since NWP’s

are calculated on a regular grid observations are wanted to be gridded as well. Therefore, the

station data is interpolated. In this thesis the VERA is the used method (see Section 1.3.1).

In Section 5.1.3 and 5.1.4 the Kriging or ordinary Kriging is introduced. However, the Barnes

interpolation is important too. Here, the first produced field has a low resolution and is used

a the first guess field. The so provided background information is necessary to continue with

a more detailed analysis. Anyway, all of the discussed schemes can be characterized as model

independent. That means, they do not need any additional information than the station data

for the interpolation.

– Another property which can be changed is the grid spacing. A smaller scale is useful, if the

station data density is good. Otherwise, a smaller grid resolution, did not result in a better

analysis. Whenever the “best” grid space is found a wider one delivers a different field and

consequently, uncertainty, if a comparison is done.
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– As already mentioned multiple times the station data density is the main factor for a good anal-

ysis. A originally well covered network can be changed to a different one, if chosen stations are

neglected on purpose. The corresponding analysis is different as well and new output is cre-

ated. In some studies stations are left out to see if the skipped one is representative or a new

one would improve the network.

– All numerical weather prediction systems need to know the state of the atmosphere before

computing in the future. This is often done with model-fitted observation data. A verifica-

tion with these estimate would not be model independent and not representative. Since, this

is done for every NWP an analyses ensemble from each NWP analysis stage is possible. Cer-

tainly they are still not model independent, but with the use of multiple models a comparison

is more representative. One restriction is, that not for every hour a new analysis is calculated

and, therefore, the verification would be incomplete.

A poor men’s ensemble can be gathered by performing one option from the above discussed points

itself, or by combining multiple approaches. The ensemble spread is already a good estimate for

the uncertainty. Additionally, resampling techniques and the sequential Gaussian simulation (see

Section 5.1.4) are useful. Note, that the use of different resampling methods (e.g. Bootstrapping,

Jackknife) can also be a source for some kind of a poor men’s ensemble.

5.2 Extreme value approach

Lerch (2012) commits his diploma thesis to a general verification framework of rare events. As a re-

sult, some of his conclusions and methods are interesting for this thesis as well.

Extreme events or high impact weather is often underrepresented in weather models. Therefore, the

verification can be tricky. To not underestimate rare events in the ensemble comparison processes

(see Section 3) specific parts of the fitted distributions have to be modified. With the kernel density

estimate (see Section 2.3) an adjustment is already applied, but the following discussed points have

there emphasis on weighting parts of the used distribution and compare areas of interest. Addition-

ally, the generation of extreme value distributions are introduced. However, this is only an overview

and no examples are calculated.

5.2.1 Threshold- and quantile-weighted CRPS and weighted IQD

The continuous ranked probability score (see Section 3.1.4) uses an ensemble forecast (via CDF) and

verifies it against a given observation. The now provided approach applies a weight. Equation 5.1

uses a threshold-weight. The notation is taken over from Lerch (2012), in case a closer investigation

is wanted.

C RPS t ( f , y) =
∫ ∞

−∞
(F (z)− 1{y ≤ z})2u(z)d z. (5.1)

where:

F (z) = CDF for the forecast

y = Observed value

1 = Indicator function

u(z) = Weight function
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The weight can also be established quantile-wise. Like Equation 5.1 Equation 5.2 keeps the original

notation from Lerch’s thesis.

C RPSq ( f , y) = 2
∫ 1

0
(1{y ≤ F−1(α)}−α)(F−1(α)− y)v(α)dα. (5.2)

where:

F−1(α) = Quantile forecast for α corresponding to the forecast CDF (α ∈ [0,1])

y = Observed value

1 = Indicator function

v(z) = Weight function

Both versions of the CRPS are not effected by the weight if u = 1 and v = 1. The threshold or quantile

for the weight in use can be in the center, tails, right or left tail of the distribution. Weight in the

tails is important for weather forecasting, because that is the place where high impact weather is

represented.

After some adjustments the weight-approach could be applied for the integrated quadratic distance

(see Section 3.1.6). This is investigated in Thorarinsdottir et al. (2013).

dW IQ (F,G) =
∫ ∞

−∞
(F (t )−G(t ))2w(t )d t . (5.3)

where:

dW IQ = Weighted integrated quadratic distance

F (t ) = CDF for the forecast

G(t ) = Observed CDF

w(t ) = Weight function

Equation 5.3 is shown with the notation from Thorarinsdottir et al. (2013). It is a gernal weight and

can be adapted to specific regions.

5.2.2 Conditional and censored likelihood

Like the CRPS and the IQD the Kullback-Leibler divergence (see Section 3.1.8) can be changed to an

estimate where a region of interest is highlighted. Here, the weight-approach can not be used. A

likelihood-based method is needed in order to compare a specific area of interest. The full likelihood

gets replaced with the conditional likelihood (see Equation 5.4).

C L( f , y) =−w(y) log

(
f (y)∫

w(s) f (s)d s

)
. (5.4)

where:

C L = Generalized conditional likelihood scoring rule

f = Density forecast

y = Observed value

w(y) = Weight function
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For Equation 5.5 the full likelihood is exchanged with the censored likelihood.

C SL( f , y) =−
[

w(y) log f (y)+ (1−w(y)) log

(
1−

∫
w(s) f (s)d s

)]
. (5.5)

where:

C LS = Generalized censored likelihood scoring rule

f (y) = Density forecast

y = Observed value

w(y) = Weight function

All notations are maintained from Lerch (2012). For a deeper investigation papers refereed in Lerch’s

thesis are recommended.

The threshold- and quantile-weighted versions of the CRPS as well as the generalized conditional

likelihood - and the generalized censored likelihood scoring rule are feasible for computations, if

discretized versions are applied.

5.2.3 Extreme value theory

In order to get the probability of an event that is more extreme than any previous one the extreme

value theory is necessary (Lerch, 2012). With a set of training data parameters for Equation 5.6 are

found. Here, the generalized extreme value distribution is applied.

The aim is to combine three types of limits, known as the Gumbel (Type I), Frechet (Type II) and

Weibull (Type III) family. The solution is Equation 5.6, where these families are combined into a

single distribution function. Here, for the cumulative distribution function.

FGEV (z) = exp

{
−

[
1+ξ

( z −µ
σ

)]− 1
ξ

}
. (5.6)

where:

FGEV = CDF of the Generalized extreme value distribution

µ = Location parameter

σ = Scale parameter

ξ = Shape parameter

These modeled extreme values can be obtained as values exceeding a high threshold or as block max-

ima.

Another method to generate extreme values is the generalized Pareto distribution (see Equation 5.7).

Therefore, again a sample of training data is needed. The generalized Pareto distribution is used to

shape the tails of another distribution.

FGP (y) =
1−

(
1+ ξ(y−µ)

σ

)− 1
ξ

forξ 6= 0,

1−exp
(− y−µ

σ

)
forξ= 0.

(5.7)

where:
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FGP = Generalized censored likelihood scoring rule

µ = Location parameter

σ = Scale parameter

ξ = Shape parameter

The generalized Pareto distribution and generalized extreme value distribution have a close relation-

ship with each other. They deviate in their description of extreme events, but the resulting output is

comparable.

Lerch (2012) used the extreme value theory (generalized extreme value and generalized Pareto distri-

butions) to get extreme events for the probabilistic wind speed forecasts of gusts. The result has to

exceed a high threshold.

5.3 MesoVICT numerical weather prediction systems

For the MesoVICT project different observations and forecasts are obtainable. The available observa-

tions are already discussed in Section 1.3.1 and different approaches for getting new ones, in Section

5.1. Since this thesis is about verification methods and their uncertainty, the forecast is not noticed

that much. A summary and outlook for the deterministic (see Section 5.3.1) and ensemble (see Sec-

tion 5.3.2) forecasts are done.

5.3.1 Deterministic forecast

In the verification the deterministic part was taken by the mean of the ensemble forecast. This was

done due to the fact that, no control (main) run or deterministic model from the same provider

(ARPA-SIMC) was available. A different model was not used, because consistency should not be jeop-

ardized. However, for the MesoVICT project deterministic forecasts are present (Dorninger et al.,

2013).

– The Canadian high-resolution Limited Area Model (GEM-LAM) from environment Canada is a

nested version of the Global Environmental Multiscale (GEM≈30 km grid) also from the envi-

ronment Canada. The grid size is 2,5 km and the forecast time 18 hours.

– MeteoSwiss is also member of the COSMO group, like ARPA-SIMC and uses the ECMWF (≈10 km

grid) data as boundary condition. For the MesoVICT cases MeteoSwiss does the operational

COSMO-2 model. Here a 2,2 km mesh size is applied. The prediction is 24 hours long.

– Additionally, MeteoSWiss planes to recalculate the MesoVICT cases with the experimental COSMO-

1 and the COSMO-7 models. COSMO-1 has a 1,1 km and COSMO-7 a 7,7 km gird size. Both set

ups have the ECMWF (≈10 km grid) as boundary condition.

All models have the alpine region as prime domain.

5.3.2 Ensemble prediction system

The main part of the thesis is the ensemble verification. Therefore, one model is introduced (see Sec-

tion 1.3.2). Another model from MeteoSwiss is ready to use, but has to be released for the MesoVICT

community.
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– The mentioned MeteoSwiss ensemble is a probabilistic forecast called COSMO-E. It is done for

the Alpine region. 21 ensemble members are calculated with a mesh size of 2,2 km. The global

framework for the ensemble is an ECMWF product with grid size ≈20 km.

– It would also be possible to produce a poor men’s ensemble (see Section 5.1.6), if multiple de-

terministic forecasts are on-hand. It is imaginable that a hydride set up for the poor men’s

ensemble is feasible.

All forecasts using the JDC data set as observational input. However, note that all forecast no matter

if deterministic or ensemble, are interpolated on the VERA grid (8 km) in the MesoVICT project.

Two projects are maybe important to look at, due to the supply of weather models. The Short-Range

Numerical Weather Prediction Programme (http://srnwp.met.hu/[03/20/2017]) has members all

over Europe and gives information about deterministic and ensemble forecasts. The TIGGE-LAM

(https://software.ecmwf.int/wiki/display/TIGL/TIGGE-LAM+archive[03/20/2017]) group is

specified on ensembles and may overlap with the previous mentioned program. Both could provide

useful information, if a verification and no inter-comparison for verification methods is needed.

http://srnwp.met.hu/
https://software.ecmwf.int/wiki/display/TIGL/TIGGE-LAM+archive
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6. Summary and discussion

The Mesoscale Verification Inter-Comparison over Complex Terrain (MesoVICT) project has the pur-

pose of comparing different spatial verification methods. No model inter-comparison is done (see

Section 1.2).

Therefore, different models and observations are available. Including forecast and even observation

ensembles. The evaluation of forecast ensembles against one certain observation is well known, but

the verification from two ensembles against each other is not discussed that often.

Hence, this thesis provides information and method on how a verification is possible. Since the en-

semble comparison approach is quite new and the spatial verification, in the spirit of MeosVICT, is

challenging it will be postponed to later studies and the verification is done point-wise.

The numerical weather prediction system in use is the COSMO-LEPS (CLE). It is a gridded limited

area prediction system and provided by the weather service of Emilia-Romagna. It has 16 members

and uses the ECMWF as boundary condition. The mesh size is 10 km. If a control run or a determin-

istic model is needed, the mean of all ensemble members takes the place (see Section 1.3.2).

The observation product is calculated from the University of Vienna and uses a model independent

real-time mesoscale interpolation method (see Section 1.3.1). This is necessary, because the station

observations had to be interpolated on a regular grid. The Vienna Enhanced Resolution Analysis

(VERA) has an 8 km grid resolution. The forecast model is interpolated on the same grid. The VERA

follows three steps to produce a proper gridded observation. The station observations are controlled

before used for the spline interpolation. Additionally, to resolve the small-scale phenomena finger-

prints are made.

The observation ensemble is also computed from the University of Vienna. The VERA is the basis

for the ensemble. A complex method where the station observation uncertainties and spatial pat-

terns are gathered is used. Furthermore, a stochastic part is included (random Gaussian generator).

The results are two observation ensembles called “std” and “equ-qc” with 50 members (see Section

1.3.1). The shortcuts explain how the spatial observation is integrated. The observation ensembles

are like the forecast ones a measure for a specific uncertainty, with the addition that they are highly

experimental.

Here, the station observations are supplied from two big measurement campaigns during 2007. The

so found data set is called JDC (see Section 1.3.1) and is used for all forecast and observation products.

Due to the measurement campaign in 2007 the MesoVICT project chose six cases for a verification

inter-comparison in this period. Those are selected, because of prominent weather events. Since the

VERA ensembles are only available for one case (core case), the time section of the specific case is

picked. The core case took place from 20-22 June 2007, where a cold front approaches the Alpine

region associated with prefrontal showers.

The areas of interest are the Alps including the Mediterranean Sea. This landscape fits the task of a

complex terrain quite well. In this frame nine cities and six areas are under special notice. They are

used to picture the properties of defined verification methods. The main focus is on Vienna, Austria.

As parameters the wind speed (V ), the potential temperature (Θ), precipitation (RR) and the pressure

(p,ps f or pmd ) are chosen. Here, p is the VERA sea level pressure, ps f is the CLE sea level pressure

calculated with the same formula as the VERA (standard formula) and pmd applies a model specific

formula for the pressure at the lowest model layer. Those set ups are important if a model comparison

is the purpose. In this thesis they are just checked for consistency.

The area, parameters and weather condition are debated in Section 1.4.
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To determine how the ensembles are distributed certain tests have to be performed. The alloca-

tion is important since the verification should be done with distribution-depending measurements.

The performed tests are the Lilliefors-, Jarque-Bera- and Anderson-Darling-(see Section 2). They are

checking if the Gaussian (normal) distribution is valid. The conclusion is, that the data is not normal

distributed all the time. Therefore, nonparametric statistics must be applied. If probability density

functions (PDF’s) or cumulative distribution functions (CDF’s) are used for the evaluation process

the kernel density estimate (see Section 2.3) fits the PDF and CDF to the data, which is equal to a

nonparametric statistic. Note, that the kernel density estimate is not a panacea. It is sensitive to the

bandwidth and different set ups can be used.

The verification in the meteorology can be done with a deterministic forecast against an observation.

Furthermore, a forecast ensemble is verified towards one observation. In this thesis a fairly new ap-

proach is applied. The forecast ensemble is compared with an observation ensemble. This ensemble

can also be used for an uncertainty estimate in the deterministic forecast verification, more on that

later.

An eyeball-verification is possible with the box plot, but a quantitative score is wanted. Hence, six

methods are selected. The integrated quadratic distance (IQD) uses two CDF’s and measures the

sum of squared differences. The perfect receiver operating characteristic comparison (PROCC) needs

the observation and forecast ensemble represented as PDF’s. This score is rather complex, but con-

structed on a comparison with a perfect result. Probability vectors are required for the Kullback-

Leibler Divergence (KLD). It provides the difference of those. The Euclidean, Seorgel and Lorentzian

distances are based on histograms and the related probabilities in each bin. All of theses measure-

ments are explained in Section 3. The found methods can also be applied for a comparison of, for

example, two forecast models.

The different observation ensembles are compared with each other and a worse result is achieved

with the “std” set up. This is due to the fact that the “std” ensemble has a smaller spread. Which leads

to the question what spread is wanted, a narrow or a wide one? No answers can be found here, but a

intense discussion is suggested.

The ensemble verification with different parameters showed, that it is reasonable to use the wind

speed and potential temperature. The pressure outputs evolve differently at the frontal approach.

Here, the forecast gets wider while the observation remains narrow. This is because of the big gradi-

ent when a front is passing and the time-wise uncertainty. The observation is of good quality every

time. The precipitation has to be verified in a different way, because of the occurrence and non-

occurrence.

Table 5 provides an overview of the found verification methods and defines a judgmental interval for

each score. The kernel density estimate improves as well as deteriorated the scores.

As already mentioned previously it is possible to compute uncertainty estimates via observation en-

sembles. For scores calculated with one observation each ensemble member can be used as “new”

observation. This results in multiple solutions for one method. The so detected interval can be rep-

resented as confidence interval or, as it is done in this thesis, via box plot (see Section 4).

For the ensemble verification a different approach is necessary. Here, bootstrapping is applied. With

this resampling technique “new” observation ensembles are created. Like before those are applied in

order to calculate one score multiple times. Again, the produced interval is shown via box plot. The so

found score specific uncertainty is compared with the uncertainty between different observations. This

is essential since observation ensembles are experimental and no claim for correctness is possible.

Therefore, the “outer product difference” is applied.

The score specific uncertainty interacts with the uncertainty between different observations. If the score
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specific uncertainty is small, the location for the uncertainty between different observations is more

important. On the other hand, a big extent of the boxplot, due to the score specific uncertainty sup-

presses the location influence in the uncertainty between different observations and the score specific

uncertainty is more prominent. A details summary is given in Section 4.3.

Although two observations ensembles are provided, it is not clear yet, how the perfect observation

ensemble should look like. That is why Section 5 provides an overview of different ensemble creation

practices. Additionally, possible options for dealing with high impact weather are presented as well

as an outlook for a possible model comparison. Since the MesoVICT project is an inter-comparison

for methods a inter-comparison for models is interesting too.

The biggest challenge for the observation ensemble topic is a proper spread. Until that is found, the

comparison methods are very important in order to keep a reference. Therefore, suitable scores are

shown in the thesis. Those are not definitely, but for a topic that has not been in the main focus of

research so far, a starting point is provided.
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A. Abbreviations

A Adriatic

ABP Area between perfect

AD-Test Anderson-Darling-Test

AE Absolute Error

ARPA-SIMC Hydro-Meteo-Climate Service of the Environmental Agency of Emilia-Romagna

AUC Area under the cure

BS Brier Score

CDF Cumulative Distribution Function

CERA Coupled Atmosphere-Ocean Assimilation System

CLE Consortium for Small-scale Modeling (COSMO) Limited-Area Ensemble Prediction Systems (LEPS)

CLEPS Consortium for Small-scale Modeling (COSMO) Limited-Area Ensemble Prediction Systems

(LEPS)

COPS Convective and Orographically-induced Precipitation Study

COSMO Consortium for Small-scale Modeling

CRPS Continuous Ranked Probability Score

CS-Test Chi-Square-Test

D-PHASE Demonstration of Probabilistic Hydrological and Atmospheric Simulation of flood Events

in the Alpine region

DWT Discrete Wavelet Transform

EA East Alps

ECMWF European Centre for Medium-Range Weather Forecasts

equ Reference estimate of equal perturbation magnitudes for all stations

GEM Global Environmental Multiscale

GTS Global Telecommunication System

GV Great Vienna

ICP Inter-Comparison Project

IQD Integrated Quadratic Distance

IQR Interquartile Range

JB-Test Jarque-Bera-Test
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JDC Joint D-PHASE and COPS

KDE Kernel Density Estimation

KLD Kullback-Leibler Divergence

KS-Test Kolmogorov-Smirnov-Test

LAM Limited Area Model

LEPS Limited-Area Ensemble Prediction System

L-Test Lillieford-Test

MAE Mean Absolute Error

MAP Mesoscale Alpine Programme

MesoVICT Mesoscale Verification Inter-Comparison over Complex Terrain

MSE Mean Squared Error

NCAR National Center for Atmospheric Research

NWP Numerical Weather Prediction

OK Ordinary Kriging

PCA Principal Component Analysis

PDF Probability Density Function

PROCC Perfect Receiver Operating Characteristic Comparison

PV Po Valley

-qc Quality Control applied

QC Quality Control

Q-Q Plot Quantile-Quantile Plot

RMSE Root Mean Square Error

ROC Receiver Operating Characteristic or Relative Operating Characteristic

SG South Germany

SGS Sequential Gaussian Simulation

std The standard deviation of the bias corrected VERA QC residuals of a one-month period

UTC Coordinated Universal Time

VERA Vienna Enhanced Resolution Analysis

WA West Alps
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B. Nomenclature

p VERA Mean Sea Level (MSL) Pressure reduced with Standard Formula [hPa]

pmd Pressure on the lowest model formula reduced with a specific Model Formula [hPa]

ps f CLE Mean Sea Level (MSL) Pressure reduced with Standard Formula [hPa]

RR Precipitation in three hour [mm/3h]

Θ Potential Temperature [K]

V Wind Speed [ms−1]
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