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Abstract    

All data and geospatial analysis come with uncertainty. Although its importance has 

been widely recognized, uncertainty issues are still not correctly addressed in most 

of the current geospatial research. This chapter aims to provide an overview of the 

concepts, sources and tools to manage the uncertainty in geospatial analysis. To this 

end, we intend to increase the awareness about the importance of uncertainty for all 

geospatial data and analyses. Due to time and chapter length considerations, we 

address this topic from the Land Use Cover Change Modelling perspective.  

 

15.1 Introduction 

Geospatial data and analyses have been gaining an increasing importance in the last 

decades, achieving a prominent position in the study, management and solution of 

many of the problems that our society copes with. Geospatial analysis is used to 

study many current and future challenges of our society, such as climate change, 

urban sprawl and environmental degradation. However, there are still unresolved 

questions about the limits of those studies and, specifically, about the uncertainty 

that their conclusions convey. 



2  

Although uncertainty has always been present in any type of geographical re-

search, it is more relevant nowadays because of the wider use of geospatial technol-

ogies and the false idea of precision that this quantitative branch of geography em-

braces. Geography is about synthesis, being the maps the main language through 

which geographical knowledge is spread. They, as an abstraction of the real world, 

always come with uncertainty. We can therefore trace this uncertainty back to the 

beginning of mapping and geography as a knowledge of synthesis. Every study and 

analysis, even the manually ones made before the emergence of geospatial technol-

ogies, is therefore equally uncertain. 

Despite of the importance of uncertainty in any geospatial research, especially 

after the advent of geospatial technologies, little attention has been paid to all 

sources of uncertainty that particular geospatial studies convey. They are important 

and affect the meaningfulness of the results user and audience get.  

Users are still not aware of the uncertainties associated to the use of geospatial 

tools and methods and how their decisions affect those. Neither is the audience nor 

the agents, for whom uncertainty acts as a barrier for the adoption of the conclusions 

from any geospatial analysis in their decisions. That is why more and better infor-

mation about uncertainty is needed. In this regard, Goodchild (1991) and Hunter 

(1999) laid out an uncertainty research agenda to achieve better methods for uncer-

tainty management and hence a better understanding of the problem. This agenda 

has not been met yet. In addition, despite of the increasing awareness and research 

about uncertainty, the uncertainty recognition is not widely spread across most of 

the geospatial studies and analyses. Accordingly, we present here the uncertainty 

issue as one of the key geospatial challenges of the twenty-first century. 

To remark the importance of this topic and make users aware about the extent of 

the issue, this chapter gives a general overview about concepts, sources and methods 

to deal with uncertainty in geospatial analysis. We address this topic from a Land 

Use Cover Change Modelling (LUCCM) perspective. LUCCM integrates many ge-

ospatial tools, processes and data in just one wide analysis. Accordingly, this per-

spective covers most of the uncertainty issues that any user can face. 

15.2 What does uncertainty mean? 

There are many definitions of uncertainty, which range from generic approaches to 

those that focus on specific fields of knowledge. In general, all authors agree in 

referring to the difference between the perfect representation of any feature or pro-

cess and how it is really addressed through data and geospatial tools when talking 

about uncertainty. Given this difference, authors talk about doubt, reliability, lack 

of knowledge, degree of distrust, etc to define uncertainty as the user perception 

about how that difference affects their studies. In other cases, uncertainty also refers 

to the confidence that an agent has when using geospatial data to make decisions. 

All in all, in simple terms, uncertainty can be defined as the lack or the degree of 
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certainty about any data or geospatial analysis due to the difference between reality 

and its representation through geospatial data or tools. 

Many concepts arise when talking about uncertainty, like ignorance, error, accu-

racy, vagueness or ambiguity. They refer to specific aspects of uncertainty or issues 

that this term does not cover. Their definition is therefore essential to clarify the 

conceptual framework of uncertainty, which we propose in Figure 15.1. 

Whereas uncertainty implies that the user is aware about the limitation of his 

knowledge, ignorance exists when there is not such awareness. It is therefore related 

to the unknown unknowns, that is, those aspects that we do not even know we do 

not know (Recker 2015). 

Error is objective and, hence, quantitative. It is a measure of the distance between 

reality and our representation. Accordingly, it just refers to those features which can 

be measured and quantified. For land cover data, as a forest density map, error could 

be measured from the difference between the forest density in a pixel and the real 

forest density measured on the ground. Accuracy is the closeness of observations to 

the truth (Kemp 2008). As an ideal, complete truth is usually unachievable. The data 

that we consider the truth comes with uncertainty, which the accuracy assessment, 

unlike the uncertainty analysis, does not consider. When assessing a simulated map 

to a reference map for the same area, we are checking the accuracy of our simula-

tion. That reference map is not completely certain and, therefore, contains some 

uncertainty that also transfers to the accuracy assessment analysis. 

 

 

Fig. 15.1. Conceptual chart of uncertainty and related concepts. Source: partially based on Klir 

and Wierman (1999) and Gómez Delgado and Barredo (2006) 

On the other hand, vagueness and ambiguity are qualitative types of uncertainty. 

They refer to the certainty at which objects or phenomena are delimited. Vagueness 

refers to the poor or precise definition of classes or objects, whereas ambiguity 
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arises when the same object can be classified as part of different groups or assets. 

The former is more about the object definition and ambiguity about the object clas-

sification. For land use data, vagueness arises when we are not completely sure 

about what the label of a class, as urban, covers. Is a village where most of the land 

is dedicated to agricultural uses urban or not? On the other hand, when upscaling a 

land use map, ambiguity arises when we are not sure if a landscape previously clas-

sified as several patches of cropland and tree cover is then agroforestry or any other 

category. 

15.3 The three dimensions of uncertainty 

Following the proposal made by Refsgaard et al. (2013), we differentiate three di-

mensions of uncertainty as follows: source, level and nature (Fig. 15.2). 

 

 

Fig. 15.2. The three dimensions of uncertainty. Source: based on Walker et al. (2003) 
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– The source is the dimension which gives information where the uncertainty 

manifests itself. Several studies have proposed a generic classification of 

sources of uncertainty for modelling environments (Van Asselt 2000; 

Walker et al. 2003; Refsgaard et al. 2007, 2013; Klein Goldewijk and 

Verburg 2013; Uusitalo et al. 2015) or even for categorical maps (Aspinall 

and Pearson 1995) and spatial data obtained through remote sensing analysis 

(Congalton et al. 1991; Chuvieco 2016). 

– The level of uncertainty is the degree of doubt, reliability or lack of 

knowledge. It moves from complete knowledge and, consequently, absence 

of uncertainty, to total ignorance. 

– The nature of uncertainty is the type of uncertainty we are working with. 

Literature usually distinguishes to this end between uncertainty due to im-

perfect knowledge and uncertainty because of natural phenomena variabil-

ity, being the last one identified as knowledge or epistemic uncertainty and 

the first one as aleatory, stochastic or ontic uncertainty. Ascough et al. 

(2008) distinguish different components of the epistemic uncertainty: natu-

ral, human, institutional and technological, depending on the source of the 

variability. 

Uusitalo et al. (2015) added to the previous two the linguistic uncertainty, 

which arises from language issues. Refsgaard et al. (2013) considered the 

ambiguity as a third nature of uncertainty. It refers to the different possible 

understanding of the same system. 

Finally, other distinctions exist that differentiate between reducible and non-

reducible uncertainties and those measurable and, therefore, quantifiable, 

and those which are not. 

15.4 Sources of Uncertainty in Geospatial Analysis. An 

approximation from the Land Use Cover Change Modelling 

perspective 

Many sources of uncertainty can be pointed out when studying uncertainty in 

LUCCM or any geospatial analysis. Accordingly, several papers have tried to pro-

pose a classification, as pointed out in the previous section and reviewed by Matott 

et al. (2009). However, those classifications, as the one proposed here (Fig. 15.3), 

are just theoretical frameworks aiding in the comprehension and management of 

uncertainty. The user must be aware of the complex interactions between all sources 

of uncertainty and the difficulty of individualizing any of them. All together, they 

are known as output uncertainty (Refsgaard et al. 2007) or the uncertainty cascade 

(Refsgaard et al. 2013), that is, the combination of all uncertainties that the results 

from a geospatial analysis convey. 
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Fig. 15.3. Author’s proposal of sources of uncertainty in Geospatial Analysis from a LUCCM 

perspective. It represents the main sources of uncertainty as well as the interactions between them 

(dotted lines) 
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15.4.1 Problem conceptualization 

The problem conceptualization can be considered as one of the most important 

sources of uncertainty, since it comes from the very initial decisions of any analysis, 

which will shape the study to be carried out. Geospatial data and analysis, as 

LUCCM, means simplifying the real world and phenomena. When doing this, the 

user conceptualizes them. The coherence of that conceptualization and how it fits 

with the problem to be studied or resolved, determine the goodness of the managed 

concepts and the level of uncertainty that the study conveys. 

The very first decision comes from the selection of the problem to be studied. 

Problems are usually complex and related to other processes. Accordingly, their 

selection is usually difficult and, often, not very well reasoned. There are no wide-

spread methods to deal with this issue, tough Dunn (2001) proposed a context vali-

dation framework which can serve as basis to this end. For modelling environments, 

several papers have addressed, as part of general guides for setting up models, these 

conceptual questions, pointing out, among other recommendations, the need of en-

gaging agents and final users in those decisions (Van Delden et al. 2011; Elsawah 

et al. 2017). 

Once the problem to be analysed is chosen, it is necessary to define its bounda-

ries. These are not usually real, given the continuation of the earth processes and 

features. Choosing different temporal or spatial extents (Fig. 15.4) for the same 

problem may result in different outputs, as showed by papers studying the impact 

of spatial (extent) (Verburg and Veldkamp 2004) and temporal scale (Pontius Jr and 

Spencer 2005; Rosa et al. 2015) in LUCCM.  

Regarding the temporal extent, the further the time horizon the LUCCM simula-

tion has, the higher the uncertainty becomes, given the unknown variability of real-

world processes (epistemic uncertainty). As most LUCC models rely on historic 

data for their calibration, the temporal resolution of these data as well as the tem-

poral extent of the calibration period, also affects the obtained results (Burnicki et 

al. 2010). The duration of the calibration period must be long enough to avoid noise 

and the influence of one-off events in the process comprehension. However, as the 

aim of the calibration is to simulate future land use developments, it is important to 

focus on processes that are relevant for simulating future dynamics, as not all past 

developments would be relevant for this. In some cases, more recent development 

might be more representative than a long historic period. Analysing and understand-

ing the processes and dynamics of the area under study and placing them in context 

is therefore essential. 

Regarding the spatial extent, every spatial extent must be linked to a conceptu-

alization level of the system under study: when working at continental scale, the 

system’s conceptualization should not be as detailed as a national or regional scales. 

Therefore, thematic, temporal or spatial resolutions, that is, model detail, should be 

chosen considering these criteria. 
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The model conceptualization is then, for LUCCM, the critical step in the problem 

definition. Model conceptualization means the simplification of the system to be 

modelled into terms that are understandable, as simple as possible and, especially, 

possible to be implemented through a software. That conceptualization will be af-

fected by the modeller experience and preferences (Klein Goldewijk and Verburg 

2013), but also by the data available and the feasibility of its implementation in a 

specific algorithm. Accordingly, there is a close link between problem conceptual-

ization uncertainty and the one arising from data and technical issues. 

 

 

Fig. 15.4. Different spatial extents and approaches for the study of the Granada area (Spain). Every 

extent matches with a specific level of spatial and thematic detail. The extents refer to different 

type of boundaries (political, planning and agricultural management) 

When conceptualizing the model, one must consider that more complexity does not 

always mean less uncertainty, but can also lead to the opposite (Van Asselt 2000). 

Complex models are not easy to understand, making the engagement of agents and 

final users difficult. Complex models also require many parameters and complex 

algorithms, making the technical and parameter uncertainties very high.  

As previously stated, when managing the complexity, the user must keep in mind 

the thematic, temporal and spatial resolution of the data and the model, since they 
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are the main source of model detail. Finally, the model conceptualization must en-

sure that all processes and interactions of interest are in the model, that is, the model 

completeness. 

15.4.2 Data sources and processing 

A big part of the uncertainty of any analysis comes from data. The utility of the 

analysis will rely on the uncertainties of these data and how data are used. In addi-

tion, depending on the study purpose, data uncertainties will play a major or minor 

role. LUCCM usually rely on data to set up the starting conditions of the model and 

to parametrize (calibrate) and validate it. Accordingly, data plays a key role in the 

obtained results. The importance of the availability and quality of the data will in-

crease with the dependence of the model on data, and therefore will be particularly 

relevant for data-driven models. 

We differentiate between those uncertainties that data comes with, which are un-

avoidable, and those caused by data processing. Altogether, for LUCCM they are 

also known as the input uncertainty (Refsgaard et al. 2007). 

15.4.2.1 Data sources 

All data comes with uncertainty, even in the case of raw data obtained by measure-

ment or surveys. Because it is unavoidable, the user needs to have as much infor-

mation as possible about it, ergo they can understand the limits that these data put 

on their analysis. Sometimes accuracy or uncertainty reports are attached to the data. 

However, this information is uncertain as well, because of the uncertainty of the 

validation process. 

For categorical data, as Land Use Land Cover (LULC) maps, we can broadly 

distinguish between two main sources of uncertainty: the categorical or thematic 

uncertainty, that comes from the attribute definition, and the positional uncertainty, 

which comes from the object position (Castilla and Hay 2007). Numerous causes 

explain for every case the extent and importance of these sources of uncertainty. 

Expert knowledge is one main reason in the case of data obtained by photointerpre-

tation. The data format (raster vs vector) is another factor determining the accuracy 

of data, especially regarding the position of elements. However, the scale or detail 

of data is maybe the key element explaining the uncertainty. The smaller or coarser 

the scale, the bigger the abstraction and, therefore, the larger the uncertainty. Not-

withstanding, at finer scales, the definition of elements must be more detailed, mak-

ing the chance of error larger. Including much detail can also make the analysis too 

complex. The comparison of several datasets at different scales for the same study 

area (Fig. 15.5) has proven the influence of scale in data uncertainty (Waser and 

Schwarz 2006; García Martínez et al. 2015). 
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The main input of LUCC models is LULC maps, from which modellers analyse 

LULC change. Changes often represent a small portion of the maps, which usually 

have an overall accuracy around 80% (Pontius Jr. and Lippitt 2006). Consequently, 

identified changes can be affected by large uncertainties. These uncertainties can 

propagate to the quantity of change estimation or the model parametrization. There-

fore, providing information about the uncertainty of the measured changes would 

be very relevant (Pontius Jr. and Lippitt 2006), including the distinction between 

technical and real changes (Verburg et al. 2011), that is between those changes that 

really happened and those ones that are caused by atmospheric or radiance noise in 

the case of data obtained by remote sensing classification techniques or by variable 

photointerpretation criteria in case of data obtained by photointerpretation. 

 

 

Fig. 15.5. Comparison of different LULC datasets with different formats and at different spatial 

and thematic resolutions for a test area (Gijón, Spain) in 2005 

According to Grinblat et al. (2016), maps obtained through remote sensing classifi-

cation techniques are far from the requirements of LUCCM, because of the uncer-

tainty of the classification methods. Traditional photointerpretation provides better 

results, with the uncertainty dependent on the knowledge of the expert. In both cases 

it is difficult to find consistent temporal series of maps without technical changes 

that allow the user an adequate analysis and comprehension of LULC changes 

(Verburg et al. 2011). The recent changes in the method used in the production of 

CORINE for some countries (García-Álvarez and Camacho Olmedo 2017) are, in 

this regard, a perfect example of those difficulties.  
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In addition, most data are usually produced for specific purposes, so their use for 

other aims, as LUCCM, can introduce new uncertainties. All in all, it would be ex-

tremely useful to increase efforts in the uncertainty analysis of data. For LUCCM, 

there is still a great need of sources suitable to the needs and requirements of this 

type of analysis. 

15.4.2. Data processing 

For complex geospatial analysis, as LUCCM, there are strong data requirements, 

not just in terms of quantity of data, but also in terms of format or resolution. In 

consequence, it is usually necessary to perform data treatments to fit those data with 

the characteristics required by the employed tool. As any geospatial analysis, these 

transformations introduce new sources of uncertainty, which must be considered. 

Among the usual transformations performed, we can mention vector to raster and 

raster to vector conversions (Fig. 15.6) (Congalton 1997) or raster resampling tech-

niques (Fig. 15.7) (Dendoncker et al. 2008). Scale issues, as the thematic (Aldwaik 

et al. 2015) or spatial resolution (Díaz-Pacheco et al. 2018), and the minimum map-

ping unit (García-Álvarez 2018), are also key decisions that introduce great varia-

tions in data. Regarding the thematic resolution, for LUCCM, some classes, as con-

struction sites, might need to be remapped to fit with the model conceptualization. 

The way this treatment is made also introduces new sources of uncertainty. 

 

 

Fig. 15.6. Differences in the representation of the same features under vector (right) and raster 

(left) formats. Source: taken from Olaya (2014) 

Although this processing can be seen as a new source of uncertainty, it also provides 

a way of dealing with data, hence it becomes more suitable for the intended analysis 

purpose, aiding in the management of the parameter uncertainty. To this end, sev-

eral studies have addressed the scale influence in LUCCM (Ménard and Marceau 
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2005; Conway 2009) or the general effects that data transformations, in the case of 

driving forces, have in LUCCM (Houet et al. 2015). 

 
Fig. 15.7. Influence of different resampling methods and spatial resolutions in the 

pattern and proportions of a LULC map for the Kensignton suburb (Sydney) 

15.4.3 Technical uncertainty 

It refers to the uncertainty that arises from the computer implementation of tools 

and data, that is, from the translation of concepts to computer entities and tools. It 

is therefore related to the problem of conceptualization uncertainty, since the possi-

bilities of addressing a problem will be given by the technical limits of the computer. 

Regarding data, this uncertainty comes from the format and data detail, taking 

part of the data uncertainty (Section 15.4.2). There is ample information about pros 

and cons of different data formats in most GIS manuals, as well as about scale and 

resolution issues (Quattrochi and Goodchild 1997; Lloyd 2014). For LUCCM, tech-

nical uncertainty mostly comes from the model algorithm.  

Some model approaches are designed for specific applications, whereas general 

approaches, as CA_Markov or Metronamica (Fig. 15.8), can be applied to a wide 

range of problems (Torrens 2011). Whereas the first group provides an adjusted 

solution for a particular problem, allowing the reduction of the technical uncertainty 

to the minimum, the second group allows more research about their limits and dis-

advantages, and about the uncertainty that they convey. That is why some authors 
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appeal to put the effort in the improvement of these general models (Hewitt et al. 

2014). 

 

 

Fig. 15.8. Comparison of the structure of two common LUCCM approaches: CA_Markov and 

Metronamic 

When selecting or developing a computer model, one must consider the desired 

complexity. Following Lee (1973), the user must strike a balance between model 

complexity and data. That is, the model must not be more complex than the data on 

which it is based. Neither should the complexity avoid agent engagement or user 

comprehension.  

Several model approaches can be distinguished (Yeh and Li 2003; National 

Research Council 2014), which go from data-driven to knowledge-driven models. 

Data-driven models incorporate statistical or automatic methods for finding the re-

lation between the dependent and independent variables, that is, to determine the 

model parameters. In the case of expert-driven approaches these parameters are de-

cided by expert judgment. Each method introduces a different type of uncertainty 

in the model parametrization, as we will see in the next section. 

15.4.4 Parametrization 

The way a geospatial tool, as a LUCC model, is parametrized (i.e. calibrated) deter-

mines the utility of the results. Poor parametrizations end in meaningless conclu-

sions. Accordingly, attention must be paid to the uncertainties of this process. 

Parameter uncertainty is affected by model structure (technical uncertainty) and 

data, but also by the problem conceptualization and the user understanding of all 
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the analyses and concepts. Open or poorly defined systems are more complex to 

understand and, ergo, more difficult to parametrize. User knowledge and under-

standing of the system (real and conceptualized) is vital to get a correct parametri-

zation. Notwithstanding, the importance of user knowledge in the parameter uncer-

tainty will depend on the role that they play in the model (technical uncertainty).  

In statistical or automatic approaches, most of the uncertainty comes from the 

method used. Some of them are described as black boxes. The user cannot under-

stand how they find the relation between drivers and changes, which makes the ob-

tained result very uncertain. These approaches are also affected by methodological 

issues as multicollinearity, autocorrelation, the Modifiable Areal Unit Problem, the 

Ecological Fallacy Problem or the Category Aggregation Problem (Pontius Jr and 

Spencer 2005). In addition, if the method needs to be technically parametrized 

through modeller criteria, uncertainty can be also introduced because of human sub-

jectivity (Jafarnezhad et al. 2012).  

In knowledge-driven approaches, uncertainty mostly comes from the user under-

standing of both the process and the conceptual model. Some authors stated that 

user knowledge is case-specific and, therefore, uncertain (Botterweg 1995). Statis-

tical or automatic procedures guarantee repeatability over study cases, which is not 

possible under knowledge-driven approaches. However, practical experience of the 

authors showed that, when working with a meaningful group of agents, there is a 

common consensus and, therefore, a way of repeatability. 

In both approaches, data uncertainty plays a decisive role. Most parametriza-

tions, at least for LUCCM, are based on historical data and, therefore, they will be 

as certain as the data are (Batisani and Yarnal 2009). Notwithstanding, whereas data 

uncertainties can be dealt with through user intervention, this is not possible if the 

method is completely statistical or automatic. 

Scale and resolution can be used as tools to reduce the uncertainty of the para-

metrization. By changing the temporal (Bolliger et al. 2017), spatial (Ménard and 

Marceau 2005) or thematic resolution (Conway 2009), the user can discard infor-

mation which he or she cannot explain and, therefore, for which parameters are 

uncertain. Finer resolutions, that is, more complexity, do not necessarily mean less 

uncertainty. Thus, complexity must be decided according to the parameters and is-

sues that can be explained by knowledge or data. 

15.4.5 Validation and propagation of uncertainty 

Once the analysis is performed, we usually validate the obtained results. These 

come with an additional uncertainty to those referred to previously: the one that 

arises from the propagation of the other uncertainties when data and processes, and 

their uncertainties, interact. Because of the origin of this uncertainty, it is very dif-

ficult to study and usually takes part of the called unknown unknowns, as we are 

not usually aware about their existence and extent. That is why its study has been 
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pointed out as an important research need (Gómez Delgado and Bosque Sendra 

2004; Hunter 2005). 

The larger the amount of data and components, the more important the propaga-

tion of uncertainty, being especially meaningful for integrated modelling (Van 

Delden et al. 2011). Where possible the user should avoid data or methods which 

introduce great sources of uncertainty, trying to keep an equilibrium between all 

sources of uncertainty that will take part of the analysis. Important drivers can how-

ever not be discarded and when they come with high uncertainty, solutions (partic-

ipatory approaches, exploratory scenarios, etc) need to be sought to deal with them.  

Several studies have tried to quantify the propagation of uncertainty (Tayyebi et 

al. 2014; Ferchichi et al. 2017). From a conceptual point of view, Yeh and Li (2006) 

tried to study this topic for a Cellular Automata model. 

The validation of the analysis results, including the above-mentioned source of 

uncertainty, is usually performed against reference data. However, there is a great 

deal of methods and tools to perform this validation, which come with different 

sources of uncertainty as well. When using reference data, the uncertainty that they 

convey also affects the uncertainty of the validation. 

When validating data, as LULC maps, the sample strategy in case of field vali-

dation data or the reference data uncertainty in the case of data comparison valida-

tion are important sources of uncertainty. Regarding the methods, there is a vast 

amount of literature about validation tools and techniques acknowledging their lim-

its. For LUCCM, there are noticeable the critics to the kappa statistics (Pontius Jr. 

and Millones 2011), which have been answered by the development of new kappa 

measures that account for the LULC changes (Van Vliet et al. 2011). Different con-

cepts and methods as the null resolution, fuzzy similarity or integrated validation 

tools have been proposed in the research about the validation uncertainties and lim-

its (Hagen 2003; Pontius Jr. et al. 2004; Bradley et al. 2016). 

In many cases, uncertainty or accuracy measures are provided for the whole da-

taset or analysis. However, these uncertainties can be different depending on the 

area or component considered. For data, uncertainties are usually contrasted be-

tween areas or, in the case of categorical data, between classes (Castilla and Hay 

2007). Therefore, scale also plays a key role in the study of those uncertainties. For 

specific analysis, as LUCCM, some of the components can gather most of the un-

certainty. 

While there is a large number of methods available for the validation of those 

aspects of the analysis which are quantifiable or more evident (Paegelow et al. 

2014), as the final results, there is less research about those qualitative uncertainties, 

regarding the problem conceptualization (Van Asselt 2000) or the role played by 

the user’s knowledge and perspectives (Brown 2004). Nevertheless, when validat-

ing, the user must acknowledge that perfect validation is usually an utopia, espe-

cially for some analysis, as LUCCM, due to the inherent uncertainty of the complex 

systems which LUCC models try to replicate (Van Asselt 2000). 
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Fig. 15.9. Uncertainties of the kappa validation measures. Kappa accounts well for persistence, 

but not for change. Conversely, Kappa Simulation accounts well for change, but not for persis-

tence. The null model only accounts for persistence, serving as reference 
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15.4.6 Process variability and communication of results 

Regarding the epistemic uncertainty, we cannot know how the system or processes 

studied will evolve in the future (Fig. 15.10). This evolution will depend on a wide 

variety of factors, as environmental, socioeconomic or political ones, whose behav-

iour we cannot know with certainty in advance. 

Accounting for this uncertainty is one of the main challenges, since we are not 

aware about all the possibilities of change that the analysed system can experience. 

In this regard, it is useful referring to the known unknowns and the unknown un-

knowns, that is, those issues that we know that we cannot know, but also those ones 

that we do not even known that we do not known (Recker 2015). Keeping in mind 

these ideas helps in the dealing and recognition of this uncertainty. 

 

 

Fig. 15.10. Authors’ view on the different ways a system can evolve in the future. Like a ball when 

falling through a labyrinth, we cannot be sure about the circumstances that the process will face. 

The end state of the system will depend on those, but also on its initial state, as the ball in our 

example 

When communicating the results of a LUCC model, accounting for those possible 

system evolutions is essential to transmit the audience one of the main uncertainties 

that the results of our analysis convey. In this regard, how we communicate these 

also introduces important uncertainties that must be conveniently addressed. 

In the same manner we simplify the real world to represent it through data and 

geospatial tools, when we communicate the results of our analysis, we also simplify 

the outputs. If our analysis is stochastic, we must communicate how this stochastic-

ity has affected the results (Fig. 15.11). In a similar vein, if the obtained maps are 

too detailed to be represented without any modifications, information about differ-

ences between maps showed and maps actually obtained should be provided.  
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Fig. 15.11. Two different ways of communicating LUCCM results, which are especially contrasted 

in the case of high stochastic models, unlike the example included here. It shows part of the results 

of a model for the Great Sydney Area 

15.5 How to deal with uncertainty? 

When dealing with uncertainty one must be aware that it is unavoidable. Accord-

ingly, the user can just act to reduce it and to provide as much information as pos-

sible about it. To do so, the user must first locate and determine the extent of the 

uncertainty. 

15.5.1 Transparency and communication  

Every analysis contains uncertainty and, consequently, all the achieved conclusions 

are uncertain as well. The utility of those conclusions and studies will depend on 

their level of uncertainty and on the users understanding of this uncertainty as well 

as on the limitations that it imposes. 

To help in the understanding of the uncertainty, providing as much information 

as possible about it is an essential step. As every decision that we take, from the 

very selection of the problem to be studied, comes with uncertainty, providing in-

formation about uncertainty means spreading all the information and details of the 

analysis carried out, that is, all the decisions taken and their justification. For 

LUCCM, problem, level of detail (spatial, temporal and thematic resolution) and 



19 

software choices are important decisions impacting on the uncertainty of the analy-

sis. Therefore, appropriate justification must be given. Thus, transparency of the 

way the study has been carried out is a required step for communicating uncertainty. 

In addition to transparency, we must provide reports and measures about uncer-

tainties, but always warn about the limitations and uncertainties of this information. 

In this regard, scale issues must always be considered when communicating this 

information, since uncertainty will be different depending on the area, class or com-

ponent considered. 

According to the public for which the analysis is intended, the language used in 

the communication of the uncertainty will be different, but always transparent, i.e. 

clear and concise. This avoids confusion, misinterpretation and lack of understand-

ing, that is, the translational uncertainties (Van Asselt 2000). Moreover, when de-

livering the information, it must be clearly hierarchized in order to get the audi-

ence’s interest. A summary of the most important uncertainties should first be 

presented, going from there into the details. This strategy, which has been called 

“progressive disclosure of information” (Kloprogge et al. 2007), favours the audi-

ence attention and, ergo, the audience awareness. 

According to the previous ideas, when delivering conclusions that will form a 

base for decision-making, giving information about the uncertainty of the possible 

decisions that will be taken is important as well. That is, providing the trust interval 

over which the results and conclusions could be used to take decisions. In this re-

gard, Openshaw (1989) stated that, instead of mere estimations of error, what is 

really needed is the certainty that decisions could be taken from the results of geo-

spatial analysis. In a similar vein, Brown (2004) talks about educating uncertainty 

in the decision-making process and Hunter (1999) points out the need of knowing 

the uncertainty of data and analysis from a legal point of view. 

15.5.2 Methods and strategies  

Different strategies have been laid out for dealing with uncertainty. They come from 

different perspectives in the uncertainty management, which go from positivism 

(uncertainty can be studied objectively) to constructivism (uncertainty always de-

pends on the context in which the analysis has been carried out, including an im-

portant subjectivity) (Wardekker et al. 2008). The positivist perspective has domi-

nated most of the uncertainty research over the last decades. Main attention has 

focused in the quantification and reduction of uncertainty. In fact, Klir and Wierman 

(1999) stated that for three centuries uncertainty analysis was interpreted as proba-

bility theory. 

The research community admits today the existence of qualitative and quantita-

tive uncertainties (Warmink et al. 2010), which ergo are studied by qualitative or 

quantitative approaches (Van Asselt 2000). There is not a single method that can 

analyse all types of uncertainty and, therefore, different approaches are needed for 



20  

its complete study. Nevertheless, even in that case, a whole inventory and analysis 

of uncertainties is not possible. That is why every uncertainty analysis is at the same 

time uncertain. Thus, the study of uncertainty just offers an overview of the limita-

tions of our analysis, arising the awareness about the possible interpretations of its 

conclusions. 
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Christian et al. (2007), Harbin and Jianguo (2006), Klir and Wierman (1999), Matott 

et al. (2009), Uusitalo et al. (2015) and Van Asselt (2000) give an overview of dif-

ferent methods and strategies for the management of uncertainty. We summarize 

some of the most common ones in the Table 15.1. 

Although the quantitative approaches are common, we want to stress here the 

importance of qualitative ones. One of the main objectives of LUCCM is assessing 

the possible future states of a system under different management policies. Scenario 

analysis provides to this end a consistent tool to deal with the future system varia-

bility. Scenarios can act as qualitative tools, as an image or representation of possi-

ble future narratives (storylines), or as quantitative ones, when those narratives are 

translated to parameters. Some research has gone in depth in this translation (Van 

Delden and Hagen-Zanker 2009). In addition, Mahmoud et al. (2009) provide a 

framework for the development of scenarios in environmental decision-making. 

The Uncertainty Matrix proposed by Walker et al. (2003) offers a simple and 

easily understandable approach for uncertainty identification. It locates the different 

uncertainties of an analysis, giving information about their level and nature (Fig. 

15.12). It is therefore a good tool for transmitting directly and in a summarized way 

all the uncertainties that an analysis conveys. The main problem of this method 

comes from the difficulty of individualizing every source of uncertainty, given the 

complex interactions between them. Warmink et al. (2010) have proposed a guide-

line to solve this issue, so every source of uncertainty can be classified in the matrix 

just once. 

 

 

Fig. 15.12. The uncertainty matrix. Source: based on Walker et al. (2003) 

Finally, participatory approaches, both from experts and agents, provide a useful 

and easy way of accounting for most of the uncertainties at the same time that the 

user makes the audience aware about the limitations and problems of the analysis. 

For LUCCM, the study developed by Hewitt et al. (2014) can be used as reference. 

Moreover, Reed et al. (2017) and Van Delden et al. (2011) give some useful tips 

and frameworks for the inclusion of participation in the analysis.  
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 15.6 Concluding remarks 

Uncertainty, as an unavoidable attribute of any geospatial data or analysis, is a com-

plex issue which deserves special attention in order to increase the reliability of our 

studies. This can be meaningful as well in the search for the daily applicability of 

our analysis and theories in policy processes. 

Although substantial research has been done in this field, there are still plenty of 

unresolved issues which need to be addressed. It is especially important to focus on 

the analysis and management of qualitative uncertainties, which greatly determine 

the achieved results and whose communication is still a pending matter. How un-

certainties are communicated is, at the same time, another key point that has not 

received much attention. Efforts should be put in the increment of uncertainty com-

munication awareness among the research community. Many studies are still pre-

sented today without proper information and justification of key decisions, as reso-

lution or extent. Just by changing this common practise we can really account for 

the uncertainty problem and translate those practices to the practical works deliv-

ered by the same community. 
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