Technical £ ECMWF

European Centre for Medium-Range

I\/l e m O Weather Forecasts

873

Evaluation of biases and
skill of ECMWF Summer
sub-seasonal forecasts in
the Northern Hemisphere

Frederico Johannsen!, Linus Magnusson?,
Emanuel Dutra’-3

1 Instituto Dom Luiz, IDL, Faculty of Sciences,
University of Lisbon, Portugal

2 ECMWF Forecast Department

3 Instituto Portugués do Mar e da Atmosfera,
IPMA, Portugal

November 2020




Series: ECMWEF Technical Memoranda

A full list of ECMWEF Publications can be found on our website under:
http.//www.ecmwf.int/en/publications

Contact: library@ecmwf.int

© Copyright 2020
European Centre for Medium-Range Weather Forecasts, Shinfield Park, Reading, RG2 9AX, UK

Literary and scientific copyrights belong to ECMWF and are reserved in all countries. This publication
is not to be reprinted or translated in whole or in part without the written permission of the Director-
General. Appropriate non-commercial use will normally be granted under the condition that reference
is made to ECMWF.

The information within this publication is given in good faith and considered to be true, but ECMWF
accepts no liability for error or omission or for loss or damage arising from its use.


http://www.ecmwf.int/en/publications
mailto:library%40ecmwf.int?subject=

Bias and skill of sub-seasonal forecasts £ ECMWF

Abstract

Sub-seasonal forecasts lie between medium-range and seasonal time scales with an emerging
attention due to its relevance in society and by the scientific challenges involved. This report aims
to (i) document the development of systematic errors with lead-time in ECMWF ensemble forecasts
of surface-related variables during spring and summer, and (ii) investigate the relationship between
the systematic errors and predictive skill. The evaluation has been performed over the northern
hemisphere, focusing on several regions with different characteristics. The results indicate five key
temporal/spatial bias patterns: (i) systematic cold bias of daily maximum temperature in the April-
May forecasts at all lead times in most regions; (ii) USA with a warm bias mostly in the daily
minimum temperature; (iii) East of Caspian Sea region with a general warm and dry bias; (iv)
Western and Mediterranean Europe with a cold bias in daily minimum temperature mainly in April-
May forecasts and (v) continental Europe with a cold bias in the daily maximum temperature and
warm bias of daily minimum temperature in the June-July forecasts, resulting in an underestimation
of the diurnal cycle amplitude. The main conclusion is that while there exist large differences in the
systematic error characteristics, there is little relation to the skill for the sub-seasonal forecasts.
However, these results do not reject the hypothesis that systematic biases affect forecast skill.
Despite this, the general and systematic cold maximum daily temperature and warm minimum daily
temperature biases require further attention from model development as diurnal cycle improvements
are likely to enhance some of the potential predictability coming from the long-memory effect of
soil moisture conditions.

1 Introduction

Sub-seasonal forecasts lie between medium-range and seasonal time scales. They follow the medium-
range weather forecasts, that depend essentially on the atmospheric initial conditions, and precede the
seasonal projections, driven by the slowly evolving boundary conditions (e.g. land and ocean
conditions). At the sub-seasonal scale, much of the impact of the initial atmospheric conditions has been
lost while the boundary conditions do not exert a strong influence as in longer time scales. Due to this
conjunction of factors, the sub-seasonal scale has been previously referred to as a “predictability desert”
(Vitart et al., 2012).

Forecasts in the sub-seasonal time scale have been assessed by the research community and in several
operational weather forecasts centres in recent years (Pegion et al., 2019; Vitart et al., 2017). This
emerging attention can be explained by the relevance of these forecasts for society and by the scientific
challenges involved (White et al., 2017). The challenges of capturing and representing key processes
and teleconnections which are prominent at these scales are significant: forecasting temperature
extremes associated with weather extremes like heatwaves and droughts (Lavaysse et al., 2019;
Magnusson et al., 2018; Wulff & Domeisen, 2019) that can have severe consequences in nature and
human health. Limitations in forecast skill can arise from the limits of predictability of the chaotic earth
system (Lorenz, 1969), as well as from errors in the numerical models (Robertson et al., 2015; Vitart,
Alonso-Balmaseda, et al., 2019). There are several potential sources of predictability at the sub-seasonal
scale for example the Madden-Julian Oscillation (Kim et al., 2018) or the land surface (Ardilouze et al.,
2017; Orsolini et al., 2013; Prodhomme et al., 2016).

ECMWEF also has a long experience in developing global ERA reanalyses. The reanalyses are created
by the Integrated Forecasting System (IFS), a global data assimilation and forecasting system developed
by ECMWEF for weather forecasting. The most recent atmospheric reanalysis, ERAS5, is available to the
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public since 2019 (Hersbach et al., 2020). Global products combining observations and state-of-the-art
model simulations, reanalyses are a key tool in scientific research as they can serve as a benchmark in
climate studies. Furthermore, these reanalyses are also essential to provide consistent initial conditions
to the reforecasts (Vitart, Balsamo, et al., 2019).

In this study we investigate systematic model biases in the ECMWF reforecasts, their evolution with
lead time and potential links with forecast skill and other performance metrics, focusing on surface
variables (temperature and precipitation). The reference dataset was the ERA5 reanalysis and the study
was performed over the Northern Hemisphere in late Spring and Summer. There are several studies
focusing on the skill of sub-seasonal forecasts, in particular taking advantage of the Subseasonal-to-
Seasonal (S2S) Prediction Project database (e.g. Albers & Newman, 2019; de Andrade et al., 2019;
Vigaud et al., 2019; Zhou et al., 2019). However, it is not so common to investigate in detail model
biases and their evolution with forecast lead time as accessed in this study.

In the following section we briefly describe the data (reanalyses and reforecasts) used and the methods
(performance metrics). Section 3 presents the main results followed by the discussion in section 4 with
the main conclusions in the last section.

2 Data and Methods

2.1 Data

In this study, an 11-member ensemble from an experimental setup of ECMWF extended-range forecast
system (experiment h80p, class=rd) was evaluated. The hindcasts (or reforecasts) ran for 6 weeks,
starting every 7 days, from April 9th to July 30th, for a 20-year period 1998-2017. This is a similar setup
to the current operational ensemble prediction system, mainly differing in the horizontal resolution in
the atmosphere (TC0199 vs TC0639) and ocean (1x1 vs 0.25x0.25). The forecasts are initialized from
ERAS and the evaluation is performed over the Northern Hemisphere considering weekly means.

The ERADS reanalysis is the reference dataset used in this study. ERAS is the latest global atmospheric
reanalysis produced by ECMWHF (Hersbach et al., 2020). It is a product of a decade of model
developments and data assimilation innovations that replaced the previous reanalysis, ERA-Interim, in
2019. Based on a 2016 version of the IFS (cycle 41r2), its horizontal resolution is about 31 km (TL639)
and its vertical resolution has 137 layers (reaching 0.01 hPa at the top of the atmosphere). ERA5 data
was also processed for weekly means to compare with the forecasts. Although ERAS shares some of the
model biases, it is still a good reference dataset due its land and atmospheric data assimilation. In
particular, 2-meter temperature analysis are strongly constrained by in-situ observations.

In addition to ERAD5, a surface experiment similar to ERA5-Land (Mufioz Sabater, 2019) was also
compared to assess the influence of data assimilation in the initialization of the surface fields and their
evolution with forecast lead time. ERA5-Land is a global land-surface dataset at 9 km resolution, driven
by ERAG5 near-surface meteorology and fluxes. The surface experiment was carried out at the same
resolution as the forecasts (TC0199 ~50 km resolution, expver=a04i, class=pt) as it prevents any
interpolation-derived problems when compared with ERA5-Land 9 km resolution.

The following atmospheric and land variables were assessed in this work: daily mean 2-metre
temperature (t2m), daily maximum t2m (mx2t), daily minimum t2m (mn2t), evaporation (), runoff
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(ro), total precipitation (tp) and soil moisture index (smi). Special focus was given to the temperature
extremes and total precipitation. The daily data was averaged to weekly means, therefore mx2t
represents the weekly mean of daily maximum temperature (not the maximum temperature over the 7
days period). The soil moisture index is computed by normalizing the top first metre soil moisture (top
3 soil layers, normally associated within the vegetation root-zone) between field capacity and wilting
point (smi = (soil moisture - wilting point)/(field capacity - wilting point). This calculation is performed
at the grid-point resolution before interpolating to a regular grid of 1x1 to avoid interpolation errors
associated with different soil textures. SMI is normally between 0 (dry, at wilting point) and 1 (wet, at
field capacity), but values below 0 or above 1 are possible as soil moisture can fall below wilting point
or be above field capacity. The SMI can be interpreted as a proxy to soil moisture stress to evaporation,
which is independent from spatially varying soil textures. Terrestrial water storage variation (TWSV)
was computed from the surface water fluxes (precipitation-evaporation-runoff) providing an integrated
measure of the surface water budget.

2.2 Methods

Various metrics were used to evaluate the hindcasts performance: Bias (and relative bias), the Standard
Deviation Ratio (SDR), the Anomaly Correlation Coefficient (ACC), the Brier Score and the Signal-to-
Noise Ratio. These metrics access different characteristics of the forecasts. The Bias and Relative Bias
represent the systematic errors, while the variability is accounted by the SDR. The ACC and Brier Score
give information on the skill of the forecasts and the Signal-to-Noise Ratio shows the coherence between
the different members of the ensemble. A detailed summary of the metrics’ computation is available in
Appendix .

In addition to hemispheric maps, the results were also aggregated by regions (Figure A 1). The European
regions were based on the areas defined by Wulff and Domeisen (2019) (SC: Scandinavia; WEU:
Western Europe; EEU: Eastern Europe; RUK: Russia; WMED: Western Mediterranean; EMED:
Eastern Mediterranean), while the USA and Caspian (CASP) regions were selected due to their large
systematic temperature biases (see Figure 1). When computing regional means, a land-sea mask was
applied to the data to consider only land points. The results were organized into two periods: April-May
and June-July start dates, due to the different spatial patterns of the bias maps (see Figure 1).

3 Results

The daily maximum and minimum temperature forecast biases for weeks 1,3 and 5 (Figure 1) show
several large-scale patterns that tend to be amplified with forecast lead time and differ between the
forecasts initialized in April-May and June-July. The soil moisture index differences between the
forecasts and ERAS also present large-scale patterns (see Auxiliary Figure A 2 in Appendix I1) while
for total precipitation only the region to the East of the Caspian Sea presents a clear dry bias (see Figure
A 3). The bias evolution as function of lead time for the daily minimum, mean and maximum
temperature as well as for total precipitation and soil moisture index averaged over the 8 regions (Figure
2), summarizes some of the key temporal/spatial bias patterns: (i) systematic cold mx2t biases in the
April-May forecasts at all lead times in all regions except USA and CASP; (ii) USA with a warm bias
mostly in mn2t; (iii) CASP region with a general warm and dry bias; (iv) WEU, EMED and WMED
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with a cold mn2t bias mainly in April-May forecasts and (v) EEU, SC and RUK with a cold mx2t and
warm mn2t biases in the June-July forecasts. In addition to the mean bias, the signal strength of the
forecasts was accessed by computing the standard deviation ratio between the ensemble mean and ERA5
(Figure A 10). For both temperature and precipitation this ratio is mostly between 0.9 and 1.1 in all
regions and lead times, indicating that the model’s variability is similar to ERAS. The only exception is
the CASP region with a clear decrease in precipitation variability with lead time for the forecasts
initialized in June-July (Figure A 10 f). A detailed evaluation of the biases and their evolution with lead
is presented in the discussion section supported by time series of the mean forecast evolution and ERAS5
(e.g. Figure 6).

mn2t Bias (JUne-July mn2t Bias (April-May) mx2t Bias (JUne-July ~mx2t Bias (April-May)

Figure 1- Temperature biases in week 1 (left) week 3 (centre) and week 5 (vight) for daily maximum
temperature forecasts initialized in April-May (first row) and June-July (second row) and for daily
minimum temperature forecasts initialized in April-May (third row) and June-July (forth row).

The SNR measures the size of the predictable signal relative to the unpredictable chaos in the forecasts
ensemble (Eade et al., 2014), providing some guidance on the expected skill of the predictions (Kumar,
2009). SNR above 1 indicates consistency between the ensemble members (high signal) but does not
imply higher skill. Below 1 SNR is associated with large ensemble noise. The SNR for mx2t, mn2t, tp
and SMI for the forecasts initialized in April-May and June-July is shown in Figure 3. SNR is higher on
week 1 in all variables and regions, which is expected due to the memory of the atmosphere initial
conditions and reduced ensemble spread, when compared with long lead times. On week 1, the SNR is,
in general, higher in the April-May than in June-July for the daily temperature extremes and
precipitation. By week 2 the SNR decreases to values near 1 for both mn2t and mx2t. Precipitation
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shows SNR much lower than temperature on week 1, falling to values below 1 on week 2. By contrast,
the soil moisture index presents higher values overall, with some regions showing SNR above 1 up to
week 6. This shows the memory effect of the soil moisture initial conditions providing a predictable
signal of soil moisture beyond the first 2 weeks (Dirmeyer et al., 2018). The forecasts initialized in June-
July tend to have a higher soil moisture index SNR when compared with the April-May forecasts. This
can be attributed to mean drier climate during those months allowing for the initial conditions signal to
persist with forecast lead time.
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Figure 2- Forecast ensemble mean bias for each week lead time (horizontal axis) and region (color
lines) organized by the forecasts initialized in April-May and June-July for t2m (a,b), mx2t (c,d),
mn2t (e.f) tp (g,h) and smi (ij).

Forecast skill was assessed via the anomaly correlation (ACC) shown in Figure 4. The ACC shows that
the temperature forecasts are skillful up to week 2, with a drop of skill from week 3 onwards, consistently
in all regions. Similar results are found for precipitation, but with the ACC on week 2 comparable with
the ACC of temperature on week 3. On week 1, the ACC is high in all regions for the temperature
extremes and precipitation. The maximum temperature presents higher values (around 0.9) and more
consistency between regions, for both periods. The minimum temperature shows values between 0.8
and 0.9 for both periods, while the precipitation ACC is between 0.7 and 0.8 (0.6 and 0.7) in April-May
(June-July) start dates. On week 2, there is a larger dispersion between regions in all variables. The
maximum (minimum) temperature has values between 0.5 and 0.7 (0.4 and 0.6) for both periods. The
precipitation ACC is smaller, with values around 0.2 and 0.3. From week 3 onwards, the ACC is, in
general, lower than 0.2 for the temperature extremes and is close to 0 for precipitation. The difference
in skill between mn2t and mx2t can be primarily attributed to local effects which are challenging to
represent in the model.

The brier score for both temperature extremes, percentiles and periods on week 1 is very similar
(between 0.06 and 0.09) in all regions (see Figure A 11). For precipitation, the values are slightly higher
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(between 0.09 and 0.14). On week 2, the BS values are once again very similar, between 0.13 and 0.17
for the temperature extremes and between 0.15 and 0.20 for the precipitation. From week 3 onwards,
the BS is above its reference value (Brier Score of a climatological forecast ~0.2) in most regions and
for all variables. There is no clear difference between high/low extremes in the different regions, despite
the distinct biases with lead time. Similar results can be seen for precipitation, with the exception being
the CASP region, having a constant BS value for the 25th percentile in June-July of ~0.15, considerably
lower than the BS in the other regions on weeks 2 and 3. This is associated with the dry bias of the
model in the region, resulting in BS of forecasts below the 25th with higher skill, when compared with
other regions.
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Figure 3- Signal-to-noise ratio of the ensemble forecasts as function of lead time for each region
(bars and color lines) for the forecasts initialized in April-May (a,b,c,g) and June-July (d,e.fh) of
mx2t (a,d), mn2t (b,e) tp (cf) and smi (g h).
4 Discussion

The previous results of forecast skill are stratified by the forecasts biases, to assess possible relations
between forecast biases and skill. The representation in scatterplots of the various metrics is a concise
way of visualizing the data. Figure 5 displays the bias vs ACC scatterplots. No clear relation is present
for any of the variables in all regions. The same can be said about the bias vs 25th percentile BS,
represented in Figure A 12. The scatter plots of the BS of mx2t above the 75" percentile as function of
mx2t bias on week 2 for the June-July forecast (Figure A 13) suggest that regions with higher cold biases
have a lower BS. The mx2t bias and SNR also appear to have some relation on week 1, with smaller
SNRs matching smaller cold biases ( Figure A 14). These two relations are counter-intuitive, suggesting
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that regions with larger cold mx2t biases have higher predictability and higher skill in predicting mx2t
above the 75" percentile. Further investigation is required to understand if these relationships are robust
(e.g. considering confidence intervals). Overall, the current analysis does not show any consistent
relation between the bias and the skill (ACC, BS) or the predictability (SNR) of the forecasts in the
different regions.

a) mx2t April-May 3 b} mn2t April-May c) tp April-May

084 %

ACC

Lead time [weeks]
—— WMED = WELU —=— EEU —— S5C —e— EMED —=— RLUK CASP —e— UUSA

Figure 4- Anomaly correlation coefficient of the ensemble forecasts, using ERAS as reference, as
Sfunction of lead time for each region (color lines) for the forecasts initialized in April-May (a,b,c)
and June-July (d,e,f) of mx2t (a,d), mn2t (b,e) and tp (c,f).
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Figure 5 — Forecast bias (x-axis) versus ACC (y-axis) of the forecasts initialized in April-May
(circles) and June-July (crosses), for the week 1 (a-c) and week 2 (d-f) forecasts lead times of mx2t
(a,d), mn2d (b,e) and tp (c.f).

This study identified the CASP region with larger temperature biases that are associated with a dry bias
(see Figure 6). The CASP region encompasses the southwestern part of Central Asia (composed by the
countries of Turkmenistan, Uzbekistan and Kazakhstan). It is a very arid area of Central Asia, with most
of it having a cold desert climate (BWKk in the Koppen Climate Classification), characterized by very
warm and dry summer months (Lioubimtseva & Cole, 2006; Schiemann et al., 2008). When looking at
the results of this study, Central Asia is one of the regions that stand out, due to its very distinct results
across the various metrics. There is coherence between the bias, SD and SNR in this region for
precipitation (negative bias, small variability and low SNR). Also, the positive bias in both temperature
extremes seems to relate to low SNRs in June-July. The dry bias might trigger the warm bias, as less
precipitation means less soil moisture to evaporate, which in turn might cause the warming of the surface
and the air above it. This is visible in the time series in Figure 6 with a drift of the SMI forecasts with
lead time from ERAS to drier conditions. The ERA5 SMI initial conditions are drier than ERA5-Land,
with a notable difference in the terrestrial water storage variation (TWSV) which is much higher
(negative) in ERAS than in ERA5-Land. It is also important to mention that the CASP region has a low
density of weather stations, due to its low population density, mostly because of the arid climate in the
region. Additionally, the number of stations suffered a reduction after the fall of the USSR and it has
yet to recover, yet ERA5 is one of the reanalysis with better results in terms of precipitable water vapor
in Central Asia (Jiang et al., 2019). However, the lack of observations may result in less accurate
representations of the climate in Central Asia, limiting the use of ERAS as a reference dataset for the
evaluation of bias and skill of the ensemble forecasts.
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Figure 6- Mean weekly climate over CASP region of the forecasts for each starting date (blue) ERAS
(red) and ERAS5-Land (orange). The variables displayed are total precipitation (a), evaporation (b),
runoff (c) soil moisture index (d), 2-meter daily mean temperature (e), 2-meter daily maximum
temperature (f), 2-meter daily minimum temperature (g) and terrestrial water storage variation (h).

The USA domain is another region depicted in this study that stands out for its results. This region is
mostly comprised by the Great Plains, which is a well-known warm and dry area in weather and climate
models (Ardilouze et al., 2017, 2019; Lin et al., 2017). In this work, it is shown that the ECMWF
reforecasts have similar warm biases to previous studies, mainly on the daily minimum temperature,
while a dry bias is not present. The forecasts drift from ERA5 SMI to wetter conditions in May-June
and drier conditions in July-August approaching ERA5-Land SMI (see Figure 7). This is due to negative
soil moisture increments in May-June in ERAS and positive during July-August. These results suggest
that the cold mx2t bias in May-June and warm bias in July-August visible in the forecasts is present
right at the start of the short-range forecasts of ERA5 explaining the soil moisture increments and
differences in respect to ERA5-Land. Although the representation of precipitation in reanalyses has
uncertainties, it has been shown that, over the US, ERAS5 can reproduce the interannual variability of
precipitation reasonably well (H. E. Beck et al., 2019; Tarek et al., 2020) and similarly for surface soil
moisture (H. Beck et al., 2020). Thus, it is likely that the warm bias reported in this study has a negligible
relation with precipitation or surface soil moisture errors. The USA region, just like CASP, has lower
SNR values for the maximum temperature and precipitation, displaying less coherence between the
ensemble. The relatively lower SNR starting in week 1 is an indication of noise in the ensemble that will
hamper predictability in the following lead times.
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Figure 7- As Figure 6 but for the USA region.

The European regions have, in general, milder results than the aforementioned regions. All regions have
systematic biases in the temperature extremes that do not seem to have a direct impact on forecast skill,
and the variability is similar to ERA5. ACC and BS are very similar in all European regions as well,
which is consistent with the previous results of Wulff and Domeisen (2019) using the S2S database.

The continental European regions (SC, EEU and RUK) show a consistent cold mx2t bias in May-June
with drier SMI in ERAS than in ERA5-Land with the forecasts drifting from the initial conditions to
ERAS5-Land state (see Figure A 4, Figure A 5, Figure A 6). The TWSV in this May-June period is also
smaller in ERAS and the forecasts than in ERA5-Land. This is related with the water removal in the
root-zone soil moisture by the land data assimilation in ERA5 to compensate for the cold temperature
bias. Scandinavia (SC) region also shows large differences in terms of runoff and TWSV between ERA5
and the forecasts and ERA5-Land that are likely associated with snow mass removal by ERA5 data
assimilation, which is known to affect northern basins river discharge (Zsoter et al., 2019). In July-
August the forecasts show a warm minimum temperature bias, which combined with the cold maximum
temperature bias results in an under-estimation of the diurnal cycle amplitude.

Contrasting with the continental European regions, the Mediterranean and Western Europe regions
(WEU, WMED, EMED) do not present such large SMI drifts from ERAS (Figure A 7 Figure A 8 Figure
A 9). However, SMI in ERAS5 is lower than ERA5-Land, in all regions also showing a persistent daily
maximum temperature bias in May-June (from the April-May forecasts), which is mostly negligible in
July-August. Johannsen et al. (2019) found a large cold bias of maximum land surface temperature
(LST) in ERA5 over lberian Peninsula during summer when compared with satellite LST estimates.
These biases were linked to vegetation cover in ERA5 (Nogueira et al., 2020), and are likely to also
affect ERA5 2-metres temperature. Therefore, some caution must be taken when considering ERA5 as
a reference dataset, in particular over small areas as some of the signals might be linked with errors in
ERAS as well as different in-situ observations density used in the data assimilation.
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5 Conclusions

This report aims to (i) document the ECMWF ensemble forecasts lead-time development of systematic
errors in surface-related variables during spring and summer, and (ii) investigate the relation between
the systematic errors and predictive skill. The evaluation has been done for regions on the northern
hemisphere with different characteristics. The biases evolution as function of lead time for the daily
temperature extremes, precipitation and soil moisture index revealed five key temporal/spatial bias
patterns: (i) systematic cold bias of daily maximum temperature in the April-May forecasts at all lead
times in all regions except USA and CASP; (ii) USA with a warm bias mostly in the daily minimum
temperature; (iii) CASP region with a general warm and dry bias; (iv) Western and Mediterranean
Europe with a cold bias in daily minimum temperature mainly in April-May forecasts and (v) continental
Europe with a cold bias in the daily maximum temperature and warm bias of daily minimum temperature
in the June-July forecasts, resulting in an underestimation of the diurnal cycle amplitude. We also found
substantial deviations of the soil moisture evolution with forecast lead time from ERAS state to
conditions closer to ERA5-Land. Further diagnostics including soil moisture increments in ERA5 are
required to disentangle the effects of land data assimilation from forecasts biases.

The current analysis did not identify any clear dependence between the forecast biases and skill. The
main conclusion is while there exist large differences in the systematic error characteristics, there is little
relation to the skill for the sub-seasonal forecasts. However, these results do not reject the hypothesis
that systematic biases affect forecast skill. Despite this, the general and systematic cold maximum daily
temperature and warm minimum daily temperature biases require further attention from model
development (Beljaars, 2020; Nogueira et al., 2020). Reducing this underestimation of the diurnal
temperature range through model development is likely to enhance some of the potential predictability
coming from the long-memory effect of root-zone soil moisture conditions (Dirmeyer, 2005; Koster et
al., 2011).
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Appendix | Forecast skill metrics

This section presents the calculation details of the different metrics used in this study. The equations are
given in Table A 1 with the following description:

e Bias represents the difference between the average forecast ensemble mean and the average of
the reference product (Eq. 1);

e Standard Deviation Ratio (SDR) is the ratio between the temporal standard deviation of the
ensemble mean and the temporal standard deviation of the reference product, which can be
also computed as the square root of the ratio between the ensemble mean and reference
product temporal variance (Eq. 2);

¢ Anomaly Correlation Coefficient (ACC) evaluates the skill of the ensemble mean at
reproducing the reference product spatial pattern anomaly (Eg. 3);

e Brier score (BS) evaluates the accuracy of the ensemble in forecasting a specific event, in this
study below the 25" or above the 75" percentile, by computing the mean square difference
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between the probability of forecasting the event (between 0 and 1) and the actual outcome of
the event (0 or 1) (Eq. 4);

e Signal-to-Noise Ratio (SNR) measures the coherence between the different ensemble
members (Eq. 5).

In Table A 1y and o represent the forecast and the reference product (ERAS in this study), respectively.
N, J, M represent the number of year (20), the number of ensemble members (11) and the number of grid
points in a particular region, respectively. y is the ensemble temporal mean, ¥, is the ensemble mean
and o the reference temporal mean. In the ACC calculation y,, and o, are anomalies relative to the
climatological averages, and ¥’ and o’ are these anomalies averaged over a given region with M grid
points.

The different metrics are four-dimensional (start date, lead time, latitude, longitude), except for the ACC
which is only two dimensional (start data, lead time), and are averaged over the total number of start
dates (split between April-May and June-July). For the ACC, the Fisher Z transform is applied to the
ACC before the temporal averages and then inverted to the correlation, that will represent the average
ACC over a given region. Lastly, a regional mean is applied for all metrics (except ACC) for each
forecast lead time.

Table A 1 — Metrics equations

1 N
Bias=—z Vi — Ok Eq. 1
N k=1

Zg=1(ﬁ_)_])2 Eq 2

SDR = =
Zg:l(ok - 0)2
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1 2
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Appendix Il Auxiliary figures

Figure A 1 —Spatial extent of the regions used in this study. The underlying map shows the minimum
temperature bias of the forecasts initialized in June-July for week 5 lead time, as in Figure 1.
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Figure A 2 — Soil moisture index biases in week 1 to 6 of the forecasts initialized in April-May (top)
and June-July (bottom).
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Figure A 3 — Total precipitation percent biases in week 1 to 6 of the forecasts initialized in April-
May (top) and June-July (bottom).

Technical Memorandum No.873 19



S ECMWF Bias and skill of sub-seasonal forecasts

altp ble 5C o ) smi — ERAS
—— Forecast
20 L ERAS-Land
1,05 4
2.5 1
1.00
i 0.95 4
15 = 0,90 4
- 0.85
L0
0.80
May  jan ol Aug  Sep May  jan ol Aug Sep May  jum  jul Aug Sep
Fl mxat ab mnzt
2925 4 2830
290.0 o 282.5
2875 280.04
285.0 4 277,54
2750
280,04 2725
5 -3
T T T T  roaeel ke T T T T T 270.0 T T T T 1 T T T T T
May  Jun  jul Aug Sep May  Jan o Ay Ses May  Jan Jul Aup Sep May  Jun jul Aug Sep
Figure A 4- As Figure 6 but for the SC region.
EEU  ore dy emi — ERAS
0 L1 — Forecast
ERAS-Land
0.5
0.6
0.4
- - - - 0z -
Tay Jur I AUZ Sep May Jur Il A Sep May lun Jut Aug SER
&) L2m Thmxat ghmn2t
204 I
296 1
2024
296 1
290 4
2944
= 2924
286 o 385
264 4 2854
A8z 286 1
280 T T T T 284 T T — T . T T T T T T
May  Jun i Awp Sep May  Jur  Jul  Aug  Ses Mey  Jun Jul Aug Sep Mey  mn Jul  Aug  Sep
Figure A 5- As Figure 6 but for the EEU region.
altp dj sm — ERAS
3] 114 — Forezast
: =154 ERAS-Land
2.4 1.04
224 -2.0 4 0.9
2.0 4 BE
184 25 o1
164 06 4
3.0
144 0.5
141 r T T -35 : - - T Lhe T
May Jun Jut Auag Sep May Jun Ja Aug Sep May Jun i Aug Sep May Jun Jul Aug Sep
&) 12m Fymx2t gl mn2t h) Twsw
2050 300.0 - 2000 4
0.0
208254 2097:5 4 2875
290.0 295,10 285.0 4 -5
S 2925 2625 EVER
285.0 2800 4 2800
_— -15
282.5 2675 277 54
— 2850 4 - —2.04
- r ! ! ) v : ' ! — : ! ]
May  Jen  lul Aug  Sep May  Jun  Jul Aug Sep May  Jun  lul Aug  Sep

Figure A 6- As Figure 6 but for the RUK region.

20 Technical Memorandum No.873



Bias and skill of sub-seasonal forecasts

CCECMWF

dj smi — ERAS
-1.44 — Forecast
o7 -
— ERAS-Lant
SEL
-2.0
-2.2 4
-1.4
26
-2.8
H:'l! .l.;ﬂ Jul Alliﬂ Sep May Jun JII.II ’-II-I!] 5'90 Hay Jan _'.Ill Aug Sep
&) 12m 1 mx2t Q) mn2t
256 302.5 280
284 300,04 288 4
2824 237.5 286 1
20 4
285.0 - 284 1
288
292.5 2E2 4
286
] 260
7 290.0
! ! ! T T ! | | T ! T T
Mey  Jun ol Bwg Sep May e Jul Aug Sep Mey  Jun Ml Aug Sep
Figure A 7- As Figure 6 but for the WMED region.
3l tp bl e EMED  ciro d) sm — ERAS
] — Forecast
-7 ERAS-Lant
—2.00 -
—2.25 4
-2.50 4
—2.75
300 4
—3.25 -
us - - T =3.50 = + y T T
May Jun Jut Aug Sap May Jun Jul Aug Sep May Jun Jual Aug Sep May Jun Jul A Sep
&) 12m Fymx2t gl mn2t h) Twsw
208
3025
206 200
—0.5
254 4 300.0 P
202 A 2975 286 4 —10
250 29504 28 4
288 2oz 252 15
286 g
2000 - 1
2844 o —2.04
T T T T T T T T T T 278 4 T T T T
May  Jur jul Aug  Sep May  Jun ol Aug Sep May  Jun Jul dug Sep
Figure A 8- As Figure 6 but for the EMED region.
altp WEU  ciro dismi — ERAS
4 1.4 — Forecast
a0 : 1.0 ERAS-Lant
~2.25
-2.50
{ ~2.75
-3.00
A
3,254
T T T .4 T T T
Sep Hay un Jul AUG Sep May Jun i ALg Sep
1] m=2t gl mnZt
296
290 294
288 292
280 290
284 238
282 2885 1
280 ! 234 1 | 20+ T :

| ! T
Mey  Jun ol Aug

v
Sep

! ! !
May  un jul Ay

Figure A 9- As Figure 6 but for the WEU region.

! !
Ay Sep

v v
May  Jun

Technical Memorandum No.873

21



S ECMWF

Bias and skill of sub-seasonal forecasts

Standard deviation ratio (forecasts/ERAS)

April-May

Jun

e-july

1.15 4

1.10 4

1.05 4

1.00

0.95 1
0:90 1 *

0.85 4 @ mx2t April-May

c) mn2t April-May
1.2

0.6 J
e) tp April-May f) tp June-july —
1 2 3 4 5 6 1 2 3 4 5 6
Lead time [weeks]
—e— WMED —=— WEU Gt == —a="5C; —s— EMED —— RUK - CASP —s— USA

Figure A 10- Standard deviation ratio between forescast and ERAS as function of lead time (weeks)
in each region (color lines) for the April-May and June-July starting dates for mx2t (a,b), mn2t (c,d)

and tp (e,f).
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Figure A 11- Brier score as function of lead time (week) for the forecasts initialized in April-May
(left panel) and June-July (vight panels) from top to bottom: mx2t below percentile 25, mx2t above
percentile 75, mn2t below percentile 25, mn2t above percentile 75, tp below percentile 25, and tp
above percentile 75.
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