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This milestone describes the methodology for assessing the uncertainties of climate impact 
indicators and offers users guidance on how to judge the validity of the climate impact 
indicators displayed on the CLIPC portal. 

A questionnaire is designed for a survey with CLIPC partners to collect and characterise the 
sources of uncertainties influencing the ‘degree of confidence’ of climate impact indicators. 
At the same time, user consultations give feedback from potential users of the CLIPC portal 
on the developments of the uncertainty presentation at the portal. Those steps result in a 
‘confidence fact sheet’ that provides the users with information on each climate impact 
indicator.  

We present the results of the survey where CLIPC partners documented a total of twelve 
climate impact indicators. For the user consultation we discussed two hypotheses about the 
uncertainty assessment with a resource person who has expert knowledge and expertise in 
the hydrological impact modelling community. Finally, recommendations for the visual 
implementation of the CLIPC portal are presented. 
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Introduction 
Milestone 37 (MS37) is a constituent part of Work Package 8 (WP8) describing the 
methodology on how to assess the uncertainties of climate impact indicators. The assessment 
consists of several steps. Milestone MS37 focusses on the description of the individual 
measures required to develop a guidance document that enables the users to judge the 
applicability of climate impact indicators in the CLIPC portal (see Figure 1).  Preliminary 
results and initial ideas about the visualisation are presented. A forthcoming milestone 
(MS39) will include the final results and in-depth analyses applied to example climate impact 
indicators.  

 
Figure 1: Scheme of the single actions to build an uncertainty assessment of the climate impact indicators. The 
assessment is composed of two main steps: a questionnaire for a survey with CLIPC partners, and continuous user 
consultations to obtain feedback from potential users of the CLIPC portal and resource persons (who are well versed 
with the subject matter and experts in a specific field) on the developments of the uncertainty presentation. The steps 
result in a confidence fact sheet that provides the users with information on each climate impact indicator. 
 
The CLIPC portal provides two ways to access climate impact indicators. On the one hand, 
there are pre-calculated climate impact indicators; on the other hand the portal provides the 
possibility for the users to calculate their own climate impact indicators. For the sake of 
clarity, we repeat the definition of a climate impact indicator that can be found in Deliverable 
7.1 and which is used in the elaboration of this milestone. 
 
Definition Climate impact indicator is an observed or projected measure that indicates a 

'relevant' environmental/human/economic impact that can be linked to changes 
in the climate. 
 
The CLIPC climate impact indicators are divided into three types (Tiers):  

- Tier-1 climate impact indicator capturing the climatic scope 
- Tier-2 climate impact indicator capturing the bio-physical scope 
- Tier-3 climate impact indicator capturing the socio-economic scope 
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For the pre-calculated climate impact indicators, the uncertainty presentation will consider 
the underlying climate and non-climate data and will be specific and tailored to the climate 
impact indicator (see section ‘Recommendations for the representation of the qualitative 
assessment of uncertainty’), whereas for the second part the user will find recommendations 
on how to calculate climate impact indicators with a high degree of confidence (see section 
‘Recommendations for guidance for the user-specific calculation of climate impact 
indicators’). These recommendations will be developed in close cooperation with the 
deliverable 7.4 “Guidance on use and production of indicators”. 
 
Climate data portals - as the one developed by CLIPC - are designed to provide data to a 
variety of users. The difficulty with developing an uncertainty assessment is that each 
situation is unique: there is a particular climate impact indicator; there are particular data sets 
used with particular uncertainties, there is a particular user with particular needs which makes 
it impossible to sketch every possible situation and to offer individual custom-made 
guidance. A further issue is that - notwithstanding the definitions provided – that different 
users with different backgrounds look at uncertainties from different perspectives and prefer 
different methods or terms (Swart et al., 2009). 
 
The only solution for climate data portals is to present uncertainty guidance – some of them 
even ignore it – in a general way (see review at Climate-ADAPT website ‘Uncertainty 
guidance’, http://climate-adapt.eea.europa.eu/uncertainty-guidance/topic3). The general 
guidance provides the users with a basic understanding of the main sources of uncertainty. 
Often they borrow from existing guidelines that are listed as background reading. Some 
climate data portals present the uncertainties by statistical measures displaying the 
quantifiable fraction of uncertainties. However, none of the climate data portals we have 
reviewed give the users a qualitative guidance how much the user can trust the displayed 
data.  
 
A CLIPC user consultation about the user experiences of existing portals (Deliverable 2.1 
‘User consultation, part 2’) has recognised that climate data portals provide insufficient 
information about uncertainties resulting in one of the major weaknesses of existing climate 
data portals. Therefore, we aim to provide an uncertainty assessment that provides the users 
with climate impact indicator-specific guidance on the degree to which they can trust an 
outcome.  
 
To obtain a degree of confidence, it is essential to examine the single sources of uncertainties 
that are related to a climate impact indicator. There exist several studies that systematically 
analyse uncertainties. The existing uncertainty assessments are developed for specific 
purposes, e.g. modelling of ecosystems (Warmink et al., 2010) or water sector (Refsgaard et 
al., 2007, 2012), or follow a conceptional approach (Walker et al., 2003). They are not 
directly transferable to the CLIPC portal’s aims of covering the uncertainties associated with 
climate and non-climate data.  
 
Uncertainty has for many years been recognised by UN Intergovernmental Panel on Climate 
Change (IPCC) as crucial. According to the latest IPCC uncertainty guidance note 
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(Mastrandrea et al., 2011), the degree of certainty of a finding should be characterised 
qualitatively in terms of the confidence in the validity of a finding and the degree of 
agreement as well as in quantified measures of uncertainty. This qualitative approach has 
been criticised for being oversimplified and potentially leading to misleading overconfidence, 
because it “omits any systematic analysis of the types and levels of uncertainty and quality of 
the evidence, and more importantly dismisses indeterminacy and ignorance as important 
factors in assessing these confidence levels” (Curry, 2011).  
 
CLIPC aims to perform a systematic treatment of uncertainty. The approach for the 
uncertainty assessment combines statistical quantification of uncertainties with a qualitative 
assessment (Maxim and van der Sluijs, 2011). The statistical quantification of the 
uncertainties, mainly focusing on the Tier1 climate impact indicators, is part of the work 
package WP6 (see the forthcoming deliverable 6.3), whereas WP8 elaborates on the 
qualitative assessment for all three types of climate impact indicators (see for further 
information the forthcoming deliverable 8.4). The assessment consists of assembling and 
combining relevant information and related uncertainties, then translating the aggregated 
result into a degree of confidence: 
 
Definition For this assessment, the degree of confidence comprises not only the 

quantifiable fraction of uncertainty, but additionally the degree to which we 
trust an outcome - no matter if this outcome is a climate impact indicator 
derived from surface observations, re-analysis, simulations or projections 
describing the bio-physical or socio-economic impact of climate impact. This 
trust also comprises possible quantities that are deemed unknown.  

 
 
The development of the uncertainty assessment for CLIPC is based first on a questionnaire 
designed to be filled in by CLIPC partners aiming to document the sources of the uncertainty 
related to a number of climate impact indicators (Figure 1). This pool of sources is used to 
obtain a ‘degree of confidence’ for specific climate impact indicators and to develop a 
method on how to present the uncertainties at the portal. A critical input to the development 
is the users’ opinion about the method. To facilitate an early involvement of the users, we 
conduct virtual workshops during the development of the uncertainty tool in cooperation with 
WP2 (see Box 2 in Figure 1).  
 

Defining measures for the uncertainty assessment 
The uncertainty assessment consists of two main tasks: a survey with CLIPC partners, and a 
continuous user consultation during the development of the uncertainty assessment. 

1. Survey with CLIPC partners 

 
A questionnaire was designed to collect the sources of uncertainties of a number of climate 
impact indicators that will be presented at the CLIPC portal. The questionnaire was filled-in 
by the CLIPC partners who will provide the climate impact indicators for the portal. 
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Structure of the questionnaire 
 
The first section of the questionnaire aims at identifying the main sources of uncertainties 
stemming from the calculation of the climate impact indicator from input data and followed 
by a short description and how to assess this source of uncertainty (see Table 1). 
 
After the first section of the identification of the sources of uncertainties, a section about the 
characterisation of these sources follows (Table 2). To determine the degree to which we trust 
an outcome, it is useful to define the origin of a source of uncertainty. Uncertainties can 
originate either from 'incomplete knowledge' or 'unpredictability' (Van den Hoek et al., 2014). 
‘Incomplete knowledge’ arises from the imperfection of our knowledge (Table 2, first 
column). It concerns what ‘we do not know’ at this moment but might know in the future, if 
sufficient time and resources are available to perform additional research or collect more 
data. For instance, models could be improved by adding additional processes, or data might 
be imprecise but could be improved by more accurate measurements. 'Incomplete knowledge' 
is therefore reducible. 'Unpredictability' is caused by the inherent chaotic or variable 
behaviour of, e.g. natural processes, human beings or social processes. It differs from 
'incomplete knowledge' because it concerns what ‘we cannot know’ and therefore cannot be 
reduced or changed by further research. 
 
The next two categories are about the specification of the known limitations affecting the 
reliability of the respective climate impact indicator, and a judgment on its  ‘degree of 
confidence’. Ordinal scales provide a useful way of summarising multiple sources of 
uncertainty (i.e. resulting from different models or observational data sets) to express 
quantitative judgements. It is important to notice that an ordinal scale is a scale that 
comprises two or more categories in a specified order without specifying anything about the 
degree of difference between the categories. The strength of an ordinal scale of judgement is 
that it is applicable for a wide range of data sets and climate impact indicators.  
 
The scale used for the CLIPC questionnaire ranges from high to low confidence and was 
mainly adopted by the scale of judgement by Spiegelhalter (2014) and from the ‘Guidance on 
uncertainty in European Food Safety Authority (EFSA) scientific assessment’ (2015, see B.2 
Melamine example, available at: http://www.efsa.europa.eu/en/ consultations/ call/ 150618). 
The assessment of the ‘degree of confidence’ is similar to the IPCC definition of the levels of 
confidence (Mastrandrea et al., 2011) that integrates the evaluation of evidence and 
agreement. In addition to the combination of evidence and agreement, the levels of 
confidence used for CLIPC take into account the method that was used for calculation of the 
displayed climate impact indicator, i.e. a state-of-the-art method will favour a high level of 
confidence. 
 
  

http://www.efsa.europa.eu/en/%20consultations/%20call/%20150618
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Table 1: First part of questionnaire:  gathering of sources of uncertainties in climate data and climate impact 
indicators. 

Description of uncertainties 

Type of uncertainty 
 
 

Description Method to quantify 
 

Please list all sources 
of uncertainty that arise 
when calculating this 
indicator. 

Please give a short 
description of the 
uncertainty. 

Please list methods to assess the uncertainties 
 
 
(a) Method to assess the uncertainty: how is this uncertainty analysed/measured 
or estimated? 
 
(b) Method to communicate the uncertainty: how is the assessed uncertainty 
recorded? For example, as a standard deviation, as a probability distribution, a 
calibrated vocabulary, or through a qualitative description? Or some combination 
of these? 

 
Table 2: Second part of questionnaire: characterisation of sources of uncertainties of climate data and climate impact 
indicators. 

Characterisation of uncertainties 

Does this source originate 
from 'incomplete knowledge' 
[1] OR 'unpredictability' [2]? 

List of known 
limitations and 
judgment on their 
influence 

Qualitative description 

Please indicate ‘incomplete 
knowledge’ or 
‘unpredictability’. If you say 
'incomplete knowledge' please 
indicate – if possible – how this 
uncertainty source may be 
theoretically reducible. If you 
cannot assign the source to one 
of the categories please say 
why. 
 
[1] ‘Incomplete knowledge’ 
arises from the imperfection of 
our knowledge. It concerns 
what ‘we do not know’ at this 
moment but might know in the 
future if sufficient time and 
resources are available to 
perform additional research or 
collect more data. For instance, 
models could be improved by 
adding additional processes or 
data might be imprecise but 
could be improved by more 
accurate measurements. 
'Incomplete knowledge' is 
therefore reducible. 
 
[2] 'Unpredictability' is caused 
by the inherent chaotic or 
variable behaviour of, e.g. 
natural processes, human beings 
or social processes. It differs 
from 'incomplete knowledge' 
because it concerns what ‘we 
cannot know’ and therefore 
cannot be reduced or changed 
by further research. 

Please provide a list 
of known major 
limitations that 
influence the 
uncertainty. If 
possible judge their 
influence (positive 
or negative). 

Please provide a qualitative expression of confidence of how the types of 
uncertainty affect different data sources. Please provide examples where we 
have high, moderate or low confidence. For near surface temperature over 
Europe, for instance, many of the uncertainties are small, so we have a high 
confidence. For other variables and other regions it may be different. 
 
high 
we understand the underlying processes, we can give good numerical 
assessments, strong evidence in multiple references. We used state-of-the-art 
methods to calculate the indicator (for example for indicators derived from 
modelling data: an ensemble of climate simulations, and in the case of impact 
models, an ensemble of impact models were used) 
 
medium to high 
we are reasonably confident in our analysis, evidence provided in a moderate 
number of references. We used widely accepted methods to calculate the 
indicator (i.e. an ensemble of climate simulations, but only one impact model 
were used). 
 
low to medium 
new evidence could have a substantial impact on our assessment, although no 
major surprises are expected. Evidence in a small number of references. We 
used less accepted (or former pioneer) methods to calculate the indicator (i.e. 
more than one climate simulations were used but not a whole ensemble and 
only one impact model were used). 
 
low 
we have very limited understanding of the processes or possibilities. Resilience 
to unexpected occurrence is called for. Evidence provided in unpublished 
(unverified) reports or few observations. We used a controversial method for the 
calculation (i.e. only one climate simulation and one impact model were used). 
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Selection of climate impact indicators and experts  
 
The selection of climate impact indicators was based on the deliverable 7.1 and an extracted 
priority list that gathered the climate impact indicators that will be calculated for the CLIPC 
portal. The selection was supposed to present all Tiers, themes and data sets (see Table 3) 
 
Table 3: List of documented indicators and contact persons that were asked to fill in the questionnaire. 

Indicator Institute Contact Tier Theme 

Phenology of moths SYKE Kristin Böttcher 2 rural 

Growing season for agriculture JRC Niall McCormick, 2 rural 

Growing season index CERFACS Milka Radojevic 2 rural 

Reconnaissance Drought Index CERFACS Milka Radojevic 2 water/rural 

Tree species habitat suitability JRC Niall McCormick 2 rural 

Potential impact of river flooding 
(LISFLOOD) on settlements TODO Marcel Schonlau 3 urban 

Arctic and Baltic sea ice extent FMI Kari Luojus 2 water 

Land-cover extension below sea-
level PIK Luis Costa 2 water 

Annual vegetation stress JRC Niall McCormick 2 rural 

Intensity of urban heat island PIK Luis Costa 2 urban 

Snow extent  SYKE Kristin Böttcher 2 water 

Natural disaster SYKE Kristin Böttcher 3 water/rural/urban 

 

2. User consultation 

To develop a well-functioning user-oriented uncertainty presentation at the CLIPC portal, 
regular feedback from potential users of the CLIPC portal is needed. There are different 
methodologies to reach users. WP2 proposed to experiment with an alternative methodology, 
such as a virtual workshop. A virtual workshop connects users through the internet. A shared 
desktop allows the organisers to give a presentation about a certain topic to several 
participants at the same time and to show them mock-ups. A subsequent discussion allows 
the organisers to collect feedback on the presented results. A virtual workshop has several 
advantages: It can be planned on a short sequence and it is not a time-consuming tool. It is a 
good mean for developers to interact directly with users and to deepen their understandings of 
users 'needs. It is also indirectly a way to promote the innovated tools. 
 
The user consultation for the uncertainty assessment was planned to pave that way for a 
virtual workshop. The target users for the consultation were impact researchers and boundary 
organisations (i.e. such as the EEA but also consultants, national environmental protection 
agencies or research institutes providing policy support. For more information see 
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Deliverable 2.1). The aim is to evaluate how users expect uncertainties to be presented in 
terms of detail, format and visual presentation. 
 
The setting of the workshops was jointly organised by two institutes. The invitation of users 
by e-mail to join the workshop and the set-up and management of the virtual workshop was 
done by TEC Conseil, whereas the structure and presentation with regards to the content was 
prepared by GERICS. The complete outline of the questions and the presentation of the 
virtual workshop can be found in Appendix B.  
 
After presenting and discussing first ideas of the uncertainty assessment at the CLIPC general 
assembly (2nd/3rd June 2015) and building on our own experiences with uncertainty 
presentations in the field of climate services, we developed two main hypotheses that require 
feedback in order to support the development of the uncertainty assessment:  

 
Hypothesis I A multi-layer approach may be appealing, ranging from a visual 

presentation of the uncertainty to a detailed description in text format 
Hypothesis II A qualitative presentation in form of a list and a classification of the 

sources of uncertainties could be appealing  
 
For the section of the portal where the users can compose their own climate impact indicators 
the consultation aims to find out how much guidance is desired. 
 
Results of survey and user consultation 

3. Summary of survey 

The survey about the identification and characterisation of sources of uncertainties was 
conducted during the summer of  2015. The CLIPC partners documented a total of twelve 
climate impact indicators. The complete documentation of each climate impact indicator can 
be found in Appendix A.  
 
The category ‘qualitative description’ summarise the qualitative expression of confidence in 
each indicator. The range of the documented indicators varies from ‘low-medium’ to ‘high’ 
(see Table 4). Most of the climate impact indicators are described by ‘medium – high’ or 
‘high’ confidence. Three of the documented indicators are not yet provided with a qualitative 
description. The indicator ‘natural disaster’ which it is based on a collection of information of 
the Emergency Events Database EM-DAT (http://www.emdat.be/), which contains essential 
core data on the occurrence and effects of more than 21,000 disasters in the world from 1900 
to present. It has not been decided how and in which format this indicator will be presented at 
the CLIPC portal. The indicators ‘Growing season index’ and ‘Reconnaissance Drought 
Index’ are under development for the CLIPC portal and need to be further assessed by 
experts. 
  

http://www.emdat.be/
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Table 4: Results of survey and distribution of qualitative description of climate impact indicators. 

low - medium medium - high high Not yet assessed 
Land-cover extension 
below sea-level 

Phenology of moths 
 
Intensity of urban heat island  
 
Snow extent  
 
Annual vegetation stress 
 
Tree species habitat suitability 

Potential impact of river 
flooding (LISFLOOD) 
on settlements  
 
Arctic and Baltic sea ice 
extent 
 
Growing season for 
agriculture 

Reconnaissance Drought 
Index  
 
Growing season index 
 
Natural disaster 

 
 
Next steps 
 
The indicators are composed of either only climate data or of a combination with non-climate 
data (see Table 5). The climate input variables used are: in-situ, modelled and remote-sensing 
data. As a next step (MS39) we aim to harmonise the documentation of these three types of 
climate input data. This means that we want to identify where climate impact indicators share 
the same sources of uncertainties to ensure that the consistent explanations and wordings are 
used. The thorough documentation of the climate input variables builds a basis for all climate 
impact indicators, and can reused for further climate impact indicators that were not part of 
the survey.  
 
 
Table 5: Documented indicators and types of input data 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

The qualitative judgement may differ depending on the variable and its spatial and temporal 
dimension of the climate input variables. The experts (Table 6) will be asked to provide 
examples for low, medium and high confidence in the underlying climate input variables for 
MS39. For example, medium confidence is given for in-situ air temperature: if there is a 

Indicator Tier Climate data Non-climate data 

Phenology of moths 2 in-situ yes 

Growing season for agriculture 2 in-situ no 

Growing season index 2 in-situ no 

Reconnaissance Drought Index 2 in-situ no 

Tree species habitat suitability 2 model yes 

Potential impact of river flooding 
(LISFLOOD) on settlements 3 model yes 

Arctic and Baltic sea ice extent 2 model yes 

Land-cover extension below sea-
level 2 model yes 

Annual vegetation stress 2 remote sensing yes 

Intensity of urban heat island 2 remote sensing yes 

Snow extent 2 remote sensing no 

Natural disaster 3 Not applicable Not applicable 
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sufficient number of observation stations to feed into the analyses, uncertainties are reduced. 
However when using a single station or a very small region, analysis uncertainty is much 
larger, especially in regions where data have not been homogenised. 
 
Table 6: Types of climate input data and partner institutes for documentation. 
 

Type of data Partners Contact 

climate modelling data HZG Juliane Otto 

in-situ climate MetOffice Kate Willet 

remote sensing UREAD Debbie Clifford 

re-analysis data SMHI Lars Bärring 

bias-adjusted data SMHI Lars Bärring 

 

4. Preliminary results of user consultation 

The user consultation for the uncertainty assessment was the first trial balloon for a virtual 
workshop which was held on 16th September 2015. Because of too few responses to the 
invitations to the workshop, we could test the methodology with only one participant. 
Fortunately, the user did not participate as a default user but as a ‘resource person’ which 
means he does not only have experience in uncertainty analysis in climate change impacts on 
hydrology but also knows the hydrological impact modelling community very well. The 
complete documentation of the interview is documented in a scheduled deliverable ‘User 
evaluation’ of WP2. 
 
The participant mainly supported the two hypotheses and made valuable recommendations 
(see Table 7). 
 
Table 7: Summary of interview with user #1. 
 Quotes_ Recommendations 
Hypothesis I  
a multi-layer approach may be appealing, 
ranging from a visual presentation of the 
uncertainty to a detailed description in text 
format 
 

Yes, is useful. 
 

 

Hypothesis II 
a qualitative presentation in form of a list 
and a classification of the sources of 
uncertainties could be appealing 

“Impact researchers are used to sample all 
uncertainties and to use quantitative ways to 
evaluate them. But a non-quantitative way 
to assess uncertainty could be useful.” 
 
 
“The number of sources of uncertainty is 
not relevant.” 
 
“List of methods to access uncertainties is 
not helpful.” 
 
"We are more and more concerned by 
different types of uncertainty" 
 
 
 
 

“You have to define precisely this expert 
judgment, to have a pop-up which explains 
what is exactly this expert judgment", to 
avoid a black box, to give a maximum of 
transparency.” 
 
“A ranking of sources of uncertainties could 
be useful.“ 
 
“A warning towards the most important 
sources of uncertainties, with confidence 
ranks. This could lead for example to a 
ranking of the different sources, with 
methods to do this ranking.” 
 
“Different degrees of precision about 
uncertainty could be proposed (user could 
choose the degree of precision he needs) 
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and recommendation what a user can drop 
out 'safely' " 
 

 
For the section of the CLIPC portal where the users can calculate their own climate impact 
indicators, we wanted to know if, and how much guidance is desirable. According to the 
participant, guidance for the calculation of indicators “could be a great achievement". For 
users who want to retrieve climate input data, they would appreciate to have direct 
recommendations, i.e. provided by pop-ups with information like "Please use this 
map/indicator/data for this and not for this". 
 
Next steps 
 
Further virtual workshops with other participants will follow and be discussed in M39. 
 
 
Ideas on uncertainty guidance at the CLIPC portal 

5. Recommendations for the representation of the qualitative 
assessment of uncertainty  

In the context of climate impact assessment, users have expressed interest in a qualitative 
expression of uncertainties (e.g. Wardekker et al., 2008), both verbal and graphical 
approaches. Experiences with user interactions of other projects and a discussion at the 
CLIPC visualisation workshop held at Haarlem on 29th July 2015 have shown that users 
prefer to have a graphical summary of uncertainty that leads, in a second step, to detailed 
information about it. 
 
Visual ideas for presentation 
 
The idea of the technical and visual representation of the ‘degree of confidence’ will be 
explained using the climate impact indicator ‘Tree species habitat suitability’ which is 
defined as determining the optimal environmental conditions for 32 major European tree 
species, modelled for present and future climates (see Appendix A).  
 
The qualitative judgment of the climate impact indicator will be transformed into a graphical 
representation (see Figure 2) to summarise the ‘degree of confidence’ about the displayed 
climate impact indicator. For this example, the ‘degree of confidence’ was indicated in the 
survey as ‘medium to high’. 
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Figure 2: Technical implementation scheme of climate impact viewer with 'degree of confidence'. 
 
 
 

 
Figure 3: Scheme of confidence fact sheet. This is an example for the climate impact indicator ‘Tree species habitat 
suitability’ with climate modelling for Europe and 2050. By hovering over the single boxes, pop-up windows with 
explanatory information will be displayed. 
 
By clicking on the visual representation of the ‘degree of confidence’, the user will be 
provided with further information. This information is then displayed in a ‘confidence fact 
sheet’ (see Figure 3). Here, the main sources of uncertainties are listed and characterised and 
their influence on the overall ‘degree of confidence’ is documented. The information is 
separately displayed for climate and non-climate components of the climate impact indicator 
(see Figure 3).  
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6. Recommendations for guidance for the user-specific calculation of 
climate impact indicators 

Beside the pre-calculated climate impact indicators, the users are going to have the 
opportunity to choose from climate projections their own combination of simulations for the 
calculation of climate impact indicators. For these user-dependent indicators, it will be 
challenging to give a full uncertainty assessment.  
 
The users will be informed that they are entering a section without uncertainty assessment. 
The graphical representation for the uncertainty information of the pre-calculated climate 
impact indicators, for example, could be replaced by a warning that says the results are 
shown without an uncertainty assessment. 
 
In addition, a checklist of what to keep in mind when dealing with climate change projections 
will be available. These recommendations will guide the users how to calculate climate 
impact indicators (Tier 1) with a high ‘degree of confidence’.  
 
Example of checklist (excerpt adopted from internal guidance for EURO-CORDEX climate 
projections data use): 
 

• It is recommended to use the greatest possible model ensemble for evaluation and 
application of climate model results in order to achieve robust results.  

• Analysing mean and standard deviation of ensemble members is the simplest method to 
estimate the bandwidth of a result, but possible outliers often have a large influence on the 
outcome. This can be avoided by calculating median and suitable low and high percentiles.  
 

This set of recommendations gives only a first impression of how the user will be guided. 
Further development will follow in close cooperation with WP7 (see the forthcoming 
deliverable 7.4). The checklist will be extended by a list of available guidance for further 
reading.   
 
Example of existing guidance documents: 
 
Guidance on using and interpreting multi model ensemble climate projections  
 
This IPCC guide provides practice guidance on assessing and combining multi model climate 
projections:  IPCC: Good Practice Guidance Paper on Assessing and Combining Multi Model 
Climate Projections ↑ http://www.ipcc.ch/pdf/supporting-material/expert-meeting-assessing-
multi-model projections-2010-01.pdf  
 
The World Meteorological Organization (WMO) provides a general guide to best practices in 
climatology, including references to other technical guidance and information sources:  
WMO Guide to Climatological Practices: World Meteorological Organization, 2011: Guide 
to Climatological Practices, WMO-No. 100, World Meteorological Organization, Geneva, 
ISBN 978-92-63-10100-6 ↑ http://www.wmo.int/pages/prog/wcp/ccl/ guide/documents/ 
WMO_100_en.pdf  
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Guidance specific for climate impact and adaptation assessment  
 
In the frame of the EU FP7 project ECLISE - Enabling CLimate Information Services for 
Europe, a nice user guide on dealing with uncertainties in climate change projection and the  
relevance for decision making in adaptation had been developed by Pelt and Ludwig: 
ECLISE user guide on uncertainties: Dealing with uncertainties in climate scenarios for 
adaptation  Pelt S and Ludwig F: Dealing with uncertainties in climate scenarios for 
adaptation. ECLISE user guide on uncertainties, ECLISE Report D1.2  
↑ http://www.eclise-project.eu/content/mm_files/do_824/D%201.2- 
User%20guide%20on%20uncertainties.pdf  
 
Harris et al. (2014) prepared a checklist on the usage and interpretation of climate projections 
for ecological studies. ↑ http://onlinelibrary.wiley.com/doi/10.1002/wcc.291/abstract 

 
 
 
Summary and overview 
 
The methodology of the CLIPC portal for a qualitative uncertainty assessment of climate 
impact indicators consists of several steps (Figure 1). First a questionnaire is designed for a 
survey with CLIPC partners to collect and characterise the sources of uncertainties 
influencing the ‘degree of confidence’ of climate impact indicators. In parallel, user 
consultations give feedback from potential users of the CLIPC portal on the developments of 
the uncertainty presentation at the portal. Those steps result in a ‘confidence fact sheet’ that 
provides the users with information on each climate impact indicator (see Figure 1). 
 
The qualitative uncertainty assessment considers – if available - a quantitative assessment. 
With statistical methods the quantitative fraction of the uncertainties can be analysed and 
displayed. These quantitative measures contribute to the degree to which we trust a climate 
impact indicator (see Figure 4).   
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Figure 4: Scheme of the qualitative uncertainty assessment: there exist different measures how to assess the 
quantifiable fraction of uncertainty (1), the qualitative judgement (2) aims to assess the validity of a climate impact 
indicator by considering the quantifiable fraction of uncertainty but also everything what we know about the 
indicator, i.e. the quality of the methods used for the calculation, evidence in references, limitations, etc. We try to 
capture all the so-called ‘known unknowns’.  However, there are limitations in the assessment of uncertainties hence 
to issues we are not even aware of that we are not aware of (3), the so-called ‘unknown unknowns’ or ‘meta-
ignorance’ (Spiegelhalter and Riesch, 2011).  These are important factors in assessing the degree of confidence (Curry, 
2011) so the qualitative uncertainty assessment aims to consider at least the known unknowns and tries to 
acknowledge the unknown unknowns. 
 
The assessment of the quantifiable part of the uncertainty is not described in this milestone as 
it belongs to WP6 (see the forthcoming deliverable 6.3) but we want to mention it here for the 
sake of completeness. Table 8 summarises the methods used for the uncertainty assessment in 
CLIPC. 
 
 
Table 8: Summary of methodology for uncertainty assessment for CLIPC portal, split a qualitative (WP8, see the 
forthcoming deliverable 8.4) and into quantifiable assessment (WP6, see the forthcoming deliverable 6.3). 
 
 Methodology How Task 

within 
CLIPC 

 
Qualitative 
assessment 

 
Confidence Fact Sheet with visual 
summary of degree of confidence 

 
A questionnaire aims to collect sources of uncertainties of 
a climate impact indicators combined with a qualitative 
judgement. This information is transformed into a visual 
representation expressing the ‘degree of confidence’. It 
serves as a teaser to guide the user to the confidence fact 
sheet where the single sources of uncertainties are 
described and characterised.  
A continuous user consultation provides us with feedback 
to the development. 
 

 
WP 8  
 
 

 
Quantitative 
assessment 
 

 
Time series with bandwidth 
 
 
 
 
 
 
 

 
A relatively simple measure of the robustness of climate 
ensemble projections is the agreement of the individual 
simulation results on the direction of the projected 
changes (Mastrandrea et al., 2011, "How to read a 
Climate-Fact-Sheet", 
http://tinyurl.com/HowToReadAClimateFactSheet).  
 
 

 
WP 6 
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Spatial visualisation of robust climate 
change signals 
 

For all areas with robust climate change signals, ensemble 
median changes are highlighted with colours. All areas 
with non-robust changes are marked with grey. Only one 
direction of changes is considered (increase); in regions 
where the changes have the opposite sign, no information 
is displayed (Pfeifer et al., 2015). Projected changes are 
regarded as robust, if at least 2/3 of all models project 
changes are: 
- in the same direction (decrease/increase), and 
- statistically significant, and 
- insensitive to small shifts of the reference and scenario 
time periods. 
 

 

 
How to proceed  
 
The work of M37 resulted in a collection of sources of uncertainties that influence the 
‘degree of confidence’ of each climate impact indicator. A subsequent step will be to use 
expert judgement to rank these sources in terms of their relative importance in influencing the 
overall ‘degree of confidence’ of the respective climate impact indicator. This will help the 
users to better understand the role of the sources of uncertainties and how they influence the 
confidence. 
 
An aspect of the uncertainty assessment that seeks for more transparency is the qualitative 
judgement (Yohe and Oppenheimer, 2011) of the questionnaire (see Table 2). The qualitative 
judgement of the survey reflects the subjective opinion of CLIPC partners. We want to go 
further and sharpen this expert judgement. Since there may be reasons to judge differently on 
relevance and evidence that contribute to the ‘degree of confidence’, we want to establish a 
comprehensive methodology and guidance towards this judgement (see the forthcoming 
milestone MS39). To better explore how to develop an expert judgement, we will consider 
previously employed methods of formal expert elicitation (Zickfeld et al., 2010).  
 
A great deal of the climate impact indicators capturing the bio-physical and socio-economic 
scope are calculated from climate and non-climate data. So far in the questionnaire, the 
sources of uncertainties have been considered separately. How the sources of uncertainty of 
climate and non-climate data relate to each other, and how they may intensify or weaken the 
‘degree of confidence’ is another focus of the follow-up work. 
 
A formal expert elicitation that has been successfully applied among others in the field of 
uncertainty and climate change adaptation is the NUSAP (numeral, unit, spread, assessment, 
pedigree) (e.g. van der Sluijs et al. 2005a,b). This method was designed to combine 
quantitative assessments of uncertainty with qualitative judgements. It thus allows for a 
systematic consideration of the different dimension of the uncertainties. The category 
‘assessment’ provides a place for a concise expression of the salient qualitative judgments 
about the information. The pedigree is expressed by means of a matrix; the columns represent 
the various phases of production or use of the information, and within each column there are 
modes normatively ranked descriptions. The NUSAP method will be scrutinised for its 
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sustainability for the aims of the uncertainty assessment to provide a transparent basis for the 
expert judgment with a more precise analysis of how the sources of uncertainties influence 
the ‘degree of confidence’. 
 
The survey provides us with an uncertainty assessment of a set of climate impact indicators 
but the documentation of these climate impact indicators differ in the level of complexity. 
The answers of the questionnaire need to be checked for completeness to identify the 
indicators that lack information. The CLIPC experts will be asked to provide the missing 
information; if this is not feasible, other experts in the relevant field need to be contacted. 
Some climate impact indicators share the same sources of uncertainties. Thus, another step is 
to harmonise the sources of uncertainties, i.e. to check that the same definitions and 
expressions are used in the documentation. 
 
The climate input data for the twelve documented climate impact indicators stem from 
climate modelling data, in-situ measurements or satellite data. We aim to have a complete 
documentation of the underlying climate data that comprises also re-analysis and bias-
adjusted data. For the documentation of the underlying climate variables, we will have to take 
into account the specific uncertainties depending on the spatial and temporal dimension of the 
data. This will be done in close cooperation with WP6. 
 
The user consultation was intended to give input for the development of the uncertainty 
assessment and the representation and visualisation at the CLIPC portal. The opinion and 
feedback of a ‘resource person’ of the water sector has been incorporated. Further virtual 
workshops are planned, will be analysed and considered in the further development of the 
presentation of the uncertainty assessment at the CLIPC portal. 
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Appendix A 
The full assessment of all climate impact indicators by the CLIPC partners (see Table 3) are 
listed below. 
 
Table 9: Assessment of indicator 1: moth phenology 
Definition: The indicator is based on observations of moth phenology gathered through the Finnish national moth monitoring scheme 
(Nocturna) accompanied with climatic observations and remote-sensing data on phenomena such as snow melt in the spring, greening and 
autumn foliage of deciduous trees. Remote-sensing and climatic data will be used to model the flight period for a number of selected moth 
species. 

Type of 
uncertainty Description Method to quantify 

Do this source 
originate rather from 
'incomplete 
knowledge' [1] OR 
'unpredictability' [2]? 

List of known 
limitations and 
judgment on 
their influence Qualitative description 

[1] Moth 
phenology data 

[1] Moth phenology 
observations are 
collected using an 
average 7-day 
observational period. 

[1] Length of the 
period (days). 

[1] 'Incomplete 
knowledge' because the 
observational period 
cannot be shorter than 7 
days for logistical 
reasons. 

[1] Observational 
period longer than 
one day causes 
uncertainty in the 
response variable 
of the 
phenological 
models. 

[1] medium: uncertainty due 
to the length of 
observational period can be 
computed for each 
observation but currently it 
cannot be included in the 
predictive phenological 
models. 

[2] Latitude [2] Latitude of each 
trap site is presented 
as the ycoordinate of 
the Finnish national 
uniform grid system 
(YKJ).  

[2] Ycoordinate of the 
trap location is given 
in metres (m) 

[2] ’Incomplete 
knowledge’ as there is a 
small measurement 
error in GPS equipment.  

[2] Locations of 
the moth have 
been measured 
using GPS 
equipment which 
typically have a 
measurement error 
of a few metres. 

[2] high: spatial error due to 
GPS measurements is very 
small compared to the scale 
of phenology models and its 
impact on the model 
predictions may be 
considered negligible. 

[3] Uncertainty 
in climate 
indicators 

[3] Calculations are 
done with interpolated 
daily station data on a 
10 km x 10 km grid. 
The gridded 
temperature data 
represents the mean 
altitude in a grid cell. 
However, the 
locations of moths 
traps can be at 
different altitudes or 
could be influence by 
microclimatic 
conditions not 
captured by the 
gridded data. 

[3] Some information 
about the interpolation 
error for the 
temperature grid 
exists. This has not 
been carried through 
to the actual climate 
indicators (thermal 
sums for different 
thresholds). 

[3] ‘Unpredictability’ as 
there is some inherent 
uncertainty in the 
methodology of 
deriving the gridded 
temperature data on the 
basis of existing 
weather stations and 
matching these to the 
locations of the moths 
trap sites. 

[3] The gridded 
data has know 
uncertainties 
which is typically 
highest in areas 
with lower station 
density. The 
number of stations 
also varies in time. 

[3] high: temperature is 
being measured in fairly 
dense station network and 
spatial interpolation usually 
works well. The calculation 
of thermal temperature 
sums is also agregating 
daily time step temperature 
data, hence reducing 
uncertainty of single time-
steps. 

[4] Snow melt 
date 

[4] The uncertainty is 
associated to the 
accuracy of the FSC 
maps AND the 
(temporal) length of 
data gaps in the time 
series caused by the 
cloud cover. 

[4] Accuracy of FSC 
maps can be evaluated 
against ground truth 
observations. 
The lenght of the 
temporal gap due to 
cloud cover can be 
quantified from the 
time series.  

[4] 'Incomplete 
knowledge' as there are 
uncertainties in the 
Earth observation data. 

[4] The temporal 
length of data gaps 
increases the 
uncertainty if 
melting occurs 
within that gap-
period. 

[4] Medium: depends on the 
cloudiness and the stability 
of snow season (intermittent 
snow and short snow peaks 
are not easily mapped). 



CLIPC MS37 
 

 
 

22 

[5] Vegetation 
greening date: 
a) uncertainty 
due to data 
gaps due to 
clouds;  
b) uncertainty 
related to signal 
contamination 
by clouds and 
atmosphere; 
c) uncertainty 
related to the 
detection 
algorithm 

[5] a) Cloud cover 
leads to temporal gaps 
in the satellite-time 
series. Observations 
during the time of the 
greening-up of 
vegetation could 
therfore be missing.; 
b) Undetected clouds 
and mixed cloud pixel 
and other atmospheric 
effects lead to outliers 
and noise in the time 
series.  
 
c) The greening-up 
detection is based on 
an increase of the 
Normalized 
Difference Water 
Index after snow melt 
in spring. In high 
northern latitudes 
snow melt and 
greening-up may 
occur at the same 
time. In this case the 
retrieved greening-up 
would be too late. 

[5] a) The number of 
missing observation 
due to cloud cover can 
be quantified an 
included in 
uncertainty 
assessment. Time 
series with long gaps 
(<14 days) within the 
period of green-up are 
excluded for 
extraction of greening-
up. 
b) Outliers can be 
detected based on 
statistical methods and 
removed from the time 
series. The noise level 
in the Normalized 
Difference Water 
Index time series can 
be assessed during the 
period with minimal 
changes in phenology 
and without snow 
cover. The noise level 
is considered as a 
relative threshold 
value in the retrieval 
algorithm. 
c) Additional data (for 
example from web-
camera observation) 
could be used to verify 
in specific locations. 

[5] a)' unpredictability': 
in the case of optical 
instrument (on which 
the method is based on), 
because clouds hinder 
the observation of the 
surface.  
b)'incomplete 
knowledge'; 
c) 'incomplete 
knowledge' 

[5] The temporal 
data gaps increase 
uncertainty if the 
greening up 
occurs within that 
gap-period. The 
real greening-up 
could occur earlier 
or later than 
satellite-derived 
greening up.  
Furthermore, 
spatial data gaps 
occur when time 
series with long 
temporal gaps are 
excluded from 
retrieval of 
greening date.  
Sea/lake and 
urban areas are 
excluded from the 
detection. Due to 
mixed signal in 
the satellite pixels 
the greening date 
is not provided for 
areas close to 
lakes/sea. 

[5] medium to high: The 
method by Delbart et al. 
(2005) was verified against 
in situ phenological 
observation in Siberia. The 
observed RMSE was 6.7 
days and the bias was 
negligible (Delbart et al. 
2006. Remote sensing of 
spring phenology in boreal 
regions: A free of snow-
effect method using NOAA-
AVHRR and SPOT-VGT 
data (1982-2004). Remote 
Sensing of Environment 
101: 52-62.). We evaluated 
the retrieved greening dates 
with in situ observations in 
Finland and obtained an 
RMSE of 7 days and a late 
bias of 2 days (N=24). It has 
to be noted that 
phenological in situ 
observations are carried out 
on a few number of trees, 
whereas the observed 
greening date indicates 
greening up of all 
vegetation within a satellite 
pixel.  

[6] Modelling 
uncertainty 

[6] Correlations 
between moth 
phenology and 
climate or satellite-
based indicators are 
not perfect, as there 
are other (biotic and 
non-biotic) factors 
influencing the 
phenology. There is 
some uncertainty 
inherent to statiscal 
modelling 
methodology. 

[6] Standard errors 
(SE) of the model 
parameters 

[6] 'Unpredictability' 
because the type of 
uncertainty is due to 
statistical modelling 
methology. 

[6] There is some 
uncertainty 
affecting the 
model parametre 
values but this can 
be quantified 
using the standard 
error values. 

[6] high: the uncertainty 
connected with statistical 
models is well described in 
the literature and it can be 
quantified. 
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Table 10: Assessment of indicator 2: Growing season of agriculture 
Definition: Number of days per year between first five-day period with average daily temperature above 5 ºC, and last five-day period with 
average daily temperature below 5 ºC. 

Type of 
uncertainty Description 

Method to 
quantify 

Do this source 
originate rather 
from 'incomplete 
knowledge' [1] OR 
'unpredictability' 
[2]? 

List of known 
limitations and 
judgment on 
their influence 

Qualitative 
description 

Uncertainties 
due to different 
definitions of 
length of 
growing season. 

These uncertainties arise due to 
different methods used to define 
and measure the length of 
growing season. One common 
method is based on the number 
of days per year that are suitable 
for crop germination and growth 
(i.e. average daily temperatures 
above 5 or 6 ºC). Another 
method is based on the number 
of days per year that are frost-
free (i.e. minimum daily 
temperatures above 0 ºC). Still 
another method computes the 
start and end of the growing 
season using time-series of 
satellite-measured biophysical 
parameters such as the Fraction 
of Absorbed Photosynthetically 
Active Radiation (fAPAR). 

Comparison of 
growing season 
lengths computed 
using different 
methods and 
definitions. 

Incomplete 
knowledge, may be 
improved by further 
research, such as 
analysis of growing 
season lengths for 
specific crops and 
geographic regions. 

Difficulties of 
selecting 
environmental 
factors affecting 
growing season 
length that are 
representative for 
all crop types and 
geographic 
regions.  

“High” level of 
confidence: The 
underlying processes 
are understood, good 
numerical 
assessments are 
available, with strong 
evidence in multiple 
references. The 
indicator is calculated 
using established, 
state-of-the-art 
methods and input 
meteorological data. 

Uncertainties 
due to other 
environmental 
factors affecting 
the growth of 
agricultural 
crops. 

These uncertainties arise due to 
the influence of environmental 
factors other than ambient 
temperature on crop growth (e.g. 
unseasonal drought or disease). 

Comparison of 
growing season 
length with other 
environmental 
indicators (e.g 
standardized 
precipitation 
index). 

Incomplete 
knowledge, may be 
improved by further 
research on 
environmental factors 
affecting growing 
season length. 

  Uncertainties 
due to spatial 
interpolation of 
daily 
meteorological 
data. 

These uncertainties are related to 
the conversion of daily 
meteorological observations (e.g. 
temperature, rainfall) from an 
irregular spatial distribution of 
weather stations for specific 
points, to a regular, continuous 
spatial distribution of 25x25 km 
grid-cells. 

Validation of 
interpolated daily 
meteorological 
data, by separate 
interpolations 
excluding specific 
weather stations, 
and correlation of 
interpolated and 
measured data. 

Incomplete 
knowledge, may be 
improved by 
increased number of 
weather stations 
providing daily 
meteorological data. 

   

  



CLIPC MS37 
 

 
 

24 

Table 11: Assessment of indicator 3: growing season index (GSI) 
Definition:  Growing Season Index is defined for olive. The product of low temperature, solar radiation, evaporative demand, and 
photoperiod forms a combined model, the GSI, that can be calculated daily and integrated as a 21-day running average. 

Type of 
uncertainty Description 

Method to 
quantify 

Do this source 
originate rather 
from 'incomplete 
knowledge' [1] OR 
'unpredictability' 
[2]? 

List of known 
limitations and 
judgment on 
their influence 

Qualitative 
description Comments 

Heterogeneity GSI for olives is a 
combination of the four 
sub-indices of (i) 
minimum air temperature, 
(ii) potential evapo-
transipiration, (iii) Solar 
adiation at surface, and 
(iv) photoperiod. Its aim 
is to portray their 
combined effect on both 
vegetative and 
reproductive phase of 
olive tree by single index. 

Statistical 
tests might be 
used as part 
of meta-
analysis 
(statistical 
analysis 
where results 
from 
randomly 
selected cases 
are 
combined). 

Both but also from 
its recent-time 
acquisition of 
current profile. 

Further 
reformulation 
and development 
might be 
necessary. 

GSI is based on the 
simple approach for 
describing and 
quantifying a long-term 
infulence of 
weather/climate and 
astronomical factors on 
olive growth.  

GSI is recently 
developed 
climate impact 
indicator. 
Further 
investigation 
might clarify 
uncertainity 
questions 
related to 
choice of data 
and thersholds. 

Parameter 
(second-order 
uncertainty) 

In between lower and 
upper subindex 
thresholds, olive's 
phenological responses to 
climate are assumed to 
vary linearly from 
incative to uncontrained. 
This is a highly restrictive 
hypothesis for a non-
linear system such is 
plant development.Multi-
parameter optimisation is 
based on modelled and 
observed  
phenological stages of 
olives over a limited 
number of monitoring 
sites. 

It might not 
be applicable 
since 
references for 
validation 
purposes are 
not directly 
available. 

Computational 
parameterization 
simplicity 

Thresholds are 
defined as 
integer numbers 
which excludes 
input data that 
might be very 
close to the 
defined interval. 

Coefficients and 
defined thresholds are 
based on a limited 
number of experiments 
in Mediterannean 
regions of olive 
production. 

 Aggregated 

Each subindex reflects 
acertain level of both 
systematic and data 
uncertainity. As such, 
they contribute to a total 
uncrtainty.  

 

Complexity of 
linking processes of 
different nature 

Taking into 
account only the 
most effective 
factors on olive 
growts, GSI 
represents a 
simple tool for 
providing an 
overview for 
management 
purposes over a 
long term. 

Total uncertainty arises 
from various sources of 
erros issued from the 
subindices such as data 
characteristics, intial 
assumptions and 
efficients/thresholds. 
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Table 12: Assessment of indicator 4: Reconnaissance Drought Index 
Definition: the indicator describes drought intensity from cumulative values of precipitation (P) and potential evapotranspiration 
(PET) over a specified area (e.g, river basin). 

Type of 
uncertainty Description 

Method to 
quantify 

Do this source originate 
rather from 'incomplete 
knowledge' [1] OR 
'unpredictability' [2]? 

List of known limitations 
and judgment on their 
influence 

Qualitative 
description 

Systematic A balance between precipitation 
infiltrated by crops and loss of 
water through evaporation and 
transpiration from crops depends 
on other quantities. Type of olives 
(variety), crop management, 
altitude, soil type, soil water 
content, soil temperature, and 
rainfall intensity are not known 
neither taken into account in the 
RDI. 

Pseudo-
experiment using 
cumulative 
distribution 
function 
of the RDI multi-
site time series. 

None of suggested. 
[3] Complexity/diversity 
of system. 
might be adjusted by: 
calibration of RDI with 
empirically-based 
parametrization of other 
relevant factors. 

The RDI is basic indicator of 
water balance at surface 
over any ground cover. In 
order to adjust RDI for a 
specific crop and region, a 
long-term field experiments 
under a wide range of land 
and crop conditions would 
be although necessary. 

 Alternative 
data 

Precipitation infiltrated by crops 
is approximated by observed 
accumulated precipitation (AP) 
while  
potential evapo-transpiration 
(PET) is used to estimate loss of 
water from crops. 

Comparing 
distribution 
functions. 

None of suggested. 
[4] Uncertainity is due to 
space-time availability of 
required variables both 
climatic and non-climatic. 

Due to accuracy and 
realibility errors, use of 
alternative data increases the 
robustness of RDI. This is 
especially the case for RDI 
representing a non-
homogeneous hydrological 
basin with input data 
available from a few sites.  

 Processing 
methods 

Methodology is associated with a 
choice of time and space scale for 
RDI and therefore with length, 
density and quality of alternative 
data: 
- In case of observational multi-
sites dataset over a river basin, 
spatial interpolation technique and 
adjustment for elevation are 
applied. 
- Estimating instead calculating 
PET: from air temperature using 
simple method or as complex 
function of several climatic 
variables.  

Statistical 
methods such as 
mean, variance, 
standard 
deviation and 
tests of 
significance. 

None of suggested. 
[4] Uncertainity is due to 
space-time availability of 
required variables both 
climatic and non-climatic. 
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Table 13: Assessment of indicator 5: Tree species habitat suitability 

Definition: Optimal environmental conditions for 32 major European tree species, modelled for present and future climates. 

Type of 
uncertainty Description Method to quantify 

Do this source 
originate rather from 
'incomplete 
knowledge' [1] OR 
'unpredictability' [2]? 

List of known 
limitations and 
judgment on their 
influence 

Qualitative 
description 

Inherent 
uncertainties 
of global 
climate 
models 
(GCMs) 

These are uncertainties 
inherent in the selected 
models (HADCM3, 
CCCMA, CSIRO, average 
ensemble) and emission 
scenarios (A2a and B2a) 
that are used to project 
future climate changes. 
They arise mainly due to 
natural climate variability 
(especially over relatively 
short time scales), 
incomplete representation 
by GCMs of Earth system 
processes, and uncertainty 
over the scale of future 
global emissions of 
greenhouse gases (GHGs). 

Statistical techniques 
such as posterior 
predictive 
assessment of 
discrepancies 
between simulated 
and real data, and 
modelling the 
relative contributions 
of different sources 
of uncertainty (e.g. 
choice of climate 
model, choice of 
emissions scenario, 
internal variability of 
climate system). 

Incomplete knowledge 
may be improved by 
further research, 
including regional 
climate models, and 
statistical downscaling 
techniques. 

Limitations of current 
models for simulating 
important processes, 
such as the climatic 
effects of man-made 
aerosols (in the case 
of global climate 
models), and 
anthropogenic 
influences on the 
potential distribution 
of forest tree species 
(in the case of habitat 
suitability models). 

“Medium to high” level 
of confidence: Indicator 
is calculated using 
established, state-of-
the-art methods, based 
on an ensemble 
learning technique (the 
Random Forest 
algorithm) in 
conjunction with an 
ensemble of climate 
simulations, for the 
classification and 
regression of present 
and future forest tree 
habitat suitability. 
Evidence is provided in 
a moderate number of 
references. 

Quality of 
input data for 
forest tree 
species 
suitability 
model 

These are uncertainties 
arising from the quality of 
the input data used in the 
Random Forest (RF) forest 
tree species suitability 
model. They include the 
relatively low spatial 
resolution of some input 
factors (e.g. soil and 
topography), and the 
imbalance between the 
number of “presence” and 
“absence” records in the 
European database on 
forest condition (Forest 
Focus). 

Comparison of 
models results using 
varying input 
paramets (e.g. spatial 
resolution of input 
data, number of 
“presence” / 
“absence” records). 

Incomplete knowledge, 
may be improved by 
further research, 
including higher spatial 
resolution of ancillary 
data, and increased 
number of field 
samples in “presence” / 
“absence” database. 

  Assumptions 
of forest tree 
species 
suitability 
model 

These are uncertainties 
arising from the 
assumptions of the RF 
forest tree species 
suitability model. These 
include the fact that, while 
climate has a strong impact 
on the growth of forest tree 
species, anthropogenic 
influences (i.e. land use) 
have historically been the 
main factor controlling tree 
establishment. Another 
uncertainty arises from the 
fact that the RF model does 
not address the effect of 
spatial autocorrelation in 
the response variable. 

Comparison of 
model results for 
regions with 
different forest 
management 
regimes. 

Incomplete knowledge, 
may be improved by 
further research, 
including improved 
habitat suitability 
models that account for 
different scenarios of 
forest management. 
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Table 14: Assessment of indicator 6: Potential impact of river flooding (LISFLOOD) on settlements (Corine Land 
Cover) 

Definition: Changes in inundation of settlements caused by climate change induced changes of 100 year return river flood event 

Type of 
uncertainty Description 

Method to 
quantify 

Do this source 
originate rather from 
'incomplete 
knowledge' [1] OR 
'predictability' [2]? 

List of known 
limitations and 
judgment on their 
influence 

Qualitative 
description Comments 

climate models 
and projections 
(see tier1 
example) 

Limitation of the 
used SRES-based 
climate models to 
capture small-scale 
events (e.g. 
extreme 
precipitation). 

Comparison of 
observed and 
simulated values. 

incomplete knowledge 
reducible by:  
- using model 
simulations with higher 
spatial resolution 
- using RCPs onstead 
of SRES 

One main limitation 
of this large-scale 
approach emerges 
regarding the 
discrepancies mostly 
for smaller 
catchments sizes. 
That is a result of the 
spatial resolution of 
the climate models 
and the missing 
ability to reproduce 
extreme events on 
smaller scales. With a 
pan-European 
approach in mind this 
shortcoming should 
be tolerable. This 
extends to 
measurement errors in 
smaller catchments as 
well. 
 
The large variabilty of 
the different model 
simulations show 
uncertainties that go 
along with future 
climate projections. 
These uncertainties 
are reduced by using 
an ensemble approach 
of 12 model 
simulations. 
Nevertheless, 
uncertainties remain 
considering the 
projected changes of 
extreme discharges. 
 
Errors related to 
hydrological 
modeling (concept, 
parameters, 
calibration) can be 
disregared "compared 
to uncertainty arising 
from combinations of 
GCMs/RCMs used to 
drive the hydrological 
model" (Rojas et al. 
2012: 2). 
 
Although based on 
manual interpretation 

This indicator 
belongs to 
'medium to high'. 
The indicator is 
based on 
sophisticated 
modeling 
approaches. The 
LISFLOOD model 
is broadly used and 
accepted in the 
community and is 
already around for 
nearly 20 years. It 
has repeatedly 
been further 
developed and 
improved (e.g. 
using bias-
corrected climate 
simulations, 
encompassing the 
whole period of 
1961-2100). The 
main sources of 
uncertainty stem 
from the used 
climate input data 
and the underlying 
spatial resolution. 
Robustness is 
added to the model 
by using existing 
European 
databases for soils, 
vegetation types, 
land uses and river 
channels. The CLC 
dataset is the main 
source for 
European land use 
information and it 
has even been 
refined to higher 
geometric and 
thematic accuracy. 
Future land use 
projections by the 
LUISA model are 
based on this 
dataset and also 
integrate 
LISFLOOD for 
thematic 
information which 

Results of 
Publications: 
17 

 

Large variability 
among hydrolgical 
simulations. 
Selection of the 
Global Circulation 
Model (GCM) in 
combination with 
the Regional 
Climate Model 
(RCM) as the main 
source of 
uncertainty. 

Ratio for Q100 
between time 
slice 80s (2071–
2100) and control 
period (1961–
1990) for 
hydrological 
simulations 
driven by 12 
climate 
experiments 

reducible by: 
- improved transfer of 
knowledge 
- improvement of 
models (nevertheless a 
model will always be a 
simplified 
respresentation of 
reality but theoretically 
we can reduce the 
modelling uncertainty) 
- use more hydrological 
models in combination 
with climate 
simulations, e.g. the 
IMPACT2C project 
uses five hydrologcial 
models driven by 
eleven climate change 
simulations which 
makes an ensemble of 
55 simulations. A 
comparison of the 
modelling result 
revealed "the 
robustness of the 
results"(IMPACT2C 
2015: 26) while still the 
main source of 
uncertainty remains on 
the side of the climate 
models. 

Sum of 
Times Cited 
without self-
citations: 
483 

 

Over resp. 
underestimation of 
extreme values 

Extreme value 
analysis; Gumbel 
distribution to 
the annual 
maximum 
discharges for 
each river 
pixel using the 
Maximum 
Likelihood 
estimation 
method and, 
second, by 
applying the 
profile-likelihood 
method. 

incomplete knowledge 
reducible by:  
- using model 
simulations with higher 
spatial resolution 

Year of first 
publication: 
2000 
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modelling 
uncertainties 

Errors in 
conceptualization, 
parameterization 
and calibration of 
hydrological 
models 

Statistical 
methods for 
evaluation and 
calibration of the 
model (e.g. 
Shuffled 
Complex 
Evolution 
algorithm; Nash-
Sutcliffe 
efficiency; 
percent bias; 
standardized 
error index 
statistic 
denominated 
RMSE-
observations 
standard 
deviation ratio  

incomplete knowledge 
reducible by: 
- improved transfer of 
knowledge 
- improvement of 
models (nevertheless a 
model will always be a 
simplified 
respresentation of 
reality but theoretically 
we can reduce the 
modelling uncertainty) 

CLC is a quite 
reliable source in 
most countries. The 
refinement of CLC by 
more detailed datasets 
(cf. Batista e Silva, 
Lavalle, Koomen 
2013) leads to further 
reliability. The 
current thematic 
accuracy is higher 
than 85%.  
 
Future projections for 
land use add more 
uncertainty because 
models like the "Land 
Use-based Integrated 
Sustainability 
Assessment 
Modelling Platform - 
LUISA" by the JRC 
(cf. Website JRC) for 
example will always 
depend on 
assumptions as well 
as external models 
and therefore can 
never fully predict 
changes and 
developments in 
every relevant domain 
and related to their 
interdependencies. 
 
A simple 
geographical 
intersection of these 
two datasets ignores 
the actual local 
circumstances at 
smaller scales. Dikes 
and other local 
measures for flood 
protection cannot be 
included. Statements 
about potential 
impacts of river 
flooding on the 
European scale are 
still possible. For 
detailed impact or risk 
assessments one 
always has to do a full 
analysis of the area 
under investigation 
and keep an eye on 
the changes. 
Additionally one has 
to be aware of the 
rising uncertainties 

makes these data 
sources highly 
compatible. 
Additionally, 
LUISA uses 
sectoral (e.g. 
RHOMOLO, 
GEM-E3, CAPRI, 
POLES) geo-
spatial (e.g. 
TRANSTOOL, 
LISFLOOD, 
Regional Climate 
Models, BIOMA) 
as well as 
demographic and 
economic 
projections (by 
Eurostat and 
ECFIN) by 
external models 
developed by other 
european 
institutions to 
determine future 
land use patterns. 
A combination of 
river flooding with 
land use areas like 
settlements always 
includes 
uncertainties 
which increase 
when these are 
predicted for 
future flood events 
on projected 
settlement areas.  

Year of 
latest 
publication 
2015 

measurement 
errors 

Measurement 
errors especially in 
smaller catchments 
with higher flow 
variability. 

 

incomplete knowledge 
reducible by: 
- more accurate 
measurement 
procedures 

Latest model 
update: 2013 

     Corine Land 
Cocer (CLC) 
creation 
medthodology: 
manual aerial 
image 
interpretation 

Although 
supported by 
technical 
guidelines CLC 
datasets are always 
exposed to a 
certain degree of 
subjective 
interpretation by 
the person 
responsible for 
mapping. 

Automatic 
comparison of 
CLC2000 and 
LUCAS LU/LC 
codes; 
Reinterpretation 
of Image2000 
with the help of 
LUCAS data (LU 
and LC codes and 
photographs) by 
following 
interpretation 
rules of CLC. 

incomplete knowledge 
reducibly by: 
- validation with more 
detailed and reliable 
datasets like LUCAS 
that have been 
developed (as it has 
already been done for 
CLC2006) 

 CLC creation 
medthodology: 
scale and 
minimum 
mapping unit 
(MMU) 

Only elements and 
areas bigger than 
25 hectares and 
linear elements 
with a minumum 
width of 100 
metres are mapped. 

Use samples to 
compare CLC to 
the actual local 
circumstances or 
more detailed 
datasets to see the 
differences. 

incomplete knowledge 
reducibly by: 
- A refinement 
procedure using more 
detailed datasets like 
CLC changes maps 
(MMU: 5 hectares), 
Soil Sealing Database, 
Urban Atlas, Tele 
Atlas, SRTM Water 
Bodies 

 Future land use 
projections 

Scenarios for the 
changes of the 
distribution of land 
use in the future. 

CLC data for 
calibration and 
validation, e.g. 
population 
distribution maps  

incomplete knowledge 
and predictability 
reducibly by: 
- high quality input 
data (CLC) 
- improvement of 
models as far as 
possible  
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simple 
combination of 
LISFLOOD 
with CLC 

Settlement areas of 
CLC are 
geographically 
intersected with the 
simulated 
inundation of 
LISFLOOD 

Comparison of 
observed flood 
events including 
damages and the 
calculated results. 

incomplete knowledge 
reducibly by: 
- developing specific 
impact functions 
relating inundation 
directly to settlements 
and the potential 
damages 

concerning 
predictions for the 
future.  
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Table 15: assessment of indicator 7: Baltic Sea-Ice extent 
Definition: Trend in Arctic sea ice extent in March and September, maximum ice cover extent in the Baltic Sea and projected changes in 
Northern Hemisphere sea ice extent. 

Type of 
uncertainty Description 

Method to 
quantify 

Do this source 
originate rather 
from 'incomplete 
knowledge' [1] OR 
'unpredictability' 
[2]? 

List of known limitations 
and judgment on their 
influence Qualitative description 

Climate 
modelling 
uncertainties. 

Uncertainties in 
climate model 
predictions are 
numerous and have a 
direct effect on 
projected changes in 
Baltic sea ice extent. 

Perform multi-
member 
ensemble or 
multi-initial-
condition 
ensemble runs. 

Unpredictability  
1) There are processes in 
nature that are not included 
in most of the models, e.g. 
land uplift, changes in 
salinity and optical properties 
of water. 
 
2) There are possible model 
errors due to the suboptimal 
sea ice internal 
parameters and errors in air 
temperature estimates. 
 
3) There is considerable 
uncertainty in projections of 
sea ice extent decline over 
the 21st century, and 
disagreement over the level 
of confidence assigned to 
different modelling 
approaches. 
 
4) The annual maximum ice 
extent in the Baltic Sea was 
estimated utilizing the 
material of the Finnish 
operational ice service from 
the winters of 1945-1995 and 
information collected by 
Prof. Jurva from the winters 
of 1720-1940. The latter 
originated from various 
sources, including 
observations at lighthouses, 
old newspapers, records on 
travel on ice,scientific 
articles, and air temperature 
data from Stockholm and 
Helsinki. The reliability of 
this data is questionable. 
 
 
 
 
 
 
 
 

 
1) This indicator belongs to 
the "high" certainty category. 
We understand the 
underlying processes well, 
we can give good numerical 
assessments, strong evidence 
with multiple references. We 
have used state-of-the-art 
methods to retrieve relevant 
data and calculate the 
indicator.  
 
2) Data on the cryosphere 
vary significantly with regard 
to availability and quality. 
Snow and ice cover have 
been monitored globally 
since satellite measurements 
started in the 1970s. 
Improvements in technology 
allow for more detailed 
observations and higher 
resolution. 
 
3) Changes in sea ice may 
trigger complex feedback 
processes. A longer melt 
season results in a lower sea 
ice extent in autumn and 
increased solar heat uptake 
by the ocean which delays 
the refreeze. However, a 
warmer atmosphere means 
more clouds and in summer 
these reflect sunlight, thus 
representing a negative 
feedback. Even so, some 
evidence suggests that winter 
regrowth of ice is inhibited 
by the warmer ocean surface. 
Thinner winter ice leads to 
more heat loss from the 
ocean and a warmer 
atmosphere, and hence a 
thicker cloud cover which 
inhibits the escape of heat to 
space, which is a positive 
feedback mechanism. 
 
4) Most climate models still 
underestimate the observed 
summer-time melting of sea 
ice even though the 
disagreement between 
models and observations has 
decreased compared to 
earlier models. All model 
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projections agree that Baltic 
sea ice will continue to 
shrink and thin in all seasons. 
Those models that best 
reproduce the observed sea-
ice decline project a 
considerably faster decline 
than other models. 

Large inter-
annual 
variability. 

Large inter-annual 
variability prohibits a 
clear assessment of 
statistical significance. 
Reliable data for the 
most relevant 
parameter to describe 
changes in climate, 
total mass of ice, 
lacking over large 
regions. 

Perform a 
sensitivity 
study. 

Incomplete 
knowledge  

  Historic data 
highly 
uncertain. 

Data on Baltic sea ice 
extent vary 
significantly with 
regard to availability 
and quality. Snow and 
ice cover have been 
monitored globally 
since satellite 
measurements started 
in the 1970s. 
Improvements in 
technology allow for 
more detailed 
observations and 
higher resolution. 

Perform a 
sensitivity 
study. 

Incomplete 
knowledge  

  Other, natural 
and non-
natural forcing 
changes 
besides 
climate 
change. 

For example 
increasing shipping 
activity, land uplift, 
changes in salinity and 
optical properties of 
water. Also the 
observation 
techniques, location of 
the observation sites 
and their environment 
has changed during 
the long observation 
time. These changes 
are poorly reported. 

Perform a 
sensitivity 
study. 

Unpredictability 

  EO data 
retrieval 
uncertainty. 

Sea ice concentration 
artefacts occur - 
particularly with the 
SMMR sensor due to 
errors in the spatial-
temporal interpolation 
of missing scan lines 
and/or days. Spurious 
sea ice concentrations 
occurring over open 
water along the ice 
cover due to weather 
effects. 

Comparison 
against 
different 
processing 
methods and 
comparison 
against 
retreiavls from 
other 
instruments. 

Incomplete 
knowledge 
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Table 16: assessment of indicator 8: Land-cover extension below sea-level 
Definition: The indicator refers to the land elevation extent (area) whose elevation is equal or below long-term global sea-level projections 
in the absence of coastal protection. 

Type of 
uncertainty Description 

Method to 
quantify 

Do this source 
originate rather from 
'incomplete 
knowledge' [1] OR 
'unpredictability' [2]? 

List of known limitations and 
judgment on their influence 

Qualitative 
description 

processing 
errors 

Errors due to recent changes in 
land cover. Inaccuracies due to 
spatial resolution. Additionally 
the dataset maps homogeneous  
landscape patterns, i.e. more 
than 75% of the pattern has the  
characteristics of a given class 
from the nomenclature. 

ground 
validation 

incomplete knowledge  
Flooding algorithm used leads to a 
systematic overestimation of the 
flood extent. There are no 
considerations on the effect of 
man-made barriers on flood 
progression. The RCP scenario 
used only comprises one of many 
potential futures. Land-cover 
changes are static in time wile 
expected sea-levels are dynamic. 

low to 
medium 

processing 
errors 

Measurement errors and 
inaccuracies due to spatial 
resolution. The dataset is a 
product of interpolation from 
SRTM 90m Digital Elevation 
Database (SRTM90). The 
accuracy of this particular 
dataset has been determined in a 
number of studies but only for 
specific regions.  

ground 
validation 

incomplete knowledge 

  modelling 
uncertainties 

Very simplified algorithm 
estimates “asymptotic filling” 
of area. The 8-rule for flooding 
as described in Poulter 2009 is 
applied 

comparison to 
more complex 
hydrological 
model 

unpredicatabiliy 

  external 
human 
forcing 

Only one sea-level rise scenario 
considered 
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Table 17: assessment of indicator 9: annual vegetation stress 
Definition: The proportion of stressed vegetation in a given geographic region, computed from annual anomalies in satellite-measured 
fAPAR values. 

Type of 
uncertainty Description 

Method to 
quantify 

Do this source 
originate rather 
from 'incomplete 
knowledge' [1] OR 
'unpredictability' 
[2]? 

List of known 
limitations and 
judgment on their 
influence Qualitative description Comments 

Uncertainties 
related to the 
fAPAR 
retrieval 
algorithm. 

These are mainly 
uncertainties 
associated with 
the inputs used 
for fAPAR 
computation, i.e. 
the spectral 
reflectance 
measurements at 
the top of the 
atmosphere. 

Use of error 
propagation 
method to 
compute 
uncertainties 
(expressed as 
standard 
deviation 
errors). 

Incomplete 
knowledge, may be 
improved by further 
research, including 
more detailed 
comparisons with 
ground 
measurements. 

Uncertainties of TOA 
radiances for spectral 
bands (visible blue, 
visible red, near-
infrared) used in 
fAPAR computation, 
including errors such 
as calibration 
precision, instrumental 
error, and spectral band 
accuracies for different 
satellite sensors (i.e. 
SeaWifs, MODIS). In 
the case of phenology 
products, a further 
issue is the lack of a 
common definition of 
phenology, for use in 
both ecology and 
remote sensing studies. 

“Medium to high” level of 
confidence: Indicator is 
calculated using 
established, state-of-the-
art methods. Uncertainties 
are computed in 
accordance with GUM 
(Guide to the Expression 
of Uncertainties in 
Measurements) and 
QA4ECV (Quality 
Assurance for Essential 
Climate Variables) 
guidelines. As part of 
Q4ECV, gap analysis is 
being used to compute 
additional uncertainties 
related to satellite-derived 
land and atmosphere 
products, including 
fAPAR.  

 Uncertainties 
related to 
assumptions 
of the 
Radiative 
Transfer (RT) 
models. 

These are mainly 
uncertanties due 
to different 
atmospheric 
conditions, 
canopy types, and 
illumination and 
viewing 
geometries. 

Use of data 
simulated by 
the RT models 
to estimate 
optimization 
error.  

Incomplete 
knowledge, may be 
improved by further 
research, including 
more detailed 
comparisons with 
ground 
measurements. 

   Uncertainties 
of fAPAR-
derived 
phenology 
products. 

These are mainly 
uncertainties 
related to the 
three fAPAR-
derived 
phenology 
parameters 
growing season 
length, start of 
growing season, 
and end of 
growing season. 

Use of error 
propagation 
method to 
compute 
uncertainties 
(expressed as 
standard 
deviation 
errors). 

Incomplete 
knowledge, may be 
improved by further 
research, including 
development of a 
common definition of 
phenology for use in 
ecology and remote 
sensing studies. 
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Table 18: assessment of indicator 10: intensity of urban heat island 

Definition: The indicator describes the phenomenon of altered temperatures in urban areas compared to their rural hinterlands. 

Type of 
uncertainty Description 

Method to 
quantify 

Do this source 
originate rather from 
'incomplete 
knowledge' [1] OR 
'unpredictability' [2]? 

List of known limitations and 
judgment on their influence 

Qualitative 
description 

processing 
errors 

Errors due to recent 
changes in land cover. 
Inaccuracies due to spatial 
resolution. Additionally 
the dataset maps 
homogeneous landscape 
patterns, i.e. more than 
75% of the pattern 
has the characteristics of a 
given class from the 
nomenclature.  

sensitivity study incomplete knowledge The error associated with the 
inacuracies of land-cover aquisition and 
processing have the effect of over or 
under estimating urban coverage at 
different locations. The uncertainty in 
defining the spatial extents the urban 
sorrounding areas has little influence on 
the UHI intensity. The effect of the 8-
day averaged land surface temperature 
product is that of smoothing 
temperature extremes characteristics of 
much shorter time scales  

Medium to 
high 

modelling 
uncertainty 

The need to define a 
spatial extent for the cities 
was done by the user of a 
city cluster algorithm that 
involves a clustering 
parameter i determining up 
to which 
distance urban cells (see 
land cover attribution) are 
connected with each other, 
i.e., urban cells within that 
distance are assigned to 
the same cluster.i was 
specified as 500 m, i.e., 
double the resolution of 
land cover data. 

sensitivity study 
by varying the i 
parameter 

? 

  modelling 
uncertainty 

Sorroundings of a city 
extent was determined as 
the approximate equal-
sized boundary area 
devoid of urban cells of 
other clusters and sea 
waters 

sensitivity 
study, e.g., 
influence of the 
boundary size as 
50%, and 100%, 
150% of the 
cluster size. 

? 

  processing 
errors 

Land surface temperature 
used only captures the 8 
day-mean value of 
temperature in a given 
pixel during clear sky 
conditions. 

Quality control 
data are supplied 
with each 
MODIS pixel, 
classified into 
four levels (i.e., 
≤1°C, ≤2°C, 
≤3°C, >3°C)  

incomplete knowledge 
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Table 19: assessment of indicator 11s: Snow extent 

Definition: GlobSnow Snow Extent (indicating Fractional Snow Coverage (FSC))  

Type of 
uncertainty Description Method to quantify 

Do this source 
originate rather from 
'incomplete 
knowledge' [1] OR 
'unpredictability' [2]? 

List of known limitations 
and judgment on their 
influence 

Qualitative 
description 

1. Uncertainty of 
the model 
(SCAmod for 
FSC) 
parameterization 

Forest transissivity is a 
key parameter when 
calculating FSC. If it is 
not representative (it is 
based on MODIS 
reflectance observations 
and GLobal Land cover 
data), the accuracy of 
the FSC estimate 
increases. Same goes 
for other three model 
parameters: reflectance 
for i) wet snow, ii) 
snow-free ground, iii) 
forest canopy. 

The uncertainty 
associated to each FSC 
estimate is based on the 
law of error 
propagation. First,  the 
variance of model 
parameters is 
empirically derived 
from EO-data and field 
spectrometry.After this, 
the variance of each 
FSC estimate is derived 
by applying the law of 
error propagation to 
SCAmod model. 

Incomplete knowledge. 
The knowledge can be 
enhanced if more 
accurate infromation on 
spatial and temporal 
changes of the model 
parameters can be 
achieved. However, 
considering the 
GlobSnow Snow Extent 
covers almost whole of 
the Northern 
Hemisphere, this would 
be very difficult and 
time consuming. 

 
GlobSnow Snow Extent 
provides higher uncertainty 
for densely forested area, As 
it is 
physically impossible to ‘see’ 
through very dense forest 
canopy. However, the 
use of forest transmissivity 
helps to adapt to the presence 
of forest, so that 
the gained accuracy of the 
FSC estimates is often better 
than other more 
conventional methods. The 
uncertainty associated to each 
FSC estimate increases 
with the decreasing 
transmissivity (i.e. for 
forests).  
 
SCAmod sometimes 
introduces problems for high 
reflective yet relatively cold 
targets so that 
snow is incorrectly identified. 
However, these areas are 
very small and sparsely 
distributed.  
 
Since the transmissivity is 
pre-determined using 
MODIS reflectance 
acquisitions and land 
cover map, the changes in the 
forest coverage (e.g. due to 
clear-cuts) cannot 
be captured. Basically this 
would require frequent 
updates of the 
transmissivity map. Also, one 
model parameter – 
reflectance of snow free 
ground 
– is spatially varying. 
Changes in the real land 
cover leads to 
non-representativeness of the 
snow-free ground map. To 
summarize, the more 
representative the model 
parameterization is, the more 
accurate FSC-estimates 
we obtain.  

HIGH 

2. Uncertainty 
related to cloud 
detection 

Discrimination between 
snow and clouds is 
difficult. GlobSNow 
Snow Extent uses the 
cloud detection 

No extensive assessment 
of the quality of the 
cloud mask has been 
made. It is noticed 
through visual 

Incomplete knowledge. 
The knowledge can be 
enhanced through very 
comprehensive visual 
verification of the cloud 

The typical problem of 
confusing between patchy 
snow and clouds is not 
overcome in all areas. 
Depending on cloud type and 

medium 
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procedure particulalrly 
developed for it. 
However, false cloud 
omissions or false 
commissions may 
occur. The former 
typically results in false 
snow detection, while 
the latter reduces the 
area mapped. The used 
cloud procedure is a 
thresholding method; 
sometimes these 
thresholds are not 
working properly over 
certain snow conditions 
or for certain cloud 
types. 

evaluation that the 
cloudmask often works 
nicely for  typically 
problematic areas (that 
is, areas with fractional 
snow cover ie. over 
patchy snow) 

masks over different 
land covers and for 
different cloud types. 
This would not just give 
us information of the 
uncertainty, but would 
also allow to improve 
the cloud detection 
method. 

land surface conditions (e.g. 
land surface 
temperature),patchy snow 
may sometime be 
erroneously identified as 
snow. This feature is present 
with many cloud detection 
algorithms. With GlobSnow 
SnowExtent, cloud cover is 
overestimated particularly 
over Tibetan plateau and 
some other regions in Asia. 
Overestimation of cloud 
cover reduces the area 
available for actual snow 
mapping.  
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Table 20: assessment of indicator 12: natural disasters 
Definition: natural disasters based on collection of information into the Emergency Events Database EM-DAT (http://www.emdat.be/) that 
lists core data on the occurrence and effects of over 18,000 mass disasters in  the world from 1900 to present. The database is compiled from 
various sources, including UN agencies, non-governmental organisations, insurance companies, research institutes and press agencies 

Type of 
uncertainty Description 

Method to 
quantify 

Do this source 
originate rather 
from 'incomplete 
knowledge' [1] OR 
'unpredictability' 
[2]? 

List of known limitations 
and judgment on their 
influence 

Qualitative 
description Comments 

Source data Natural disasters have 
been recorded with 
different degree of detail 
and accuracy in countries 
and in time periods 
covered by the data. This 
also include the threshold 
of recording disasters. 
Currently criteria have 
been specified: For a 
disaster to be entered into 
the database at least one 
of the following criteria 
must be fulfilled: 
 
 
Ten (10) or more people 
reported killed. 
Hundred (100) or more 
people reported affected. 
Declaration of a state of 
emergency. 
Call for international 
assistance. 

In theory a more 
complete 
collection could 
provide 
information on 
currently missing 
details of past 
disasters 

Incomplete 
knowledge 

1) The threshold for 
recording natural disasters 
have varied, meaning that 
the longer the timeseries 
the greater the uncertainties 
are with respect to 
comparability. The largest 
disasters have probably 
been recorded, but 
variation exist in the level 
of detail of the 
consequences, meaning 
that quantitative 
comparisons of 
consequences may be 
biassed. For more recent 
disasters, especially in the 
developed world, the 
disaster criteria are likely 
reduce the uncertainty and 
the uncertainty in 
comapring disasters is 
reduced. 2) The uncertainty 
in attribution with respect 
to natural vs technological 
may introduce some 
uncertainty when the 
disaster information is 
linked to climate variables 
(Tier 1) - a filtering of the 
relevant disasters is 
generally achievable, but 
may exclude some relevant 
cases, but including cases 
too broadly makes the 
assessments biassed (a 
classical type I & II error 
problem) 

  Attribution of 
causes 

The data identifies natural 
disasters, and 
technological disasters. A 
third category complex 
disasters has been added 
in order to include 
specific event (famine) 
which are not directly 
linked to a natural hazard. 
Although there are clear 
cases, where the 
attribution is 
unambiguous with respect 
to type of disaster (natural 
vs technological) there are 
interactions between the 
two and for some disasters 
one or the other may 

Can hardly be 
quantified, but the 
nature of teh 
uncertainty can be 
qualitatively 
described 

Incomplete 
knowledge 
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dominate. 

Disaster 
classification 

The disasters 
classification includes 9 
weather/climate related 
classes + subclasses. The 
division into these 
categories carries 
uncertainties that make 
the linking of specific 
climatic events with 
specific disasters 
soemwhat uncertain, 
especially when the 
disasters arise as a 
combination of different 
types (storm, flood, 
landslide e.g.)  

Difficult to 
quantify as the 
uncertainty is at 
the level of 
classification 

incomplete 
knowledge but also 
partly 
unpredictability as 
it isn't always clear 
which sequence of 
events lead to the 
disaster 

   Lack of 
information on 
exact causal 
chains 

The database does not 
provide detailed 
information on the causal 
chains leading to teh 
disaster, meaning that 
there is some uncertainty 
with respect to which 
variables at the Tier 1 
should be linked to the 
disaster and which 
additional varaibles 
measuring adaptive 
capacity or resilience 
should be included in an 
analysis 

Detailed statistical 
analysis + the 
include 
controlling for 
additional external 
explanatory 
variables may 
allow a cerian 
degree of 
quantification of 
the uncertainties 
related to the 
causal chain.  

Combination of 
incomplete 
knowledge and 
unpredictability 

   Uncerianties in 
measurements 
of consequences 

Total estimated damages 
(in 000'US$ current 
value); Reconstruction 
cost (in 000'US$ current 
value); Insured losses (in 
000'US$ current value) 
are in principle included, 
but the methods by which 
estimates have been 
obatined vary and create 
uncerainties for detailed 
analysis 

Standardised 
apoproaches that 
are systematically 
applied could 
provide a 
quantification of 
the uncertainty, 
however, this is 
probably not 
generally feasible 

Mostly incomplete 
knowledge 

   Uncertainty in 
disaster 
magnitude scale 
and value 

Major disasters cover 
large areas and 
uncertainties relate to the 
spatial extent of a specific 
disaster magnitude such 
as area covered by flood, 
level of temperature etc. 

More detailed 
spatial measures 
that can be 
integrated can 
provide 
information on the 
degree of 
uncertainty related 
to a point estimate 
of the driving Tier 
1 variable 

Both incomplete 
knowlledge and 
unpredictability 
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Appendix B 
This is the outline of the user consultation about the uncertainty assessment that represents 
the structure of the questions to the users.   
 
 
Structure of user Consultation about uncertainty 
 
We want to find out what users of the CLIPC portal understand by uncertainty related to climate data and how it 
plays a role in the their work and how they deal with it. This information will be used to develop an uncertainty 
assessment for the climate impact indicators provided at the CLIPC portal.  
 
There will be an impact indicator toolbox with two main sections at the CLIPC portal: pre-calculated climate 
impact indicators and the possibility that the user can calculate their own climate impact indicator. The 
uncertainty representation for these two sections will be separated. For the pre-calculated indicators, the 
uncertainty presentation will be specific and tailored to the indicator, whereas for the second part the user will 
find recommendations how to use climate data. This user consultation will focus mainly on the presentation of 
the uncertainties of pre-calculated indicators.  
 
 

A. Understanding of uncertainty 
The degree of confidence depends on the uncertainty, which often refers only to the quantifiable 
fraction. For this assessment, the confidence comprises in addition the degree to which we trust a 
parameter, no matter if this is a variable derived from surface observations, re-analysis, 
simulations and projections, or a climate impact indicator describing the bio-physical or socio-
economic impact of climate change. This trust also comprises possible quantities that are deemed 
unknown. Hence, we define the degree of confidence not only by the quantifiable fraction of a 
variable or indicator but also by how much we trust an outcome. 
 

a. Definition of uncertainty / can you identify yourself with this definition of uncertainty? 
 

B. Dealing with uncertainty 
Much can be uncertain regarding the characteristics of an indicator. However, this uncertainty has no 
particular significance or meaning for an actor involved in the decision-making process, until it leads to 
a situation in which it influences his or her ability to determine what the problem is or which action 
path to pursue. We would like to find out how uncertainty influences your work. 
 

a. How do you usually deal with uncertainty related to climate data in your work  
b. The overall uncertainty of an indicator arises from different sources of uncertainties. Are you 

interested in knowing /seeing the single sources? 
i. Example for climate modelling data: 

 
1) external natural forcing 
2) internal climate variability 
3) external human forcing 
4) modelling uncertainties 
5) processing errors  

 
c. The nature of the uncertainty source: 

The origin of the uncertainty source can by classified into the categories 'incomplete 
knowledge' or ‘unpredictability’.  

i. ‘Incomplete knowledge’ originates from the imperfection of our knowledge, which is 
theoretically reducible (Van den Hoek et al., 2014). Further research may reduce 
uncertainty but may also uncover previous unknown processes, thereby increase 
uncertainty, thus it concerns what ‘we do not know’ at this moment but might know 
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in the future if sufficient time and resources are available to perform additional 
research or collect more data.  

ii. 'Unpredictability' is caused by the inherent chaotic or variable behaviour of, e.g. 
natural processes, human beings or social processes. It differs from incomplete 
knowledge, it concerns what ‘we cannot know’ and therefore cannot be reduced or 
changed by further research. 

iii. Example of indicator ‘very heavy precipitation days’. The indicator is calculated by 
model projections for the mid of next century:  

1) Unpredictability 
2) Unpredictability 
3) Unpredictability 
4) Incomplete knowledge 
5) Incomplete knowledge 

Is this information helpful for you? 
 
 

d. Are you interested in a summarising qualitative description of the robustness of an indicator? 
The judgment of the quality is based on the level of evidence and if state-of-the-art the 
methods are used for the calculation.   

i. Example of indicator ‘tree species suitability’. The indicator is calculated by model 
projections for the mid of next century:  
“Medium to high” level of confidence: Indicator is calculated using established, 
state-of-the-art methods, based on an ensemble learning technique (the Random 
Forest algorithm) in conjunction with an ensemble of climate simulations, for the 
classification and regression of present and future forest tree habitat suitability. 
Evidence is provided in a moderate number of references. 

 
 

C. Guidance towards robust climate impact indicators 
a. What do you prefer: 

i. List of recommendations to assist in the appropriate usage of climate simulations 
ii. Description of methods, like a handbook of methods   

b. Are you interested in links to other guidance tools? 
 

D. Expert experience 
a. What is your experience with uncertainty? How would you like to have the uncertainty be 

presented? Is there anything you would like to add that has not been mentioned before? 
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Slides of presentation for user consultation 
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