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Abstract 

Temporal consistency of the UERRA regional reanalysis: Investigating the forecast skill 

Adam von Kraemer 

Weather forecasting has improved greatly since the middle of the 20th century, thanks to better 

forecasting models, an evolved weather observing system, and improved ways of assimilating the 

observation data. However, these large systematical improvements make it difficult to use the weather 

data for climatological studies. Furthermore, observations are scarce, and they cannot be made 

everywhere. One way to solve this problem is to produce reanalyses, where a fixed version of a 

numerical weather prediction (NWP) model is used to produce gridded analysis and forecast data with 

detailed descriptions of the weather by assimilating observation data for a determined time period. One 

of the newest regional reanalyses is UERRA (Uncertainties in Ensembles of Regional Re-Analyses), 

which spans over the time period 1961-2015 and covers the whole Europe. By using a fixed NWP model, 

the only two factors that might influence the temporal quality of a regional reanalysis dataset are the 

varying number and quality of weather observations, and the quality of the global driving model which 

gives information about boundaries and large-scale features. 

    In this report, data from one of the UERRA products has been used with the aim to investigate the 

temporal consistency of the 30-hour forecast skill regarding three parameters; temperature at 2 meters 

height (t2m), wind speed at 100 meters height (ws100) and 500 hPa geopotential (Φ500). The work has 

been focused on only land points over Europe during winters and summers, as this enables to investigate 

the model behaviour at the lowest and highest temperatures. The 30-hour forecast skill was estimated 

throughout the time period from how well it performed compared to the 6-hour forecast. 

    Temporal inconsistencies were found throughout the reanalysis, with the largest temporal differences 

being present for Φ500, followed by ws100. UERRA shifts its global driving model in 1979 from ERA-

40 (ECMWF Re-Analysis 40) to ERA-Interim (ECMWF Interim Re-Analysis), which ends up as a 

significant improvement of forecast skill for all investigated parameters. Furthermore, ws100 also shows 

a significant skill improvement in wintertime from 1979 onwards, while Φ500 shows a systematical 

improvement for both seasons. In general, the forecast skill is lower in wintertime than in summertime, 

which might be a result from higher natural variability of the weather in winters. A quick study of 

forecast data from ERA-Interim shows that the same improving trend in Φ500 can be seen also in that 

dataset, while the two model drifts differ completely. It was concluded that the addressed issues with 

temporal inconsistency should be communicated to end users utilizing the UERRA datasets, as 

knowledge about this can be greatly beneficial when studying climatological trends and patterns and 

when using the model to reforecast weather events. 
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Populärvetenskaplig sammanfattning 

Tidsmässig konsistens i UERRA-återanalysen: Undersökning av prognoskvaliteten 

Adam von Kraemer 

Väderprognostisering har utvecklats betydligt sedan mitten på 1900-talet, tack vare bättre 

prognosmodeller, fler väderobservationer och förbättrade sätt att samla in och nyttja observationerna. 

Den snabba utvecklingen gör det dock svårt att på ett tillförlitligt sätt kunna jämföra väderdata från olika 

tidsperioder med varandra, då det är svårt att säkerställa kvaliteten på observationer från flera decennier 

tillbaka. Ett sätt att lösa det här problemet är att framställa så kallade återanalyser, vilka använder en 

enskild väderprognosmodell för att uppskatta vädret historiskt i varje punkt i ett förutbestämt rutnät, 

som sträcker sig över en enskild kontinent eller hela Jorden. En av de nyaste återanalyserna är UERRA, 

vilket är en regional återanalys över Europa som sträcker sig över tidsperioden 1961–2015. Då en och 

samma modell används för att beräkna vädret över hela perioden så påverkas inte kvaliteten på datat av 

den historiska utvecklingen av prognosmodeller. De enda två faktorerna som kan påverka datakvaliteten 

är den varierande tillgängligheten till väderobservationer, samt kvaliteten på den globala modellen 

vilken ger information om vädret utanför Europa. 

    För att undersöka om det finns tidsmässiga skillnader i hur konsistent eller inkonsistent kvaliteten på 

UERRA-återanalysen är, har väderdatat från denna analyserats med avseende på temperatur, vindstyrka 

och lufttryckshöjd. Arbetet har fokuserats på enbart landpunkter över Europa för sommar och vinter, då 

detta möjliggör att kunna se hur bra modellen presterar vid de allra lägsta och högsta temperaturerna. 

Datat har utvärderats genom att undersöka hur tillförlitlig en prognos för 30 timmar framåt är jämfört 

med en prognos för 6 timmar framåt. 

    Resultaten visar att kvaliteten på återanalysdatat i UERRA inte är konsistent genom hela tidsperioden, 

där de största skillnaderna hittades för lufttryckshöjden följt av vindstyrkan. För alla tre parametrar 

hittades betydande kvalitetsskillnader från vilken typ av global modell som används för att ge 

väderinformation utanför Europa, då UERRA byter global modell under år 1979. För lufttryckshöjden 

sågs även att datakvaliteten ökar konsekvent även efter 1979 och framåt, vilket därmed är ett resultat 

från den ökande mängden väderobservationer. Generellt sågs en högre prognoskvalitet sommartid än 

vintertid, vilket tros vara ett resultat från att vädret varierar mycket mer vintertid vilket därmed bör göra 

det mer svårprognostiserat. Dessa skillnader i datakvaliteten bör tydliggöras för alla användare av 

UERRA-återanalysen, då det är viktigt att ha kännedom om detta före eventuella slutsatser dras från 

återanalysdatat om hur vädret har varit historiskt sett. 

Nyckelord: Tidsmässig konsistens, återanalys, prognoskvalitet, UERRA, HARMONIE 
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1  Introduction 

In reanalyses, the past weather is simulated with the use of numerical weather prediction (NWP) models. 

These reanalyses often span over a period of several decades and contain datasets with different 

meteorological parameters that cover a whole continent or the whole globe, and thereby approximate 

the temperature at a given place and time where there are no available weather observations. ECMWF 

(European Centre for Medium-range Weather Forecasts) has produced several global reanalyses, for 

instance ERA-40 (ECMWF Re-Analysis 40) and its successor ERA-Interim (ECMWF Interim Re-

Analysis). Regional reanalyses focus on separate countries or continents, and by using boundary data 

from a global model, they can be produced with higher resolution and thereby give more detailed data 

to the end user. 

    A crucial part of a reanalysis is weather observations, as these provide input to the forecasting models. 

As society develops and technology improves, the opportunities to do weather observations increase. In 

addition to producing weather forecasts, it is of interest to keep record of weather data for, among others, 

monitoring climate variability and observing climatological patterns and phenomena such as El Niño 

and the Pacific Decadal Oscillation. Moreover, it would have been difficult to notice the ongoing climate 

change without a thorough historical weather record. 

    Climate data is also of importance for economical and strategical reasons. For instance, when the 

decision makers of a company want to build wind power stations, they naturally want to build them in 

locations with sufficiently strong winds. Building wind power stations is essentially a monetary matter, 

with the goal of reaching as much profit as possible. However, the network of weather observations is 

not comprehensive in neither time nor space, due to both physical and economical restrictions. Besides, 

the number of weather parameters that get observed are, for the same reasons, often limited. 

    With a reanalysis product, the company can use the data to get approximated wind speeds at the 

considered locations of their planned wind power stations, which also means that they can approximate 

the yearly effect that the station will produce. Weather data is also desirable for insurance companies, 

who need it for approximating e.g. how large damage costs there might be from extreme weather 

incidents, and thereby setting the insurance premiums right. Often both today’s weather and future 

climate projections are of interest, for instance when examining how the amount and locations of 

heatwaves will change in the future compared to the past. The Copernicus Climate Change Service 

(C3S) aims to provide comprehensive climate information to European citizens (Copernicus, n.d.). 

    UERRA (Uncertainties in Ensembles of Regional Re-Analyses) is the newest regional reanalysis over 

Europe, which spans from 1961 to 2015. The number of assimilated weather observations in the 

reanalysis varies greatly throughout the time period (figure 1). Temperature soundings constitute most 

of the observations from 1961 until the turn of the century, when aircraft observations start to increase 

drastically. At the very end, a clear majority of the weather observations come from aircraft. 
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Figure 1. Monthly mean of number of observations assimilated in UERRA from 1961-2015. The uppermost blue 

curve shows the total number of observations, while the other curves show individual observation types. Synop is 

the manual and automated synoptic weather stations, aircraft and pilot are both observations made from airplanes, 

dribu is the drifting buoys in the seas, and temp is temperature soundings through the atmosphere. Used with 

permission © Ridal et al., 2017. 

    Reanalyses are of great importance and help for many different actors. Due to the versatile usefulness, 

it is vital to ensure that the reanalyses have sufficiently good quality. Furthermore, it is of both 

importance and interest to properly address potential inconsistencies in the datasets. An inconsistent 

dataset means that the data quality varies throughout the time period of the reanalysis. The end user 

might unwittingly assume that the data in a dataset is consistent, as it is produced with the same model. 

It is previously seen that reanalysis data can yield inconsistencies through time. In a study regarding 

atmospheric mass-transport in the ERA-40 reanalysis, it was established that the total atmospheric mass 

content shows realistic variabilities only from about 1979 onwards, which was when satellite data 

became a part of the data assimilation (Graversen et al., 2007). Magnusson and Källén (2013) 

investigated the evolution of forecast errors in the ERA-Interim reanalysis and found a small systematic 

error reduction throughout the time period. For the UERRA reanalysis, the two factors that might affect 

the data quality are the varying number of weather observations and the boundary data, as the global 

driving model shifts in 1979 from ERA-40 to ERA-Interim. 

    The main aim of this report is to investigate whether different global driving models and the varying 

number of observations give rise to temporal inconsistencies in the UERRA reanalysis, and if so, how 

they differ with various meteorological parameters. It is not trivial to analyse the consistency of a dataset, 

as there are numerous approaches to go about. In this report, the consistency will be investigated by 

analysing the temporal differences between two successive forecasts; which for a consistent dataset 

should not change systematically with time. Potential inconsistencies should, however, be properly 

addressed and communicated to the end user, as knowledge about the shifting quality and uncertainties 

is hugely beneficial for investigation and research of reanalysis data. 
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    The next chapter of this report first gives a review of data assimilation and how reanalyses are 

produced. Then, a brief description of commonly used global and regional reanalyses is given, followed 

by the physics and configuration of the UERRA reanalysis. Chapter three describes how the data 

processing has been made and gives a description of how the forecast skill has been estimated in different 

ways. The results, containing various plots and tables, are presented in chapter four. Ultimately, the 

method used and the results in comparison with other studies and ERA-Interim are discussed in chapter 

five and concluded in chapter six. 
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2  Background 

With a numerical weather prediction (NWP) model, the value of any meteorological parameter can be 

simulated for a given time and space. The model divides the atmosphere over both land and sea in three-

dimensional grid boxes, where the development of meteorological variables through physical and 

mathematical equations are simulated step by step forward in time. This procedure is the basis for all 

weather forecasting used today. 

    For any given day, assume that there is a forecast from 00 UTC which is valid for 06 UTC. This 

forecast is referred to as the “first guess” and is combined with weather observations through 

optimization functions. The output data is called the analysis and is considered to be the best possible 

estimate of the true state of the atmosphere at that time. This whole process is called data assimilation 

and is illustrated in figure 2. 

 

 

Figure 2. An example of the procedure of data assimilation. 

    The reason for not seeing the observations as the straightforward “truth” is because weather 

observations contain instrumental errors. Another problem is the representative error, which comes from 

the observations being valid for one point in space but being representative for a larger area. If some 

observations for a given time diverge unrealistically much from each other or from previously reported 

values, the model disregards those values in the assimilation process and puts more emphasis on the 

forecast output at that time; a method sometimes referred to as data screening. 

    When studying past weather, it is even more difficult to verify the accuracy of the historical weather 

observations. In addition to the previously mentioned reasons, there might also have been changes in 

the observation sites which altered the surroundings. Another limitation that arises is that observations 

only represent a specific point, while the model needs to have a continuous grid of a certain resolution.  

    The production of a reanalysis is equivalent to the production of present-day weather forecasts, with 

the only difference that the NWP model in the reanalysis produces forecasts for past weather instead of 

forecasts for the next hours or days. It ultimately produces datasets of many different meteorological 

parameters which are spatially comprehensive, meaning that the weather and climate can be studied 

even for places where physical weather observations cannot or have not been made. 

    To be able to draw any conclusions regarding possible trends or long-time variabilities of the climate, 

it is important to keep the model and the method consistent over the whole period. Hence, the same 

model treatment applies for all data during the whole time period, which among others allows data from 
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different times to be compared accurately. NWP models used for producing reanalyses are therefore 

commonly referred to as frozen NWP models. 

 

2.1  NWP models and reanalyses 

When producing reanalyses, it is vital to apply a quality control of each weather observation before it is 

utilized in the data assimilation. The quality control typically includes thinning (reducing data density 

to an adequate resolution and to reduce the effect of correlated observation errors not being accounted 

for), blacklisting (rejecting data that is acknowledged of being unreliable), background checking 

(excluding data that deviates too much from what can be expected) and variational quality control 

(reducing the impact of observations being somewhat inconsistent with adjacent observations) (Dee et 

al., 2011). Variational bias correction is commonly used to account for emerging biases, for instance 

when it comes to the use of satellite radiances (Dee and Uppala, 2008). 

    In NWP models there are numerous equations at work, which together satisfy fundamental physical 

laws, such as the conservation of mass. Because the analyses produced at the end of the data assimilation 

stage are a combination of forecasts and observations, the conservation laws do no longer apply (figure 

3). When producing the next forecast, the model needs some spin up time (typically a few hours) to get 

the evolution of the large-scale weather systems right and to transition into a state where physical 

conservation laws once again apply. During this spin up time, small gravity waves can emerge, which 

will propagate through their surroundings until reaching that consistent state. Because of this, a one-

hour forecast is in this matter not necessarily more accurate than a six-hour forecast, as the forecasting 

error can be approximately constant throughout the time period of the spin up. 

 

 

Figure 3. An illustration of how the model uses the observations (obs) and the first guess (fg) from the forecast 

(fc) to produce the analysis (an). v is any variable, e.g. temperature, for a given point in space. 

 

    It is common to include both the analyses and the forecast outputs in the reanalysis datasets. The first 

choice for companies or other end users might be the analyses, as these should estimate the current state 

of the atmosphere as accurately as possible. However, the analyses are not comprehensive as regards 
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time. Particularly SYNOP (synoptical) observations and soundings are only reported limited times a 

day, commonly at the standardized times 00, 06, 12 and 18 UTC. As the analyses are products of the 

observations, they cannot be produced more often than the observations are reported. Therefore, it is 

also often desirable to obtain the forecast outputs. As these are produced and available for every hour of 

the day, they are necessary for instance when wanting to analyse daily cycles. 

    There are some parameters that analyses in general are not produced for; typically precipitation and 

cloud cover. For these parameters, the physics is too non-linear, and it is difficult to initialize these fields 

in balance with the general dynamics and other parameters such as the temperature. For studying the 

daily accumulated precipitation, it is required to use the hourly forecasts. 

    The forecasts also make up a good source for carrying out case studies. For instance, a historical 

extreme weather event such as a hurricane was generally very hard to forecast several decades ago, as 

the computing power was extremely limited and the forecasting models crude. With reanalyses it is 

possible to use these reforecasts to investigate how well a modern model can forecast such an event. 

This kind of evaluation can give great insight and knowledge about how well the model can forecast 

similar future events, which in the end is of benefit for everyone. 

    The difference between forecasts from different times can (when looking at averages over longer 

times) not be zero, as it is impossible to continuously produce a perfect forecast. The precision of the 

forecasts always decreases with longer forecasts, as the atmosphere is stochastic and chaotic (e.g. 

Washington, 2000). The concept that an initial small perturbation can cause large differences in the 

possible outcomes is also commonly referred to as the butterfly effect (e.g. Hilborn, 2004). There are of 

course always exceptions, but generally a 6-hour forecast is always more skilful than a 30-hour forecast. 

    In general, the forecast error increases relatively rapidly for the first several days, and then flattens 

out later on (e.g. Davies and Didone, 2013). Because the natural variability of the weather is not 

infinitely large, the forecast error cannot be infinitely large. After some time; generally a few or several 

weeks (depending on the specific model), the error will reach its maximum value, called the saturation 

error (figure 4). The error in the analysis is simply called the analysis error. The forecast error curve 

looks different for each model, but for all separate models the errors are connected. A more accurate 

analysis yields a better 6-hour forecast. A better 6-hour forecast generates both a better analysis and a 

more skilful 30-hour forecast. At times when the 30-hour forecast is very skilful, both the preceding 6-

hour forecast and the analysis are also more skilful, even though they are not explicitly evaluated. 

Therefore, studying the skill of the 30-hour forecast can be of huge benefit. 

    Indeed, meteorological parameters are connected to each other in many ways (i.e. it is possible to 

derive one from another), but this relationship is non-existent when for example studying the 

temperature from the forecast but the air pressure from the analysis. The long and the short of it is that 

the analyses give good estimates of the atmospheric state four times a day, while the forecasts yield 

hourly states and make it possible to reforecast past weather events. 
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Figure 4. An illustration of the development of the forecast error. ɛa is the analysis error, ɛfc06 the 6-hour forecast 

error, ɛfc30 the 30-hour forecast error, and ɛs the saturation error. The gray curve represents a better forecast model 

than the black curve. 

 

2.2  Global and regional reanalyses 

2.2.1  The ECMWF reanalyses  

Reanalyses are manufactured by several institutes around the world, such as the European Centre for 

Medium range Weather Forecasts (ECMWF). ERA-40 (ECMWF Re-Analysis 40) is a global reanalysis 

for the period 1957-2002, produced in 2002 with a 2001 version of their Integrated Forecast System 

(IFS) (T159L60), the operating NWP model at ECMWF (Uppala et al., 2005). It is a spectral model 

with a horizontal resolution of approximately 125 km with 60 vertical levels. 

    In 2006, ECMWF released ERA-Interim (ECMWF Interim Re-Analysis), based on a version of the 

IFS from the same year (T159L60), which increased the resolution to about 80 km, and runs from 1979 

to present time (Dee et al., 2011). It was originally planned as a provisional reanalysis to use until the 

next generation global reanalysis would be completed which, in turn, would replace ERA-40. ERA-

Interim featured an updated model which, among others, includes better treatment of the physics and 

improved data assimilation. Furthermore, ERA-Interim used a 12-hour four-dimensional variational 

(4D-Var) data assimilation system, while ERA-40 used a 6-hour three-dimensional (3D-Var) variational 

data assimilation system. The 4D-Var system is computationally more demanding, but is found to give 

better results thanks to the time dependency of the observations being considered in the data assimilation 

(e.g. Lorenc and Rawlins, 2005). 

 

2.2.2  The impact of grid resolution 

The far-reaching goal with each new reanalysis is, besides improved physics schemes and data 

assimilation performance, to produce a dataset with higher grid resolution than the preceding ones. 

Reaching higher resolutions is limited by technological resources. Calculating the development of 

various meteorological parameters for a whole lot of grid boxes in the atmosphere for several times a 
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day, where each reanalysis often consists of several decades of data, naturally requires lots of computing 

power. 

    Consequently, the available computational resources are not enough to produce high resolution data 

over the whole globe. Therefore, regional NWP models are used to produce data with higher resolution 

over one continent, e.g. Europe. With a method commonly referred to as nesting, the regional model 

receives boundary information from the global model. Furthermore, global models are generally better 

at representing large scale features, such as Rossby waves, which are important for modelling the 

synoptic high and low pressure systems accurately (Ridal et al., 2016a). The introduction of the large-

scale features from the global model can either be made through a technique called large scale mixing 

or through a large-scale constraint in the minimization process (e.g. Dahlgren et al., 2016). 

    A higher resolution gives a better representation of the topography, which otherwise gets smoothed 

out due to that each grid box should represent a larger area. Besides giving more detailed results for 

each parameter, a higher resolution also yields a better representation of daily precipitation, which 

among others shows more abundant local precipitation extremes. Models with a lower resolution than 

approximately 3 km are compelled to parameterizing clouds, which results in convective clouds and 

local rain showers not arising accurately (e.g. Dorrestijn et al., 2013). 

    However, higher resolution also has its own downsides, specifically when forecasting precipitation. 

The model with lower resolution might forecast a modest precipitation amount over a larger area, while 

the model with higher resolution might, due to its higher capability of showing details, forecast 

precipitation over only some parts of that same area. If that precipitation for instance is forecasted a bit 

west of where the actual precipitation ends up falling, the forecast is noted as a miss. Subsequently, as 

the area of precipitation moves eastward, the forecast is also noted as a false alarm, as a result of the 

area of precipitation in the model being slightly displaced, that is forecasting precipitation at a time when 

the precipitation has already fallen. This is referred to as double penalty (i.e. Zingerle and Nurmi, 2008), 

which can be accounted for when doing verifications. 

 

2.3  UERRA 

2.3.1  Physics and configuration 

UERRA (Uncertainties in Ensembles of Regional Re-Analyses) is the successor of the EURO4M 

(European Reanalysis and Observations for Monitoring) reanalysis, which was one of the first regional 

reanalyses for Europe covering the years 1989-2010 with a spatial resolution of 22 km, using ERA-

Interim as the global driving model (Dahlgren et al., 2016). The new UERRA reanalysis uses the 

HARMONIE (HIRLAM ALADIN Regional/Mesoscale Operational NWP In Europe) system with 

version cy38h1.1 to produce the data. HARMONIE is a script framework system that allows for different 

physics schemes and surface treatment to be used. It is developed by the HIRLAM (Hi-Resolution 

Limited Area Model)-consortium and builds upon the models ALADIN (Aire Limitée Adaptation 
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Dynamique Dévelopement International), AROME (Applications of Research to Operations at 

MEsoscale) and ALARO (ALADIN and AROME combined model) (Ridal et al., 2016a). The grid was 

chosen to be close to the EURO-CORDEX (EUROpean branch of the Coordinated Regional 

Downscaling Experiment) spatial domain, with the addition of Greenland. 

    UERRA consists of several datasets with different resolutions and time periods. The dataset used in 

this report is produced by SMHI (Sveriges Meteorologiska och Hydrologiska Institut) and covers the 

period 1961-2015. It uses a Lambert conformal projection type with 565x565 grid points and a spatial 

resolution of 11 km; which compels the model to be hydrostatic. Within the HARMONIE framework, 

SMHI only has operational experiences with 3D-Var, which led to this data assimilation system being 

the one used in the reanalysis. 

    Before the full reanalysis was produced, the model was run with two different physics schemes, 

ALADIN and ALARO, to generate a five-year period (2006-2010) with each scheme. This was done to 

ascertain that everything was working as expected, as well as to evaluate the performance of the two 

schemes compared to each other. In that mini reanalysis it was found that the ALADIN physics scheme 

performs better, leading to that scheme being the one used in the full reanalysis (Ridal et al., 2016a). 

Henceforth in the report, the 1961-2015 reanalysis produced with the HARMONIE-ALADIN scheme 

will simply be called UERRA. To speed up the production time, the full reanalysis was run in different 

streams simultaneously; with approximately one stream per decade. To spin up the slowly varying state 

in the surface model, that is to accurately represent the weather situation at the start of each stream; the 

streams were run with a four months overlap (Ridal et al., 2016b). 

    As boundary conditions and large-scale constraint, UERRA uses ERA-40 prior to 1979 and ERA-

Interim thereafter. The Davies-Kållberg relaxation method is used to handle the data from the global 

driving model at each timestep, where a predetermined relaxation scheme is included in the data 

assimilation (Davies, 1976; Kållberg, 1977). As large-scale constraint; a term measuring the distance to 

the state of the host model is included in the cost function of the 3D-Var assimilation (Guidard and 

Fischer, 2008; Ridal et al., 2016a). 

    The data assimilation is divided in two different parts; surface assimilation and upper air assimilation. 

For the former, only SYNOP observations are used for temperature, relative humidity and snow water 

equivalent. For the latter, all conventional observations are included; that is observations from SYNOP 

stations, ships, buoys, aircrafts and soundings. Satellite data is not explicitly included in the data 

assimilation in UERRA, but because the global driving model gives data for both boundary information 

and as large-scale constraint, and because satellite data is assimilated in ERA-Interim; the satellite data 

is implicitly included in UERRA from 1979 onwards. The reason for not including satellite data directly 

in UERRA is because of efficiency; those observations are made with a very high resolution, hence the 

model would need to put lots of additional computing power into the data reduction stage of the 

assimilation (Ridal et al., 2016a). UERRA uses an extended foundation of surface observations 

compared to ERA-40 and ERA-Interim. 
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    During the production of the reanalysis, verification was done repeatedly for several parameters to 

both ensure the healthiness of the system, and to compare the performance with ERA-40 and ERA-

Interim. The forecasts and analyses were verified against observations from the same geographical sites. 

The results showed that UERRA performs better when it comes to mean sea level pressure, 2-meter 

temperature and 10-meter wind speed, and worse for relative humidity and cloud cover (Ridal et al., 

2017). The reasons for the lower performances are not fully clear. 

 

2.3.3  Observation types used in UERRA 

GOS (Global Observing System) is a coordinated system of facilities introduced by the WMO (World 

Meteorological Organization), which perform weather observations on land, at sea, in the air and in 

space (WMO, n.d.a). It is a joint effort by all individual member countries to produce a working global 

meteorological observing network. The observation types used in UERRA are shortly described below. 

    SYNOP (synoptical) surface observations can be either manual or automated. They consist of a 

numerical code describing the general weather information at the current place and time, which among 

others typically include temperature, pressure and visibility. 

    In sounding observations, radiosondes are connected to balloons which rise through the atmosphere, 

measuring parameters such as temperature, relative humidity, pressure and wind velocity up to heights 

of 25-30 km. 

    For ships, the WMO has instituted the VOS (Voluntary Observing Ship) Programme. In addition to 

the same variables as the land stations, the recruited ships also measure sea surface temperature and 

wave height and period. Moreover, approximately 27000 sea surface temperature observations and 

14000 sea level pressure measurements per day come from drifting buoys in oceans around the whole 

world (WMO, n.d.b). 

    Aircraft observations are the observations type that has increased the most over the past decades, from 

78000 observations per day in 2000 to over 300000 in 2012 (WMO, n.d.b). In addition to observing the 

same parameters as the radiosondes, aircraft measurements also include turbulence.   

 

2.3.4  Output data 

Output data is stored in MARS (Meteorological Archival and Revival System), which is a huge archive 

at ECMWF, where several petabytes of meteorological data are stored (ECMWF, 2017). Data from both 

the global reanalyses ERA-40 and ERA-Interim, as well as UERRA, are free for open access. The 

UERRA analyses are stored for all model levels at each analysis time, i.e. 00, 06, 12 and 18 UTC (table 

1). The forecasts are saved for every hour up to 6 hours, followed by every third hour up to 30 hours 

(that is +1, 2, 3, 4, 5, 6, 9, 12, 15, 18, 21, 24, 27, 30) initiated from the analyses at 00 UTC and 12 UTC, 

as well as forecasts for every hour up to 6 hours initiated at 06 UTC and 18 UTC.  
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Table 1. The height levels (to the left) and pressure levels (to the right) used for storing data. 

Height 

levels (m) 

Pressure 

levels (hPa) 

15 1000 

30 975 

50 950 

75 925 

100 900 

150 875 

200 850 

250 825 

300 800 

400 750 

500 700 

 600 

 500 

 400 

 300 

 250 

 200 

 150 

 100 

 70 

 50 

 30 

 20 

 10 
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3  Methodology  

3.1  Data management 

The UERRA data was downloaded from the MARS archive at ECMWF. All data processing was 

performed through the NSC (National Supercomputer Centre) which is located in Linköping. The NSC 

software is based on the Unix operative system, and the end users can connect themselves to the system 

from their home computer. The scripts needed to make all the calculations and processing were written 

in Bash and Python. 

    The investigated parameters are temperature at 2 meters height (t2m), wind speed at 100 meters height 

(ws100) and 500 hPa geopotential (Φ500). These three parameters give a good coverage when studying 

the temporal evolution for different spatial scales, as t2m can be defined as small-scale, ws100 as mid-

scale, whereas Φ500 is mainly influenced by large scale weather changes. To illustrate the climatology, 

necessary average values were calculated before producing plots over Europe using Python libraries. 

    In this work, emphasis has been put on summer (containing June, July and August) respective winter 

(containing December, January and February). Analysing these seasons separately allows to catch the 

extreme values, and thereby see how well the model performs when it is extremely warm or cold. 

    Monthly averages of standard deviation (std) and mean difference were used to calculate seasonal 

averages for every year. As for the winter season, the average values of e.g. December 1961, January 

1962 and February 1962 are defined as the winter value for year 1962. 

    For 500 hPa geopotential, normal values are found in the interval 50000 – 60000 m2/s2. For the days 

1st of January 1981, 1st – 4th of August 1981 and 11th of February 1982, the values are around 1-10 m2/s2. 

These odd values are apparent for the 30-hour forecasts, the 6-hour forecasts, as well as the analyses. 

Hence, the Φ500 data for these days were marked as erroneous and were excluded from any calculations. 

 

3.2  Masking 

The area over Greenland is generally very difficult to forecast, and moreover with extremely few 

observations to use in the data assimilation. The latter also applies to the areas of northern Africa. 

Because of the difficulties to verify these areas, they were excluded from all statistics calculations, and 

a more zoomed in domain focused on Europe was used, with 360x360 grid points. 

    Due to oceans’ different thermal properties, the surface parameters over oceans change very slowly 

with time compared to over land. Temperatures at 2 meters height are largely influenced from the 

surface, meaning that also they will change slower over the oceans. Because of this, parameters over 

oceans are easier to forecast. When looking at differences between forecast lengths, the parameters over 

the sea will therefore consequently be close to zero. To prevent the resulting values from being 

influenced by the small magnitudes over the oceans, a land-sea-mask has been applied over the domain. 

This has been done by keeping only grid points that consist of more than 50% land, while the rest are 
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declared as missing. Henceforth in the report this modified domain will be called EURO, and unless 

explicitly stated otherwise, only masked grid points from this domain (73746 grid points) will be 

included in any calculations (figure 5). 
 

 

Figure 5. The focused domain for making statistical calculations, henceforth called EURO. The dark red grid 

points are the points included in the calculations. 

 

3.3  Estimating forecast skill 

Because a frozen NWP model is used, the same model version is used for the entire reanalysis. Potential 

changes in the data quality must therefore result from other aspects. The possible factors to affect the 

consistency are the quality of the data from the global driving model and changes in the global observing 

system (i.e. the varying number and quality of weather observations). The former was investigated by 

comparing UERRA data from before 1979 with data after 1979, as the global model changes from ERA-

40 to ERA-Interim in this year. The influence from the global observing system can then be studied by 

examining the data quality from 1979 onwards. 

    One way to evaluate the forecast skill is to investigate the difference between the 30-hour forecast 

(henceforward called fc30) and the 6-hour forecast (henceforward called fc06) for lots of data points in 

both space and time, and thereafter calculate the std and mean of this difference. If fc30 is continuously 

close to fc06, the std of their difference will be small, and fc30 is said to be skilful. On the contrary, if 

it is extremely jumpy (i.e. sometimes much too warm and other times much too cold), the forecast 

difference will then be large. This means that the std of the forecast difference will also be large, which 

means that fc30 is not very accurate, and that the forecast skill is lower. Furthermore, if the mean 

difference during a longer time is e.g. +1 degree, fc30 is said to have a warm or positive drift, meaning 

that the forecasting model is systematically too warm. Henceforth in the report, this will be referred to 



14 
 

as either mean difference, model drift or simply drift. There are numerous ways of estimating forecast 

skill; for instance root mean square error, mean absolute error, Brier score and Hanssen-Kuiper skill 

score. Here, the forecast skill will mainly be evaluated by how large the std of the forecast difference is. 

The drift is also an important factor when evaluating the forecast quality, although it can easily be 

accounted for by the end user. A large std, however, simply makes the forecast unreliable. Later in the 

report, the std and drift are referred to as two metrics when evaluating the forecasts. 

    As no model is perfect, separate analysis errors and forecast errors always exist (figure 4). When 

comparing a forecast to an analysis, both errors naturally affect the result. However, comparing two 

successive forecasts valid for the same time eliminates the analysis error, which makes it possible to 

solely focus on investigating the forecasting skill. If the differences between two separate forecasts with 

the same valid time change systematically with time, the dataset is temporally inconsistent. 

    The forecasts are evaluated for the same valid time, i.e. the 30-hour forecast from 00 UTC day 1 is 

compared with the 6-hour forecast from 00 UTC day 2. Hence, both forecasts are valid for 06 UTC day 

2. Evaluating forecasts with 24 hours in between, meaning they are initiated from the same hour of the 

respective day, also removes the effects of the diurnal variations in observation coverage and give the 

benefit of systematic model behaviour. For instance, a forecast initiated at 12 UTC might handle 

convection development for the following hours differently than a forecast initiated at 00 UTC. 

    One factor that influences the forecast skill is the natural variability of the weather. This can certainly 

vary quite much, as for instance some summers can consist of several strong high pressure areas where 

the weather is quite similar for days or weeks which would naturally make the weather for the next day 

easier to forecast. When considering the large amount of data points that are used in both time and space, 

this effect should get averaged out. However, to take it into account, it has been investigated for each 

parameter. The standard deviation of fc30-fc06 has then been divided by the standard deviation of fc06, 

the latter which represents the natural variability for every grid point. This gives a normalized index 

which only depends on the forecast performance, without the effect of weather events. 

 

3.3.1  Error plots 

One way to analyse how two datasets coincide is to use so called scatter plots. First, every data point in 

one of the datasets is matched with the corresponding point in the other dataset, then all points are 

illustrated in a plot with the two variables on the respective axis. In this report, the basis of scatter plots 

has been used, but the illustration has been made different. Instead of plotting e.g. fc06 to fc30, fc06 is 

here plotted as x axis to fc30-fc06, the difference between the two forecasts, as y axis. For perfect 30-

hour forecasts the forecast difference is zero, meaning there will be a straight line at zero on the y axis 

for every value on the x axis. For non-perfect 30-hour forecasts, this method makes it possible to see 

how fc30 is performing for e.g. low respective high temperatures and for which intervals there might be 

positive or negative drifts present. 
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    To get a good data coverage, the scatter plot procedure has been done for every data point for one 

season, i.e. winter respective summer, for three separate decades (1961-1970, 1981-1990 and 2001-

2010). The data has then been placed in intervals of 1 degree for temperature, 0.5 m/s for wind speed 

and 100 m2s-2 for geopotential. For every one of these intervals, the standard deviation and mean forecast 

difference has been calculated. The mean then exposes potential model drifts, whereas the standard 

deviation, as mentioned earlier, represents the spread, and thereby skill, of fc30. For every interval, the 

size of the standard deviation is plotted together with the mean difference for that particular interval.  

    If the forecast skill is not consistent throughout the whole time period, these plots will expose for 

which temperatures, wind speeds and geopotentials the skill is changing. Furthermore, they also make 

it possible to study the frequency of respective interval; thereby giving a frequency curve showing how 

common every specific temperature, wind speed and geopotential is. 

 

3.3.2  Significance tests 

A statistical and straightforward way of either supporting or rejecting claims that there is a significal 

difference between two time periods, is to run so called significance tests. The null hypothesis states 

that two sets of samples are statistically equal; but if the hypothesis can be rejected, a significant 

difference between the measures can be proved. Doing a significance test involves finding a 

predetermined confidence interval; commonly 95% (e.g. Alexandersson and Bergström, 2009). In this 

case, the investigated variables are the respective differences between two decades for a specific 

parameter. If the zero value is outside the confidence interval, it is possible to say that, with at least 95% 

probability, there is a significant difference between two decades, and the zero hypothesis can be 

rejected. For probabilities below 95% there might be a tendency for a difference, but no certain 

conclusions can be drawn at the given confidence level. 

    The significance test relies on the samples included in the dataset being independent. In our case, 

monthly averaged values for one decade is compared to monthly averaged values for another decade. 

This means that is it not certain that the samples are completely independent. For instance, if the second 

half of one winter month is characterized by a weather event that gives extremely low temperatures, 

there is a possibility that this weather event will persist through the following month. These two monthly 

averaged values are thereby not independent. To examine the independence of the datasets, the 

autocorrelation was calculated. It estimates the correlation between a dataset and lagged versions of the 

same dataset, where the procedure is repeated for different degrees of temporal lag (Investopedia, 2006). 

Because of the possibility that the quality of the global driving model data might differ, the tests were 

divided into two groups; ERA-40 (1961-1978) and ERA-Interim (1979-2010). The autocorrelation was 

then calculated separately for the two different periods, and thereafter evaluated with a decorrelation 

factor limit of 1/e for the first lagged month (e.g. Hartmann, 2016). If it is found to be lower than this 

limit, the sample is regarded as independent.  



16 
 

4  Results 

4.1  Temperature at 2 meters 

4.1.1  Climatology 

The average temperature at 2 meters height for the whole period 1961-2015 is shown in figure 6. It is 

obtained by averaging the four timesteps (00, 06, 12, 18) of the analyses outputs for every day. The plot 

shows the expected latitudinal gradient with the lowest temperatures in western and northern 

Scandinavia, Iceland and Russia, while the highest temperatures are found in the south around the 

Mediterranean. The topography is clearly visible due to lower temperatures in higher elevation. 

 

 

Figure 6. Average 2-meter temperature in °C for 1961-2015 over the EURO domain, produced from the UERRA 

model analysis at each timestep. 

    Also the temporal aspect was investigated from the analysis data (figure 7). Here it is clear that the 

temperature reached its lowest annual average in 1985. Since then, there has been a positive trend of 

about 0.5 degrees per decade.  
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Figure 7. Annual average 2-meter temperature during 1961-2015, produced from the UERRA model analyses 

over the EURO domain. 

 

4.1.2  Forecast skill 

The yearly averages of the standard deviation and mean of the forecast difference fc30-fc06 are shown 

below (figure 8). 06UTC means that the forecast is issued at 00 UTC and valid at 06 UTC, while 18UTC 

means that it is issued at 12 UTC and valid at 18UTC. The forecasts valid at 06 UTC systematically 

have lower skill than 18 UTC in wintertime, while they have higher skill in summertime. This it probably 

due to difficulties emerging from atmospheric stability at nights in winters, and from convection 

development at daytime in summers. For the standard deviation, the differences between fc30 and fc06 

seem to decrease for both summer and winter around 1979, when the global driving model switches 

from ERA-40 to ERA-Interim. During the 1970s, a warm drift for fc30 develops during the summer, 

which is constantly around +0.2 degrees too warm during the rest of the period. No correlation between 

summer and winter can be seen. 

    When putting together data from all seasons and both forecast times, the developing warm drift during 

the 1970s can also be seen, although it seems to be decreasing from 1980 onwards (figure 9). 

 

 

Figure 8. Yearly averages of the standard deviation and mean of the forecast difference fc30-fc06 for 2-meter 

temperature for winter (left) and summer (right). 06 UTC and 18 UTC are the forecasts’ respective valid time. 

Note the different scales on the y axes. From UERRA data over the EURO domain. 
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Figure 9. Yearly averages of the standard deviation and mean of the forecast difference fc30-fc06 for 2-meter 

temperature for every season. From UERRA data over the EURO domain. 

    When looking at the normalized forecast skill, where the std in figure 8 has been divided by the natural 

variability of the weather, both seasons show approximately the same pattern as without normalization, 

but the winters here instead show lower values than the summers (figure 10). This means that the model 

itself does not give less skilful forecasts wintertime. The higher difficulties of forecasting in wintertime 

instead comes from the higher natural variability of the weather during this season. 

 

 

Figure 10. Yearly averages of normalized standard deviation of the forecast difference fc30-fc06 for 2-meter 

temperature. The std of fc30-fc06 is divided by the std of fc06 for every grid point. From UERRA data over the 

EURO domain. 

    To investigate the geographical differences in forecast quality and how it might change over time, std 

and mean of the forecast differences were averaged over three different decades; 1961-1970, 1981-1990 

and 2001-2010 for winter and summer, respectively (figures 11, 12). It seems like the amplitude of the 

std might, at least partly, be connected to the topography, as the very highest std’s are found in 

mountainous areas such as northern and western Scandinavia, Iceland and the Alps. It is, however, not 

clear if the high std’s are directly a result of the colder temperatures at these higher altitudes (figure 6), 

or if it is the varying terrain that physically makes these areas difficult to forecast. Furthermore, the 

warm summer drift during the 1980s can be clearly seen over large areas of eastern Europe. 
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Figure 11. Averaged standard deviation of the forecast difference for 2-meter temperature (°C), for winter 1961-

1970 (top left), winter 1981-1990 (top middle), winter 2001-2010 (top right), summer 1961-1970 (bottom left), 

summer 1981-1990 (bottom middle) and summer 2001-2010 (bottom right). From UERRA data. 

 

Figure 12. Averaged mean forecast difference for 2-meter temperature (°C), for winter 1961-1970 (top left), winter 

1981-1990 (top middle), winter 2001-2010 (top right), summer 1961-1970 (bottom left), summer 1981-1990 

(bottom middle) and summer 2001-2010 (bottom right). From UERRA data. 
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    These three decades were also investigated in error plots, where each value from fc06, on the x axis, 

is plotted to its respective value from fc30-fc06, on the y axis (figure 13). Here it is seen that the model 

generally can forecast the most common temperatures well, while the colder and warmer temperatures 

show less good forecast skill. The best forecasts are produced in the temperature interval of 0 to +20 

degrees, with the lowest standard deviation and drift. Colder than -20 degrees wintertime and 0 degrees 

summertime, the 24 hours forecast is systematically too warm, where the drift generally increases with 

lower temperatures. Warmer than +20 degrees wintertime and around +30 degrees summertime, the 

fc30 is systematically too cold, with an increasing cold drift for higher temperatures. A noticeable 

positive mean difference for the 1980s and 2000s can be seen where the frequency is the highest, which 

could explain the positive drift in summertime seen in figure 8. 

    The most common temperature is around 0 degrees wintertime and approximately 17-18 degrees 

summertime. The frequency curve follows what looks like an approximate Gaussian distribution during 

summer, while there is a distinct spike around 0 degrees during winter. The probable reason for this 

spike shape is the thermal arrest effect. Temperatures at 2 meters height are largely influenced by the 

surface underneath. When the temperature changes to the opposite side of the zero point, the release or 

absorption of latent heat keeps the temperature at zero until no more heat can be released or absorbed 

(Engineering Archives, n.d.). Furthermore, the temperature interval is wider during winter, which is due 

to larger lateral temperature contrasts in wintertime. 

    Through autocorrelation tests, data for both metrics, seasons and time periods were found to be 

independent except for ERA-40 summer drift (not shown). Significance tests for the different periods 

and seasons are shown below (table 2). Significant improvements are found from 1960s to 1980s for 

winter and summer standard deviation, and from 1980s to 2000s summer drift. Significant deteriorations 

are found for 1960s – 1980s summer drift and 1980s and 2000s winter drift. The former does not seem 

to be a direct consequence of ERA-Interim, as it is evolving during the whole 1970s (figure 8). In other 

words, the forecasts improve (due to a smaller std) with the introduction of ERA-Interim as the global 

driving model in 1979. Furthermore, there is no significant difference in forecast skill between the 1980s 

and the 2000s except a smaller drift during summer and a larger absolute drift during winter. However, 

even though these changes are statistically significant, the absolute difference between the summer drifts 

is rather small, and the winter drift turns from slightly positive to negative. From these results, it seems 

like the forecast skill from 1979 onwards does not benefit from the increasing amount of observations; 

only a small drift change can be observed. Significant changes in the forecast skill instead seem to come 

from the global driving model.  
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Figure 13. The forecast difference fc30-fc06 as function of fc06 2-meter temperature for winter 1961-1970 (top 

left), winter 1981-1990 (top middle), winter 2001-2010 (top right), summer 1961-1970 (bottom left), summer 

1981-1990 (bottom middle) and summer 2001-2010 (bottom right). Half of the data points are from the 00 UTC 

forecasts and half from the 12 UTC forecasts. The data is plotted in intervals of 1 degree. Colour as per insert 

legend. The grey curve represents the number of data points, in millions, per interval. All three plots for the same 

respective season are plotted with the same scales on the y axes, but note that the scales for the two different 

seasons differ. Only intervals with at least 30 data points are plotted, meaning a few intervals for the very lowest 

and highest temperatures have been left out. From UERRA data over the EURO domain. 

 
Table 2. Confidence intervals and statistical significance for 2-meter temperature for the different periods, seasons 

and metrics, calculated from monthly averages for winter respective summer months. The significance level is set 

to 5%. E.g. “1960s” and “summer” means that the calculation is made for all summer months for the years 1961-

1970, and “1960s  1980s” means the difference between 1961-1970 and 1981-1990. The (+) implies a significant 

improvement of the forecast skill, the (-) a significant deterioration. All values are rounded to two decimals. From 

UERRA data over the EURO domain. 

Periods  Season Metric 
Decadal 

averages 

Confidence 

interval 

Statistical 

significance 

Significant 

difference 

1960s  1980s  Winter Std (1.56, 1.33) °C [0.17, 0.31] °C > 99.99 % Yes (+) 

1960s  1980s  Winter Mean (-0.02, 0.02) °C [-0.10, 0.02] °C 23.73 % No 

1960s  1980s  Summer Std (1.14, 1.02) °C [0.08, 0.14] °C > 99.99 % Yes (+) 

1960s  1980s  Summer Mean (0.07, 0.25) °C [-0.21, -0.15] °C > 99.99 % Yes (-) 

       

1980s  2000s  Winter Std (1.33, 1.27) °C [-0.01, 0.13] °C 89.41 % No 

1980s  2000s  Winter Mean (0.02, -0.09) °C [0.06, 0.15] °C > 99.99 % Yes (-) 

1980s  2000s  Summer Std (1.02, 1.05) °C [-0.06, 0.00] °C 93.02 % No 

1980s  2000s  Summer Mean (0.25, 0.19) °C [0.03, 0.08] °C > 99.99 % Yes (+) 
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4.2  Wind speed at 100 meters 

4.2.1  Climatology 

The mean wind speed at 100 meters height for the whole period 1961-2015 is shown in figure 14. The 

highest wind speeds are found in southeast Iceland. The topography is visible through large gradients 

between high and low wind speeds; which naturally illustrates the variety of peaks and valleys in 

mountainous areas such as the Alps and the Pyrenees. 

 

Figure 14. Average wind speed in ms-1 at 100 meters height for 1961-2015 over the EURO domain, produced 

from the UERRA model analyses. 

    When looking at annual averages during the whole period, there is no sign of any trend; only a rather 

high natural variability from year to year (figure 15). 

 



23 
 

 

Figure 15. Annual average wind speed at 100 meters height 1961-2015, produced from the UERRA model 

analyses over the EURO domain. 

 

4.2.2  Forecast skill 

When looking at yearly averages of the standard deviation of the forecast difference, the differences 

between forecasts valid for 06 respective 18 UTC show the same pattern as for t2m; with the higher skill 

for 18 UTC in wintertime and 06 UTC in summertime. Moreover, it can be seen that the transition to 

ERA-Interim as global driving model in 1979 give a distinct improvement of the forecast skill (figure 

16). The mean differences show the same pattern as for the temperature; a winter mean difference close 

to zero and a positive summer mean difference developing during the 1970s. 

 

 

Figure 16. Yearly averages of the standard deviation and mean of the forecast difference fc30-fc06 for wind speed 

at 100 meters height for winter (left) and summer (right). 06 UTC and 18 UTC are the forecasts’ respective valid 

time. Note the different scales on the y axes. From UERRA data over the EURO domain. 

    Putting together the data for both 06 and 18 UTC and all seasons makes the improvement of skill in 

1979 become perhaps even more apparent (figure 17). It can also be seen that the mean difference stays 

approximately constant from 1979 onwards. 
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Figure 17. Yearly averages of the standard deviation and mean of the forecast difference fc30-fc06 for wind speed 

at 100 meters height for every season. From UERRA data over the EURO domain. 

    When looking at the normalized forecast skill (figure 18), the curves show the same patterns as 

without normalizing, but the seasons are inversed, like the case for the temperature (figures 8, 10). 

 

 

Figure 18. Yearly averages of normalized standard deviation of the forecast difference fc30-fc06 for wind speed 

at 100 meters height. The standard deviation of fc30-fc06 is divided by the standard deviation of fc06 for every 

grid point. From UERRA data over the EURO domain. 

    From the geographical maps, it seems that there is a general improvement of the forecast skill over 

the whole Europe between the 1960s and 1980s, while there are no clear differences between the 1980s 

and 2000s (figures 19, 20). Again, the highest standard deviations are found in mountainous areas such 

as the Alps and Iceland. The very highest values are found in southeast Iceland, where the country’s 

highest mountain is located, and where some of the highest average wind speeds in Europe are found 

(figure 14). Fc30 in general seems to have a quite large positive drift over the Alps for both winter and 

summer, while the high mountains in Iceland seem to be rather unbiased for both seasons. 
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Figure 19. Averaged standard deviation of fc30-fc06 for wind speed at 100 meters height (ms-1), for winter 1961-

1970 (top left), winter 1981-1990 (top middle), winter 2001-2010 (top right), summer 1961-1970 (bottom left), 

summer 1981-1990 (bottom middle) and summer 2001-2010 (bottom right). From UERRA data. 

 

Figure 20. Averaged mean forecast difference for wind speed at 100 meters height (ms-1), for winter 1961-1970 

(top left), winter 1981-1990 (top middle), winter 2001-2010 (top right), summer 1961-1970 (bottom left), summer 

1981-1990 (bottom middle) and summer 2001-2010 (bottom right). From UERRA data. 
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    The error plots for the wind speed are shown in figure 21. Here it is seen that the wind speed reaches 

higher values wintertime than summertime. Not too much emphasis should be put on the highest wind 

speeds, as the frequency there is relatively low. The most common wind speed is approximately 7 m/s 

wintertime and around 4-5 m/s summertime. Moreover, it looks like the frequency curve has a Weibull 

distribution; although it is not ideal in wintertime because of an incline around 3-4 m/s. Except this, the 

same general patterns can be seen for the two seasons. The highest forecast skill applies for wind speeds 

up to 8-10 m/s, and thereafter it deteriorates with increasing wind speeds. There is a positive drift up to 

approximately 7 m/s wintertime and around 5 m/s summertime, and after that there is a negative drift 

which grows with increasing wind speeds. Interestingly, the larger positive drift in the 1980s compared 

to the 1960s (figure 16) does not come from some error that has developed in the model, but instead a 

better treatment of higher wind speeds. For the 1960s, the positive drift for low wind speeds get relatively 

balanced out by the negative drift for high wind speeds, when looking at averages over the whole 

domain. For the 1980s, the negative drift for high wind speeds is reduced, but due to a majority of the 

data points being lower than 5 m/s and thereby having a positive drift, the average drift over the whole 

domain therefore increase. 

    Through autocorrelation tests, all data were found to be independent (not shown). From the error plots 

it looks like the negative drift for 2001-2010 is larger than for 1981-1990, but when looking at the results 

from the significance tests, the overall drift has in fact reduced for 2001-2010 (table 3). Furthermore, it 

is the only metric and season that shows a significant change between these two periods. In addition to 

the increasing summer drift between the 1960s and the 1980s, the winter drift also shows an increase 

between these decades. It can be noticed in the yearly averages plot (figure 16) but is more difficult to 

see in the error plots (figure 21). The reason for this increase might be the same as for the summer drift. 

Except these increases, however, the std of the forecast difference is decreased between the 1960s and 

the 1980s for both winter and summer. This indicates that the skill for forecasting wind speed also 

increases with an improved global driving model (ERA-Interim in the 1980s compared to ERA-40 in 

the 1960s), but it is not influenced by an increasing amount of observations (the 2000s compared to the 

1980s). 
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Figure 21. The forecast difference fc30-fc06 as function of fc06 100-meter wind speed for winter 1961-1970 (top 

left), winter 1981-1990 (top middle), winter 2001-2010 (top right), summer 1961-1970 (bottom left), summer 

1981-1990 (bottom middle) and summer 2001-2010 (bottom right). Half of the data points are from the 00 UTC 

forecasts and half from the 12 UTC forecasts. The data is plotted in intervals of 0.5 m/s. Colour as per insert 

legend. The grey curve represents the number of data points, in millions, per interval. The scales on the y axes are 

the same except for the count scale of the two different seasons. Only intervals with at least 30 data points are 

plotted, meaning the intervals for the extremely high wind speeds have been left out. For 2001-2010 winter, the 

four intervals in the right end reach below -10 m/s on the y axis (where the rightmost almost reaches -15), but have 

been left out for better readability. From UERRA data over the EURO domain. 

 
Table 3. Confidence intervals and statistical significance for wind speed at 100 meters height for the different 

periods, seasons and metrics, calculated from monthly averages for winter respective summer months. The 

significance level is set to 5%. E.g. “1960s” and “summer” means the calculation is made for all summer months 

during 1961-1970, and “1960s  1980s” means the difference between 1961-1970 and 1981-1990. The (+) implies 

a significant improvement of the skill, the (-) a significant deterioration. All values are rounded to two decimals. 

From UERRA data over the EURO domain. 

Periods Season Metric 
Decadal 

averages 

Confidence 

interval 

Statistical 

significance 

Significant 

difference 

1960s  1980s Winter Std (1.62, 1.34) m/s [0.24, 0.32] m/s > 99.99 % Yes (+) 

1960s  1980s Winter Mean (-0.01, 0.04) m/s [-0.07, -0.02] m/s 99.98 % Yes (-) 

1960s  1980s Summer Std (1.55, 1.35) m/s [0.18, 0.22] m/s > 99.99 % Yes (+) 

1960s  1980s Summer Mean (0.10, 0.19) m/s [-0.12, -0.07] m/s > 99.99 % Yes (-) 

       

1980s  2000s Winter Std (1.34, 1.27) m/s [0.03, 0.10] m/s 99.93 % Yes (+) 

1980s  2000s Winter Mean (0.04, 0.03) m/s [-0.01, 0.02] m/s 42.53 % No 

1980s  2000s Summer Std (1.35, 1.36) m/s [-0.02, 0.01] m/s 38.21 % No 

1980s  2000s Summer Mean (0.19, 0.18) m/s [-0.02, 0.03] m/s 33.80 % No 
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4.3  500 hPa geopotential 

4.2.1  Climatology 

The average 500 hPa geopotential in m2s-2 for the whole period 1961-2015 is shown in figure 22. The 

latitudinal gradient is clearly visible, with higher geopotentials in the south and lower in the north. 

 

Figure 22. Average 500 hPa geopotential in m2s-2 for 1961-2015 over the EURO domain, produced from the 

UERRA model analyses. 

    When investigating the annual averages for the whole period, the lowest annual averages can be found 

in 1965 and 1978 (figure 23). Since 1978, there has been a positive trend of approximately 67 m2s-2 per 

decade. 

 

 

Figure 23. Annual average 500 hPa geopotential for 1961-2015, produced from the UERRA model analyses over 

the EURO domain. 
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4.3.2  Forecast skill 

Yearly seasonal averages for the standard deviation and mean of the forecast difference are shown below 

(figure 24). Here the improvement of the forecast skill in 1979 is even more drastic than for the 

temperature and wind speed (figures 8 and 16). Furthermore, there is a systematical improvement of 

skill from 1979 onwards. The mean differences show similar patterns to those of the temperature; 

oscillating around zero in wintertime and constantly having a warm drift in summertime. The largest 

positive drifts are, however, found in the beginning of the 1960s, which is not the case for the 

temperature (figure 8). 

 

 

Figure 24. Yearly averages of the standard deviation and mean of the forecast difference fc30-fc06 for 500 hPa 

geopotential for winter (left) and summer (right). Note the different scales on the y axes. From UERRA data over 

the EURO domain. 

    When putting together data from both forecast times and all seasons, the yearly natural variability 

diminishes, and both the drop of the std and the std reduction from 1979 onwards becomes perhaps even 

more apparent, with approximately 6.5 m2s-2 per decade (figure 25). 

 

Figure 25. Yearly averages of the standard deviation and mean of the forecast difference fc30-fc06 for 500 hPa 

geopotential for every season. From UERRA data over the EURO domain. 
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    When looking at the normalized forecast skill, it also shows a std reduction during the second half of 

the time period, which is perhaps more apparent for the summers (figure 26). There is, however, a drop 

in the curve around 1980, which is not evident when looking at the non-normalized skill (figure 24). 

This means that the natural variability must have been exceptionally high that year, resulting in the 

normalized standard deviation getting low. Nevertheless, the forecast model is handling this variability 

good, as no spike at the same time can be seen in figure 24. 

 

 

Figure 26. Yearly averages of normalized standard deviation of the forecast difference fc30-fc06 for 500 hPa 

geopotential. The standard deviation of fc30-fc06 is divided by the standard deviation of fc06 for every grid point. 

From UERRA data over the EURO domain. 

    For the geographical plots, the lowest skill is found in northwest Europe in wintertime during the 

1960s (figures 27, 28). Thereafter, it increases uniformly over time for the whole Europe. The skill is, 

as expected from figure 24, uniformly higher in summertime. The mean forecast difference shows a 

warm drift in summertime that covers almost the whole Europe. There is a varying mix of both warm 

and cold drifts in wintertime. 
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Figure 27. Averaged standard deviation of the forecast difference for 500 hPa geopotential (m2s-2), for winter 

1961-1970 (top left), winter 1981-1990 (top middle), winter 2001-2010 (top right), summer 1961-1970 (bottom 

left), summer 1981-1990 (bottom middle) and summer 2001-2010 (bottom right). From UERRA data. 

 

Figure 28. Averaged mean forecast difference for 500 hPa geopotential in m2s-2, for winter 1961-1970 (top left), 

winter 1981-1990 (top middle), winter 2001-2010 (top right), summer 1961-1970 (bottom left), summer 1981-

1990 (bottom middle) and summer 2001-2010 (bottom right). From UERRA data. 
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    The decadal and seasonal error plots are shown below (figure 29). These show that, especially for 

summers, the forecast skill is higher the higher the geopotential is. For winters the highest skill is also 

found for the highest geopotentials, but besides that, it is more or less constant for a large part of the 

interval. For winters there is no distinct drift, while for summers there is a continuous positive drift 

everywhere except in the end intervals. These observations also coincide with figure 24, which among 

others shows an annual positive summer drift for the whole period while the winter drift is close to zero. 

    Through autocorrelation tests with the monthly values; std and mean during ERA-40 for both seasons, 

and winter and summer std during ERA-Interim were found to not be independent (not shown). 

Therefore, yearly seasonal averages were calculated from the monthly values, as there is a larger chance 

for the data being independent when comparing yearly values instead of monthly (although it reduces 

the amount of data). The autocorrelation thereafter showed non-independent data for std and mean in 

summertime during ERA-40, and mean in summertime during ERA-Interim. The corresponding 

significance tests are shown below (table 4). Because of several of the sets not being independent, the 

results from the significance tests should be handled a bit more carefully than for the temperature and 

wind speed. Significant changes and improvements are found everywhere except for the wintertime drift 

from 1980s to 2000s.  

 

 

Figure 29. The forecast difference fc30-fc06 as function of fc06 500 hPa geopotential for winter 1961-1970 (top 

left), winter 1981-1990 (top middle), winter 2001-2010 (top right), summer 1961-1970 (bottom left), summer 

1981-1990 (bottom middle) and summer 2001-2010 (bottom right). Half of the data points are from the 00 UTC 

forecasts and half from the 12 UTC forecasts. The data is plotted in intervals of 100 m2/s2. Colour as per insert 

legend. The grey curve represents the number of data points, in millions, per interval. The scales on the y axes are 

the same except for the count scale of the two different seasons. Only intervals with at least 30 data points are 

plotted, meaning a few intervals for the very lowest and highest geopotentials have been left out. From UERRA 

data over the EURO domain.  
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Table 4. Confidence intervals and statistical significance for 500 hPa geopotential for the different periods, seasons 

and metrics, calculated from yearly averages for winter respective summer months. The significance level is set to 

5%. E.g. “1960s” and “summer” means that the calculation is made for all summer months for the years 1961-

1970, and “1960s  1980s” means the difference between 1961-1970 and 1981-1990. The (+) implies a significant 

improvement of the forecast skill, the (-) a significant deterioration. All values are rounded to three significant 

figures. From UERRA data over the EURO domain. * = Affected by non-independent data from autocorrelation 

calculations. 

Periods Season Metric Decadal averages 
Confidence 

interval 

Statistical 

significance 

Significant 

difference 

1960s  1980s Winter Std (167, 116) m2s-2 [44.1, 57.5] m2s-2 > 99.99 % Yes (+) 

1960s  1980s Winter Mean (12.4, -0.55) m2s-2 [1.86, 24.0] m2s-2 97.55 % Yes (+) 

1960s  1980s Summer Std (120, 77.7) m2s-2 [39.5, 45.4] m2s-2 > 99.99 % Yes (+) * 

1960s  1980s Summer Mean (37.5, 31.5) m2s-2 [-2.58, 14.5] m2s-2 84.04 % No * 

       

1980s  2000s Winter Std (116, 99.6) m2s-2 [11.5, 20.9] m2s-2 > 99.99 % Yes (+) 

1980s  2000s Winter Mean (-0.55, -5.44) m2s-2 [-0.60, 10.4] m2s-2 92.26 % No 

1980s  2000s Summer Std (77.7, 64.9) m2s-2 [10.9, 14.8] m2s-2 > 99.99 % Yes (+) 

1980s  2000s Summer Mean (31.5, 22.0) m2s-2 [6.24, 12.9] m2s-2 > 99.99 % Yes (+) * 
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5  Discussion 

Using reanalyses as a tool for monitoring climate change is not uncontroversial (e.g. Thorne and Vose, 

2010; Dee et al., 2010). Despite the rapid evolution, reanalyses still possess shortcomings resulting from 

model errors, abrupt changes in the observing system, observation errors not being properly accounted 

for, transitions between two separate production streams, and other unintentional errors or mistakes. 

Nevertheless, reanalyses are widely believed to be the best way of upholding climate monitoring and 

assessing trend estimates for past and present weather (e.g. Dee and Uppala, 2008). 

    The method used in this report to estimate the forecast skill of fc30 generally gives good indications 

of how well the forecast model performs in different conditions. Magnusson and Källén (2013) argued 

that one of the benefits of comparing two different forecasts from the same model removes the possible 

model error term, and that the possible inconsistency thereby is only a function of the chaotic growth, 

the initial difference and the asymptotic limit. Comparing two forecasts indeed yields a “perfect model” 

correspondence, where potential different errors of a model’s analyses and forecasts thereby vanish. 

    Although, as most methods, it also has its flaws. For instance, if the weather situation changes abruptly 

after fc30 has been produced (which makes the following fc06 differ due to the different weather 

conditions), but then changes back after fc06 has been produced; there is a possibility that fc30 is in fact 

closer to the truth than fc06. Because only the forecast difference fc30-fc06 is regarded, it might look 

like fc30 had a low skill even though it actually had a higher skill. However, the 6-hour forecasts are 

usually very skilful, and considering the large amount of data that has been included in the calculations 

(both spatially and temporarily), this should not have a large influence on the results. The varying 

differences between fc06 and the subsequent analyses were calculated at the side and were found to be 

close to zero (not shown); which also puts more trust in the accuracy of fc06. 

    Dee et al. (2013) investigated the anomaly correlations of 500 hPa-height forecasts from ERA-40 and 

ERA-Interim separately for their whole respective time periods, and found that the latter clearly gives 

better forecasts than the former. This coincides with the 500 hPa results obtained in this report, which 

shows a distinct drop of the forecast error in 1979 when the global driving model in UERRA changes 

from ERA-40 to ERA-Interim (figures 24, 25). They also mention a substantial feedback loop between 

the evolution of the observing system, improvements in the data assimilation and development of better 

models. As mentioned earlier in this report, a better forecast results in a better analysis, and vice versa. 

The effect of an improved observing system might not always show in forecast skill plots, as more and 

better observations can indeed contribute to the ongoing research and development of both operational 

models and reanalysis products. 

    The results for the 500 hPa geopotential show a systematical improvement of the forecast skill 

throughout the whole time period (figures 24, 25; table 4). This parameter thereby seems to significantly 

benefit from an improved observing system, while the wind speed at 100 meters height benefits 

significantly only in wintertime (table 3). For the 2-meter temperature and other surface parameters not 
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investigated here; the data assimilation includes only SYNOP observations. However, an increased 

number of upper air observations yields a better continuous representation of the state of the atmosphere, 

which should implicitly benefit the surface parameters through formulated covariance relationships in 

the data assimilation. Nevertheless, no significant improvement from 1979 onwards can be seen (figures 

8, 9; table 2). When looking at figure 1, the largest increase of the number of observations during the 

last decades by far comes from aircraft. As these are made on different heights throughout the 

atmosphere, it therefore seems like a small-scale surface parameter such as the 2-meter temperature does 

not get significantly influenced by a better representation of the state of the atmosphere.  

    The error plots for temperature and wind speed (figures 13, 21) show the same pattern with fc30 

systematically overestimating at lower values and underestimating at higher values. It is difficult to say 

whether this is due to an actual error that makes the model treat extremely low and high temperatures 

less accurately and thereby lowers the forecasting performance during those conditions, or if it simply 

is a statistical result from regression to the mean. For long-range forecasts the predictability is almost 

non-existent, resulting in the forecast on average ending up close to the climatological mean. For short-

range forecasts the predictability is much higher, but there is always a part present which is non-

predictable. Thereby, when it for instance is extremely cold, the forecast tends to end up being warmer 

more often than colder, as the warmer side is closer to the climatological mean. The same also applies 

for unusually low or extremely high wind speeds. This pattern is not visible for the summertime 

geopotential error plots, especially for the summers during the 1980s and 2000s (figure 29). The reason 

for this, and for the generally lower forecast skill for lower geopotentials, may come from the fact that 

lower values means that the 500 hPa level is relatively low in the atmosphere, meaning it might go 

through topography which could give rise to systematical forecast errors; depending on how well the 

model handles this. The higher forecast skill for higher geopotentials might be a result of the weather 

often being stable at these times, which thereby leads to a lower variability; hence easier to forecast the 

weather for the next day. 

    For model comparison, UERRA data was compared with data from ERA-Interim, where a similar 

restricted domain was used for the latter. Because ws100 is not an existing parameter in ERA-Interim; 

only t2m and Φ500 were studied (figure 30). When comparing data from the two models, it looks like 

forecasts produced with ERA-Interim has a higher skill than forecasts produced with UERRA. However, 

there is a large difference in resolution of the two models (11 km in UERRA compared to 80 km in 

ERA-Interim). Because the resolution of ERA-Interim is much lower, the data is continuously smoothed 

out over a much bigger area. Therefore, not too much emphasis should be put on the amplitudes of the 

respective data, but their shapes in the plots can still be studied. It is rather interesting that the forecast 

skills in wintertime show extremely similar patterns between the two models, while the model drifts 

seem to be completely unconnected. Also, in wintertime ERA-Interim has a distinct warm bias for t2m, 

while in summertime it is UERRA that has a clear warm bias. For the geopotential, the forecast skills of 

the two models show quite similar patterns both in wintertime and in summertime. Here ERA-Interim 



36 
 

has a cold drift in wintertime while UERRA has a warm drift in summertime; meaning UERRA is 

systematically warmer than ERA-Interim.  

 

 

Figure 30. Yearly averages of the standard deviation and mean of the forecast difference fc30-fc06 for UERRA 

and ERA-Interim data over the EURO domain for t2m winter (top left), t2m summer (top right), Φ500 winter 

(bottom left) and Φ500 summer (bottom right). Data from both valid times 06 UTC and 18 UTC are included. 

Note the different scales on the y axes between the seasons. 

    It might also be interesting to look at how well ERA-Interim performs in terms of forecast skill with 

the same kinds of error plots presented earlier (figure 31). Here it is clear that in wintertime, the pattern 

with fc30 overestimating low temperatures and slightly underestimating high temperatures is similar to 

that of UERRA (figure 13). The highest forecast skill is found between approximately 0 to +15 degrees, 

which is also the case for UERRA. Again, most of the data points are gathered around 0 degrees, 

although naturally with much fewer data points than from UERRA due to the much lower resolution. 

However, while fc30 in UERRA is approximately unbiased down to -20 degrees, fc30 in ERA-Interim 

has a positive drift already at around -5 degrees and downward. In summertime, the results look better. 

The majority of the data points in fc30 have a slight warm drift, although smaller than for UERRA, 

which is also seen in figure 30. ERA-Interim therefore performs rather well in summertime; but again, 

the much lower resolution and thereby fewer details than in UERRA should not be forgotten. 
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Figure 31. The forecast difference fc30-fc06 as function of fc06 2-meter temperature for winter 1981-1990 (top 

left), winter 2001-2010 (top right), summer 1981-1990 (bottom left) and summer 2001-2010 (bottom right). Half 

of the data points are from the 00 UTC forecasts and half from the 12 UTC forecasts. The data is plotted in intervals 

of 1 degree. Colour as per insert legend. The grey curve represents the number of data points, in thousands, per 

interval. The two plots for the same respective season are plotted with the same scales on the y axes, but note that 

the scales for the two different seasons differ. Only intervals with at least 30 data points are plotted, meaning a 

few intervals for the very lowest and highest temperatures have been left out. From ERA-Interim data over a 

similar domain as EURO, adjusted to the lower resolution. 

    As mentioned earlier, comparing models with different resolutions is not a straightforward matter, 

due to the smoothing out averaging effect which has a higher impact the lower the resolution is. Another 

way of comparing the models is to project the ERA-Interim data upon the UERRA grid, and verify fc30 

from both models with fc30 or the analysis from UERRA. This is, however, not an exceptional solution 

either, as there is a risk that fc30 from UERRA gets favoured when comparing skill due to it originating 

from the same model as the reference fc06 or analysis. Perhaps the best way would be to verify the 

forecasts to observations only at places where many high-quality observations are present, which allows 

for more trustworthy observation data; although this matter is beyond the scope of this report. 

Nevertheless, the model comparison between UERRA and ERA-Interim shows that, while the skill in 

UERRA seems quite strongly influenced from ERA-Interim, the emerged model drifts in UERRA are 

mainly independent and arise from the HARMONIE-ALADIN model itself. The differences in the 

model drifts might for t2m be a result of different surface energy balance treatments, or because UERRA 

assimilates more surface observations than ERA-Interim. For Φ500, the latter assimilates more upper-

air observations because of the included satellite data. The question is therefore raised whether the 

difference in drifts between the two models come from the different amount of assimilated observations, 

or if it is simply due to different model properties. Either way, this issue needs to be investigated further. 
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5.1  Recommendations and outlook 

The results regarding the inconsistencies found in this report may be greatly beneficial for any use of 

the accessible forecasting data, and it is therefore recommended that the inconsistencies should be 

properly addressed and communicated to the end users utilizing the UERRA reanalysis. For instance, 

the forecast skill for all investigated parameters was found to be significantly lower during the 1960s 

compared to the 1980s. Due to the feedback loop mentioned earlier, this also means that the accuracy 

of the model’s analyses must be lower during that time period. When studying climatological trends or 

patterns over Europe for the past half century, it should thereby be known that the data has lower quality 

in the beginning; something that should be taken into consideration before drawing any conclusions 

from the data. Furthermore, a meteorological agency may have need for the data to reforecast a past 

extreme weather event in order to gain knowledge about how good the same, or a similar, NWP model 

can forecast a comparable weather event operationally. The addressed inconsistency issues can then, 

among others, tell how skilful the forecast model is at that particular temperature or wind speed. It is 

then also important to consider the magnitude of the model drift. In addition, the geographical maps also 

give great insight into how the model performance varies geographically. 

    Data with high spatial resolution naturally provides more detailed information, and each new 

reanalysis dataset contains data with higher resolution than the previous one. However, because 

producing reanalyses are both physically and economically demanding, perhaps all parameters would 

not necessarily have to have the same resolution. For near-surface temperature and wind speed, the 

spatial variability is large, meaning these parameters benefit greatly from increased resolution. For 

precipitation, high spatial resolution (a few kilometres) enables the model to be non-hydrostatic and to 

resolve deep convection; although it also gives rise to issues with double penalty mentioned in the 

background. However, for the 500 hPa geopotential, the spatial variability is considerably lower (figure 

22) than for temperature and wind speed (figures 6, 14). The accuracy gains from increasing the 

resolution of the 2-meter temperature could therefore be larger than the losses from decreasing the 

resolution of the 500 hPa geopotential. 

    Looking ahead; the preparation for the next regional reanalysis over Europe has already begun. The 

project is officially named C3S_322_lot1 and will increase the spatial resolution to 5.5 km. To get 

estimates of the uncertainties, this reanalysis will also include 10 ensemble members, which will be run 

with a horizontal resolution of 11 km. The next global reanalysis is called ERA5 and will eventually 

replace ERA-Interim, with an increased horizontal resolution to 31 km. The ERA5 products will also 

contain information about uncertainties, from an ensemble run with 62 km horizontal resolution.  Buizza 

(2008) compared the method of analysing successive forecasts with using an ensemble prediction system 

in terms of forecasting 500 hPa geopotential, and found that the latter is superior when it comes to 

estimating forecast uncertainties. As both the next global and regional reanalyses will include ensemble 

systems to estimate the uncertainties, this is truly promising.  
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6  Conclusions 

Temporal inconsistencies for the 30-hour forecast skill were found to be present in the UERRA 

reanalysis. In general, the inconsistencies seem to grow with height in the troposphere; as the largest 

temporal differences were found for 500 hPa geopotential, followed by wind speed at 100-meter height 

and ultimately temperature at 2-meter height. The largest change in forecast skill occurs in 1979. As the 

model in this year shifts its global driving model from ERA-40 to ERA-Interim, the largest factor for 

the temporal inconsistencies is the global driving model, which gives information to the regional model 

through boundary data and large-scale constraints. For all three investigated variables, the forecast skill 

is generally lower in wintertime than in summertime. This seems to be a result of the higher natural 

variability in winters, which makes it more difficult to produce as accurate 30-hour forecasts as in 

summers. The large increase of aircraft observations during the second half of the time period only 

implicitly affects the 2-meter temperature through covariance relationships in the data assimilation and 

cycling (where a better previous analysis yields a better forecast and subsequent analysis); nevertheless, 

there is no significant change in the forecast skill for t2m from 1979 onwards. 

    For the 500 hPa geopotential, there is a significantly improving trend of the forecast skill from 1979 

onwards, which must come from the improved observing system; as the number of observations is the 

only factor that differs throughout the rest of the time period. This trend is also present when studying 

the forecast skill of ERA-Interim separately. More and better weather observations are therefore 

beneficial already in the global model. The added number of surface observations used in UERRA does 

not seem to give additional improvements of the forecast skill compared to ERA-Interim; although this 

matter needs to be investigated further. Moreover, the patterns seen in the forecast skills of the models 

are relatively similar, while the model drifts differ considerably. This shows that the apparent drifts in 

UERRA’s 30-hour forecasts are not being strongly influenced by the global model, but mainly emerge 

from the forecast model of its own. The question is raised whether the differences in drifts between the 

two models come from the different number of assimilated observations, or from different physics 

treatments; for instance the surface energy balance. 

    Fc30 systematically overestimates low temperatures and wind speeds, and underestimates high; 

which might simply be a result from regression to the mean. The underestimation of high values is 

especially distinct for the wind speed at 100-meter height, combined with a substantially lower skill. 

This needs to be taken into consideration when, for instance, forecasting oncoming storms with the use 

of the same or similar NWP models operationally; as the forecasts will then have rather low accuracy 

and systematically underestimate the strength. However, as these issues are addressed in this report, they 

should be communicated to the end users in order for them to properly regard the uncertainties and the 

known model drifts when evaluating the reanalysis data and forecasts. 
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