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ABSTRACT 

How do additional data of the same and/or different type contribute to reducing model parameter and predictive 
uncertainties? This was the question addressed with two models – the HBV hydrological water 
balance model and the ICBM soil carbon balance model – that were used to investigate the use-
fulness of the Generalized Likelihood Uncertainty Estimation (GLUE) method for calibrations 
and uncertainty analyses.  The GLUE method is based on threshold screening of Monte Carlo 
simulations using so-called informal likelihood measures and subjective acceptance criterion. This 
method is highly appropriate for model calibrations when errors are dominated by epistemic 
rather than stochastic uncertainties.  The informative value of data for model calibrations was 
investigated with numerous calibrations aimed at conditioning posterior parameter distributions 
and boundaries on model predictions.  The key results demonstrated examples of: 1) redundant 
information in daily time series of hydrological data; 2) diminishing returns in the value of con-
tinued time series data collections of the same type; 3) the potential value of additional data of a 
different type; 4) a means to effectively incorporate fuzzy information in model calibrations; and 
5) the robustness of estimated parameter uncertainty for portability of a soil carbon model be-
tween and tropical climate zones.  The key to obtaining these insights lied in the methods of 
uncertainty analysis used to produce them.  A paradigm for selecting between formal and infor-
mal likelihood measures in uncertainty analysis is presented and discussed for future use within a 
context of climate related environmental modeling. 
 

Keywords:  Modeling; Uncertainty Analysis; Water balance; Carbon balance; GLUE  
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1.  INTRODUCTION 

What methods exist for connecting scientific 
data and observations to mathematical mod-
els of our environment and environmental 
processes?   In varied forms, environmental 
models have wide ranges of formulations, 
scales of application, levels of complexities in 
process description, and purposes.  In this 
thesis, two calibration case studies were in-
vestigated; one using a classic watershed scale 
hydrological model and the other using a soil 
carbon balance model with plot-scale agricul-
tural data. The common thread explored was 
in the use of uncertainty analysis to connect 
data to model equations.   
Calibration refers to the process of adjusting 
coefficients in model equations, known as 
model parameters, to fit data observations.  
Here, fit can have various meanings and 
requires further elaboration.  In the most 
basic sense, a good visual fit to the data 
might be achievable by manually adjusting 
model parameters by trial and error.  On the 
other hand, a so-called best-fit might be ac-
complished with an automatic calibration 
algorithm that seeks to optimize a calculated 
performance index expressing the difference 
between simulated and observed values.   
Such algorithms have been in use for decades 
with environmental modeling and have 
names such as hill-climbing, simulated an-
nealing, and genetic evolution algorithms 
(Kavetski et al 2006).  The results of such 
methods are deterministic, in that they yield 
single-valued best-fit parameter sets that were 
dependent on the measure used and a corre-
sponding single set of predictions.   
An alternate philosophy for model calibra-
tions suggests that model fits are uncertain.  
Uncertainty analysis, such as confidence 
intervals on linear regression parameters, has 
been a staple of statistical model building 
(Johnson 2005), but has also been historically 
limited in application to more complex mod-
els due to computational and methodological 
impediments.  However, pioneering work by 
Hornberger and Spear (1981) used Monte 
Carlo procedures with sensitivity analysis on 
a hydrological model to advance the notion 
that we do not know all we need to know 

(and may never) to justify deterministic cali-
brations and perspectives.  This ideology has 
solidified since then.  Beven (2009) elabo-
rated the case that uncertain model predic-
tions should in fact be expected given errors 
and uncertainties in input data, model struc-
tures, and data observations inherent in all 
environmental modeling applications.  It has 
also been argued that there no longer exists 
tenable rationale to not perform uncertainty 
analyses in environmental modeling applica-
tions (Pappenberger and Beven 2006).  Oth-
ers have taken the case for uncertainty analy-
sis even further suggesting that despite likely 
complications to policy and decision-making 
processes, it can in fact be considered unscien-
tific to ignore or misrepresent the uncertain-
ties in analyses (Ivanovic and Freer 2009).   
Uncertainty analyses yield information on 
suitable parameter distributions and suitable 
boundaries on model predictions.  Here the 
term suitable indeed has different meanings to 
different practitioners.  Historically, the no-
tion of uncertainty has been confined to the 
domain of probabilistic (statistical) interpreta-
tion.  From this perspective, suitable parame-
ters and predictions would be those with a 
high probability or likelihood of occurrence.  
However, in the 1960’s, new technical defini-
tions for uncertainty were put forth based on 
set theory (Zadeh 1965) with the fundamen-
tal difference that these concepts were possi-
bilistic rather than probabilistic.  From this 
non-probabilistic perspective, sets of suitable 
parameters and predictions would be those 
that had a high possibility of occurrence.  In 
recent years there has been considerable 
thought on how probabilistic and possibilistic 
representations of uncertainty relate to alea-
toric and epistemic uncertainties in the mod-
eling process (e.g. Helton et al 2004).  Aleatoric 
uncertainties are by nature random and can 
be thought of as a core stochasticity in re-
sponse, while epistemic uncertainties are 
knowledge based and derive from unknown 
processes, model structure errors, and/or 
limits in data extent or relevance.   
In the field of environmental modeling, these 
ideologies have led to two overlapping, yet 
philosophically different, methodologies for 
estimating uncertainties in time series model-
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ing.  These methods are the Generalized 
Likelihood Uncertainty Estimation (GLUE) 
(Beven and Binley 1992) and formal Bayesian 
inference using Markov Chain Monte Carlo 
(MCMC) analysis (e.g. Gelman et al 2003, 
Kuczera and Parent 1998, Qian et al 2003).  
Both methods are in wide use today (Mon-
tanari et al 2009).  They are both Monte Carlo 
methods, yet they differ in how they deter-
mine acceptable parameter sets and how they 
sample the parameter space.  Both ap-
proaches are significantly more advanced 
than simpler Monte Carlo error-propagation 
methods, as they both seek to refine knowl-
edge of parameter uncertainty based on the 
information content in the available data.  
However, the GLUE method is essentially 
possibilistic, while the Bayesian method aims 
to be probabilistic.  There has been consider-
able debate in the literature over when, why, 
and how these methods should be employed 
(see for instance, Beven and Freer 2001, 
Mantovan and Todini 2006, Beven et al 2007, 
Mantovan et al 2007, Beven et al 2008).     

Aims and Objectives 

This thesis represents an exploration of two 
uncertainty methods (GLUE and Bayesian) 
with particular focus on application of the 
GLUE method.  Specifically, the following 
objectives were sought: 
 
1. Develop comprehensive understanding 

of the methodologies and underlying phi-
losophies of the GLUE and Bayesian 
methods,  

2. Demonstrate applicability of the GLUE 
method to water and soil carbon balance 
models, and 

3. Deepen the understanding of how addi-
tional data of different types contribute 
to constraining uncertainties in water and 
carbon balance models. 

 
These objectives were explored in the discus-
sion that follows and in two appended manu-
scripts.  Paper I was a hydrological modeling 
application that investigated the information 
content in time series data using the GLUE 
method.  Paper II investigated calibrating a 

soil carbon model to datasets in Sweden and 
Kenya.   
The principal focus of this thesis is on the 
methods of uncertainty analyses, although 
much can also be said about the specific 
modeling applications and results as well.  
Interested readers are encouraged to read the 
attached manuscripts for elaborations.  This 
thesis continues in the next section with 
further discussion of philosophical and 
methodological differences between GLUE 
and Bayesian approaches.  Section 3 presents 
Methods with brief introductions to study 
sites and models used, and more detailed 
description of the GLUE methodologies 
used.  Section 4 presents results, again fo-
cused on insights generated by the uncer-
tainty analysis.  Section 5 concludes the thesis 
with a discussion of results and interpreta-
tions as related to the research objectives 
stated above.   

2. PHILOSOPHICAL AND 

METHODOLOGICAL BACKGROUND 

Bayes’ theorem (Bayes 1763) provides a 
probabilistic framework to adjust or condition 
a current state of knowledge represented as a 
probability density based on new information 
in the following way: 
 

  
C

PMOLOP )())(|()|( Θ⋅Θ
=Θ     (1) 

In the context of model calibration, the vari-
ables are defined such that O represents data 
observations and M represents model output 
based on a parameter set, Θ.  The denomina-
tor, C, is a normalizing constant that can be 
ignored for purposes herein.  In this way, 
P(Θ) represents a current state or prior 
knowledge about suitable parameter values, 
L(O|M(Θ)) represents the likelihood that the 
data would be simulated given the model and 
a parameter set, and P(Θ |O) is the condi-
tioned probability or posterior that a model 
and particular parameter set are true in rela-
tion to the available data.  Multiple evalua-
tions of Bayes equation using different pa-
rameter sets drawn from prior densities can 
provide a base of information to refine the 
prior knowledge of suitable model parame-
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ters based on information content in the 
available data.    
If one considers Bayes theorem as a concep-
tual framework for reasoning rather than a 
probabilistic doctrine, then one can use its 
concepts to illustrate two fundamental differ-
ences between GLUE and formal Bayesian 
inference: 
• What measure does one use for assessing 

the likelihood L(O|M) in Equation 1? 
• How does one sample the parameter 

space in order to capture the range of 
possible outcomes contained in prior 
densities for parameter values?   

Formal Bayesian inference with MCMC 

In this context, formal inference requires an 
explicitly stated additive error model of the 
form  
  iii MO ε+Θ= )(       (2) 
where ε is a random, independent, normally 
distributed error with variance σ, and the 
subscript i refers to the number of data ob-
servations and corresponding model outputs.    
A formal maximum likelihood estimator is 
used for the likelihood function in Equation 
1, given in its simplest form as: 

   ∏
=

⎥
⎦

⎤
⎢
⎣

⎡
−=Θ

n

i

iOL
1

2

2

2
1exp

2
1)|(

σ
ε

σπ
     (3) 

Markov Chain Monte Carlo (MCMC) algo-
rithms provide a means to sample and simu-
late complex posterior distributions (Gelman 
et al 2003).  In this way, MCMC compliments 
the statistical framework by using “cleverly 
written” (Stow et al 2007) algorithms to draw 
samples from the model parameter space 
with a sampling density in proportion to their 
relative likelihood.  Ideally, the algorithm 
gravitates towards the region in the parame-
ter space of highest probability and conducts 
a random walk through this region, while also 
exploring adjacent regions of lower probabil-
ity but with less frequency.  Statistical pa-
rameters in Equations 3 can be either speci-
fied a priori or calibrated within the MCMC 
procedure. The combination of these princi-
ples has extended the pallet of probabilistic 

uncertainty analysis to more complicated 
model structures and parameter spaces.  Of 
course, it is implied, as with most statistical 
analyses, that the precision of the inference 
has dependence on the validity of statistical 
assumptions.   
Probabilistic results can be strong scientific 
artifacts.  Consequently, formal statistical 
inference with a Bayesian perspective and 
MCMC has had gravity for many environ-
mental modelers for its apparent objectivity 
and statistical cohesiveness (e.g. Kuczera and 
Parent 1998, Qian et al 2003, Van Oijen et al 
2005).  At times, the commitment of some 
practitioners to probabilistic perspectives has 
seemed almost dogmatic and canonical (e.g. 
O’Hagan and Oakley 2004).  Only rarely in 
the published literature has ambiguity in 
these methods been admitted as “imbued 
throughout by our judgments”, including the 
very judgment to assess uncertainty probabil-
istically (e.g. Rougier et al 2010). 

Informal likelihoods and GLUE 

In one sense, the GLUE method can seem 
rather intuitive and straight-forward in com-
parison to rather eloquent formulations of 
the likelihood (Eqn. 3) and MCMC algo-
rithms.  From one perspective, GLUE is 
essentially a random sampling procedure with 
threshold screening on performance indices. 
However in another and important sense, it 
embodies a rather sophisticated differentia-
tion of aleatoric and epistemic sources of 
uncertainty that has been receiving attention 
outside of environmental modeling circles as 
well (Helton et al 2004).  The key issues that 
outline the basis for GLUE are essentially 
counter-points to the Bayesian approach:  
• Error accounting with time series data 

and environmental models is more com-
plex than assumed in the formal Bayesian 
formulation.  Epistemic sources often 
dominate simulation errors and can not 
be squeezed into a random error model 
without introducing errors in inference 
(Beven et al 2008, Beven 2005).   

• There is substantial evidence that single 
optimal parameter sets cannot be mean-
ingfully distinguished given data and 
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model errors and uncertainties (Beven 
and Freer 2001, Beven 2006) 

Generally speaking, it has been argued that 
the more complex the model and data struc-
ture, the more strongly the two points above 
hold (Beven et al 2008, Beven 2009).   
Perhaps the strongest philosophical differ-
ence between GLUE and formal statistical 
inference lies in the latter point which is at 
the core of the GLUE framework.  Beven 
(2006) defines equifinality as an inability to 
meaningfully distinguish one single best pa-
rameter set given inherent uncertainties and 
errors in available data and model structures 
and typical over-parameterization in model 
equations.  The principal of equifinality leads 
directly to the notion that multiple parameter 
sets provide equally feasible representations 
of the system and these parameter sets need 
not be clustered in a single optimal region of 
the parameter space (Beven and Freer 2001, 
Beven 2006).  This has remained a controver-
sial issue to Bayesians (e.g. Mantovan and 
Todini 2006), but has been demonstrated 
repeatedly in case studies (e.g. Beven and 
Binley 1992, Beven and Freer 2001).  Addi-
tionally, many of these same studies provided 
evidence of non-random simulation errors in 
the forms of auto correlated and non-
stationary residuals.  
As a consequence, GLUE tends to employ 
so-called informal likelihood measures that 
require no assumptions on the structure of 
model residuals (Smith et al 2008).  One 
common example of an informal likelihood 
measure is the Nash-Sutcliffe model effi-
ciency, given by:  

2

2

1
nsobservatio

residuals
effR

σ
σ

−=   (4) 

This measure has a score of 1.0 for a perfect 
simulation (σresiduals = 0) while negative scores 
indicate the model was a worse predictor 
than the mean of the observed data.  As 
GLUE is essentially an open architecture and 
not constrained to statistical theory, it can 
accommodate a wide variety of likelihood 
measures including fuzzy measures, giving 
the modeler both the freedom and responsi-
bility to represent their best judgments.  
Similarly, the modeler is also responsible for 

specifying threshold criteria for accepting or 
rejecting model parameter sets based on 
calculated scores of the likelihood measure.  
GLUE can and has been criticized for its 
subjective basis (Kuczera and Parent 1998, 
Mantovan and Todini 2006, Stedinger et al 
2008).  In spite of this, GLUE is currently 
considered the most widely used uncertainty 
method, at least in the fertile field (from the 
perspective of recent and innovative devel-
opments for uncertainty analyses) of hydro-
logical modeling (Montanari 2007).   

Current perspectives and research 

There are numerous points of comparison 
and contrast in these approaches (Table 1).  
However, both methods are to some extent 
still developmental, and there is much ongo-
ing research.  There have been recent efforts 
with GLUE focused on decreasing subjectiv-
ity in defining informal measures and thresh-
old values (Liu et al 2009, Blazkova and 
Beven 2009, Westerberg 2009).  These stud-
ies often involve detailed characterization of 
uncertainties in data observations and a limits 
of acceptability approach as described below.    
Meanwhile, there have been recent efforts 
with Bayesian inference that have focused on 
more robust MCMC sampling methods (e.g. 
Vrugt et al 2009, Smith and Marshall 2008) 
and developing more robust error models 
with some  attempts at accounting for model 
structure and input errors (e.g. Yang et al 
2007, Thyer et al 2009).  There have also been 
several head-to-head studies with these 
methodologies, with some suggesting caution 
due to substantial differences in results (e.g. 
Kuczera and Parent 1998, Stedinger et al 
2008) and others suggesting similar estimates 
of total uncertainty of response variables 
(Makowski et al 2002, Stow et al 2007, Ar-
honditsis et al 2008, Vrugt et al 2008, Yang et 
al 2008 ).  Additionally, there have been in-
teresting hybrid approaches that use an 
MCMC search in combination with informal 
likelihood measures (McMillan and Clark 
2009).  It is also important to note that there 
are other advances occurring in the field of 
uncertainty analysis in environmental model-
ing that do not involve either GLUE or 
MCMC, but do involve detailed and alternate 
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considerations of aleatoric and epistemic 
errors (e.g. Ross et al 2009).  

Synthesis 

A synthesis of these methods has been de-
veloped in this thesis (Fig. 1) based on 
evaluation of the published literature and on 
personal experience, some not reported 

herein.  This is a subjective synthesis that is 
amendable to future considerations and de-
velopments.  The proposition is that one 
means of providing context to these ap-
proaches might be to consider them in rela-
tionship to the ability to defend a choice 
between methods in a critical decision-
making or research investigation.  In this way, 

Table 1.   Summary of key ideological and pragmatic differences between the GLUE and Bayesian 
methods for uncertainty analysis. 

Issue BMCMC GLUE 

Philosophical basis Optima exist, but can not be precisely 
known 

Equifinality; optima can not be 
meaningfully distinguished 

Likelihood function Formal, frequentist Informal and subjective 

Sampling strategy Focused in region of highest likelihood with 
MCMC 

Random within prior distributions 

Key assumptions Independence, normality, heteroscedasticity 
in residuals 

Error patterns in calibration mean-
ingful to prediction 

Error model Stochastic Typically not explicit;  
errors handled implicitly 

Acceptance criteria Statistical  User-specified threshold values  

Predictive uncertainties Probability densities and statistics Non-statistical boundaries  

Key issues  Meeting error model assumptions;  Finding 
region of global optima in parameter space 

Meaningful acceptance criteria; 
Inefficient random sampling  

Strengths Probabilistic No statistical assumptions 

Weakness Results often not as true as purported No probabilities; Subjective choices 
must be defended  

0

1

Model and data structure complexity

C
re

di
bi

lit
y

non-probabilistic domainprobabilistic domain

II I

frequentist
(regression,
curve-fitting)

Bayesian Markov Chain Monte Carlo

Generalized Likelihood 
Uncertainty Estimation

Aleatory uncertainties                                                                      Epistemic 

Figure 1.  Paradigm for application of formal or informal likelihood measures in  uncertainty analysis.  
The y-axis represents a personal and subjective scale inferring the credibility of results from these 
methods to a critical decision-making or research process.   Gold circle symbols indicate where my 
work fits into this paradigm, with reference to the appended manuscripts.  Open symbols indicate my 
own experience not reported in this thesis.  Green arrows indicate directions of state-of-the-art devel-
opments in recently published literature.   
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a subjective credibility score could be de-
fined, whereby credibility = 1.0 might suggest 
(by my judgment) a wholly defendable 
choice, whereas a score of say 0.5 suggests 
that several aspects of the selection would be 
subject to unavoidable criticism.  Credibility 
domains might then be assigned for different 
methods depending upon the complexity of 
data and model structure and relative contri-
butions of aleatoric or epistemic uncertainties 
(Fig.1).  In general, there seems little rationale 
to not employ formal probabilistic methods 
where the assumptions in error models and 
likelihood functions can be shown to be 
valid.  There could of course be exceptions to 
this if one wished to consider aleatoric uncer-
tainties in data observations within the con-
text of even simple model structures.  But in 
general as data and model structures increase 
in complexity, there seems a parallel transi-
tion from aleatoric to epistemic uncertainties.  
In this range, probabilistic methods tend to 
lose utility due to a diminishing ability to 
convincingly handle these complexities.   The 
open architecture and non-statistic approach 
of GLUE is entirely amendable to complex 
model and data structures and implicitly 
handles epistemic errors.  However, the 
inherent subjectivity of GLUE tends to leave 
questions as to the ultimate finality of results, 
thus it might be prescribed a peak credibility 
score of 0.8 or so.  This is not intended to be 
a precise index.   However, this synthesis 
serves as a road-map for application of these 
methods in future efforts (Fig. 1), as well as a 
justification for the use of GLUE in Papers I 
and II.   

3. METHODS 

Hydrological balance and carbon balance 
simulations were independently modeled i.e. 
used different study sites, datasets, models, 
and GLUE approaches.  This section con-
tains descriptions of study sites and data, the 
two models used, and variations in GLUE 
for model calibrations.   

Datasets 

Data requirements for both studies was re-
gional meteorological data (temperature, 
precipitation, potential evapotranspiration 

time series), and time series observations that 
functioned as calibration targets for model 
outputs.  Hydrological modeling was based 
on ~2.9-years daily time series data of stream 
discharge and near-surface groundwater 
levels in a 5.6-km2 watershed at Forsmark, 
Sweden.   Carbon balance modeling was 
based on 13-51 year time series of soil or-
ganic carbon storage measured in small con-
trolled plots, each with different experimental 
treatment, at agricultural field trials at SLU 
Sweden and Machang’a Kenya.  Details on 
these datasets follow, but the interested 
reader is referred to the Methods sections in 
Papers I and II for more details on study 
sites. 

Hydrological Data 
Daily data for stream discharge from the 
Forsmark study catchment and near-surface 
groundwater levels from 18 near-by wells 
were available (Juston et al 2007) (Fig. 2).  
Both datasets were used for model calibra-
tion. The length of the data record available 
for model calibration was 1065 days.  The 
dynamic influence of seasonality (wetter 
winter months November-March) and peak 
snow melt events (typically in mid-spring) 
were clearly evident in both stream and 
groundwater responses (Fig. 2).   

Soil Carbon Data 
Agricultural field trials test the response of 
crops and soils to various experimental 
treatments under controlled and often repli-
cated conditions in small plots, typically on 
the order of several square meters each in 
size.  Numerous experimental treatments are 
typically run in parallel with the intent of 
providing a basis for statistical and modeling 
studies of differences in treatment responses.  
A typical field trial may occupy a total size on 
the order of a hectare or two, with that area 
partitioned into a grid of randomized block-
designed treatments on the order of a few 
square meters each.  
Here, time series data of soil organic carbon 
(SOC) storage in the upper 20 cm was avail-
able from field trials at SLU in Uppsala Swe-
den (Persson and Kirchmann 1994) (Fig. 3a) 
and Machang’a Kenya (Kihanda et al 2005) 
(Fig. 3b).  Data from six treatments each 
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were employed for modeling, with the 
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Figure 3.  Time series of soil organic carbon (SOC) storage in the upper 20 cm of soil for six treatments 
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objective of jointly and simultaneously simu-
lating all treatments at a site.  Each treatment 
had a different history of carbon additions to 
the soil, in the form of crop residuals and/or 
manure amendments (Table 2).  Although 
there were similarities in the treatments be-
tween study sites, they were in general not 
the same (Table 2).  The duration of the field 
trial time series was 51 years at the Swedish 
site (Fig. 3a) and 13 years at the Kenyan site 
(Fig. 3b).  Data sampling intervals were ir-
regular, but were typically biennial at the SLU 
site after the first 18 years and annual at the 
Machang’a trial after the first 5 years. Since 
the time span, dynamics and density of data 
were so different in the soil carbon data (Fig. 
3) compared to hydrological data (Fig. 2), 
there were good opportunities for different 
and interesting insights with modeling and 
uncertainty analysis.  There was also a degree 
of stochasticity in response in the soil carbon 
time series (Fig. 3) that was not as apparent 
in the hydrological time series (Fig. 2).  

Models and Objectives 

The models used were well-known and pre-
viously published.  Both were chosen because 
they are conceptual models of moderate 
complexity and offered a good platform for 
exploring model calibrations.  Both were also 

customized from previously published forms.  
Model equations were coded using Visual 
Basic macros in separate Excel spreadsheet 
applications.  Excel worksheets were used for 
data input and output and graphical represen-
tations.  Model codes read in data from 
worksheets, performed model calculations, 
repeated model runs within Monte Carlo 
loops, performed uncertainty calculations, 
and returned results back to Excel work-
sheets.   
Modeling objectives were consistent with the 
objectives of this thesis and addressed state-
of-the-art research questions for each topic.  
The objectives stated below are re-phrased 
from Papers I and II to a broader context 
more pertinent to this thesis’ aims, objectives 
and discussions. 

HBV-Forsmark Hydrological Model 
The principal aim of this study was to ad-
dress the following question: Are all data 
points equally informative, or are some more informa-
tive than others for constraining model parameters 
and predictive uncertainty?  The approach was to 
perform repeated calibrations of a hydrologi-
cal model to the Forsmark dataset (Fig. 2) 
using various fixed interval subsets of the 
complete data time series (Fig. 4 and Table 
3).  For instance, the complete time series 

Table 2.  Experimental treatments from the SLU and Machang’a long-term agricultural field trails.  
Treatment names are consistent with those used in source materials (Andrèn and Kätterer 1997,  Ki-
handa et al 2005).   

 Treatment Fertilized 
(yes/no) 

Residues 
(kg/m2/yr) 

Manure 
(kg/m2/yr) 

Fallow No 0 0 

+N + straw Yes 0.19 +0.095 0 

-N + straw Yes 0.19 +0.058 0 

-N - straw Yes +0.057 0 

+N - straw Yes +0.091 0 

SLU 

manure No +0.082 0.19 

A1 No 0.119 0.13  

A2 No 0.116 0.26 

B1 No 0.111 0.0,  0.13 

B2 No 0.063 0.0, 0.26 

C No 0.179 0 

Machang’a 

F Yes 0.160 0 
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contained 1065-days of daily data, and data 
subsets included variations of once per week 
(153 data samples), once per month (35 data 
samples), and a so-called informed observer (53 
data samples).  The informed observer subset 
hypothesized that a knowledgeable expert 
might infer that the largest hydrological event 
of the year (e.g. the final snowmelt of each 
spring at Forsmark Sweden) might also be an 
information rich period for model calibra-
tions.  This case study investigated the valid-
ity of that hypothesis.   

The hydrological model used was a site-
specific modification of the well-known HBV 
model (Bergström 1976, Harlin and Kung 
1992, Bergström 1995, Lindström et al 1997, 
Seibert 1997) and was renamed HBV-
Forsmark.  Similar to the original HBV 
model, HBV-Forsmark is a lumped, concep-
tual model with rather simple structure (Fig. 
5) and a limited number of model parameters 
(Table 4).  The model used a one-
dimensional catchment-averaged water bal-
ance based around three conceptual water  

May-04 Aug-04 Nov-04 Feb-05 May-05 Aug-05 Nov-05 Feb-06 May-06 Aug-06 Nov-06 Feb-07

"Informed"

Quarterly

Daily

Weekly

Monthly

Table 3.  Summary of calibration case studies investigated with the HBV hydrological model.   First 
letter in the case study column refers to data frequency for discharge calibration, and second letter to 
groundwater calibration.  Letters refer to D = daily, C = calibration period, V = validation period, N = 
none, W = weekly, M = monthly, Q = quarterly, I = “informed”. 

Case 
study 

Data usage for calibration Discharge  
data days 

Groundwater 
data days 

D-D baseline case: full-sample calibration with all discharge and 
groundwater data 1065 1065 

C-V spilt sample calibration to first data interval, all daily data 518 518 

V-C split sample calibration to second data interval, all daily data 547 547 

D-N daily discharge data, no groundwater data  1065 0 

D-M daily discharge data, once-per-month  groundwater data 1065 35 

D-Q daily discharge, once-per-quarter  groundwater 1065 11 

W-W once-per-week (Tuesdays) discharge & groundwater data 153 153 

W-M once-per-week discharge data, once-per-month groundwater 153 35 

W-Q once-per-week discharge, once-per-quarter groundwater data 153 11 

M-M once-per-month for both discharge and groundwater 35 35 

I-I “informed” sampling for both discharge and groundwater 53 53 

I-M “informed” sampling of discharge, monthly for groundwater 53 35 

I-Q “informed” sampling of discharge, quarterly for groundwater  53 11 

N-D no discharge data, daily groundwater data,  0 1065 

Figure 4.  Dates of data use for five hypothetical sampling intervals evaluated in this study. 
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Table 4. HBV-Forsmark had 15 parameters, of which four were fixed and 11 explored during calibra-
tions.  Minimum and maximum ranges represent the boundaries for Monte Carlo realizations of the 
parameter space in GLUE. 

Parameter Description Fixed value Min. range Max. range Unit 

Snow and interception 

CFMAX Degree-day constant for melting  1 5 mm/ºC/d 

tt Threshold temperature for melting  0 2.5 ºC 

KR Radiation constant for melting  0 0.15 mm/W/m
2

CWH Water holding capacity 0.10 - - % 

CFR Refreezing coefficient 0.05 - - - 

Subsurface fluxes 

CRM Maximum capillary rise  0 20 mm/d 

K Discharge scalar  50 500 1/d 

KQ Discharge exponent  2 8 - 

Breakpoints in ET soil moisture function 

ETM Min. evap. when saturated  0.2 - -  

WET Threshold for moisture limited 0.1 - -  

DRY Threshold for deficit limited  0.3 0.7 m/m 

Lumped physical constants 

RZ Root zone depth  -0.3 -0.9 m 

DZ Dead zone depth   -0.9 -1.2 m 

SP Porosity at soil surface  0.3 0.6 m/m 

SSF Shape factor for soil depth-storage  0.6 1.0 - 

Figure 5.  Schematic diagram of the HBV-Forsmark model with key equations.  Storage units are (m) 
and flux units are (m/d). 

ground surface, d=0

DZ, dead zone depth

RZ, root zone depth

X(t), groundwater depth

Porosity (%) 

S(t)= SP · [X(t) -DZ]SSF

US

US, unsaturated 
storage

S, saturated storage

InterceptionSnow

RZ storage 
capacity

P ET

Q(t), discharge

0

1

0 1

ET
 /P

E
T

WET DRY

Φ = RZdef /RZcap

RZ deficit 
melt = [CFMAX (T(t)-tt) + KR·R(t)] /1000

refreeze = melt·CFR  ,within CWH

USdef

capillary rise = CRM · (1 - US / FC) 

Q(t) = K· S(t) KQ

FC
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storages: snow and ice, unsaturated ground-
water, and saturated groundwater.  HBV-
Forsmark used daily input time series for 
precipitation, temperature, radiation, and 
potential evapotranspiration to simulate daily 
discharge and catchment-averaged groundwa-
ter depths.  Calibration involved determining 
values for 11 model parameters (Table 4) 
with conditioning to the Forsmark time series 
data (Fig. 2) using GLUE uncertainty meth-
ods as described below.  The interested 
reader is referred to the Methods section of 
Paper I for more details on the model struc-
ture.  However, a reader should also be able 
to proceed in this thesis without a more 
detailed understanding of the models used. 
 Uncertainty analysis were conducted, as 
described in the next section, for all calibra-
tion trials and parameter distributions and 
time series uncertainty bands were compared 
between trials.  These comparisons were used 
to gain insight into the information content 
in the time series data.  In total, there were 14 
case studies conducted comprised of various 
combinations of data subsets from discharge 
and groundwater time series (Table 3).  

Introductory Carbon Balance Model (ICBM)  
The principal aim of this study was to ad-
dress the following question: How do additional 
data of the same and/or different type contribute to 
reducing model parameter and predictive uncertain-
ties?  The approach was again to perform 
repeated calibrations but this time with a 
carbon balance model to the SLU and 
Machang’a site data (Fig. 3).  The repeated  
calibration trials had different focus than in 
the HBV study.  Here, we assessed the im-
pacts of additional data of the same type 

(extending the SLU dataset from 35 to 51 
years in length), additional data of a different 
type (hypothetically gaining knowledge of a 
critical soil characteristic), and additional data 
from a different climatic region (Kenya) on 
calibration uncertainties.  Five different case 
studies were investigated (Table 5) investigat-
ing the influence of these different durations 
and types of data on parameter estimation. 
The carbon balance model used in this thesis 
was an adaptation of the ICBM (Andrèn and 
Kätterer 1997) (Fig. 6).  This model has been 
applied to modeling carbon dynamics in 
numerous field trial data primarily in Europe 
(Kätterer and Andrèn 1999), including a 
previous application to the SLU site modeled 
here (Andrèn and Kätterer 1997).  The model 
used a lumped carbon balance with three 
conceptual storages representing young, old 
and inert fractions of soil organic carbon 
(SOC).  The primary input to ICBM was a 
time series of carbon additions to the soil.  
Here, these inputs were categorized as either 
crop materials (roots and residual stems) or 
farmyard manure.   A soil biological activity 
factor, r, was calculated offline based on 
regional meteorological time series and a 
simplified soil water balance and temperature 
routine (Andrèn et al 2007).   Calibration 
involved determining values for five model 
parameters (Table 6) with simultaneous con-
ditioning to the six time series (one for each 
treatment) to time series data from SLU 
and/or Machang’a (Fig. 3) using GLUE 
uncertainty methods as described below.  As 
stated above, the interested reader is referred 
to the Methods section of Paper II for more 
details; however one should be able to pro-
ceed with the information just provided. 

Table 5.  Summary of five calibration case studies investiaged with ICBM and GLUE. 

Dataset Case Data interval Calibration 
parameters 

RMSE criterion 
(g/m2) 

Min RMSE 
(g/m2) 

1 1956-1991 5 0.18-0.28 0.167 

2 1956-2007 5 0.19-0.30 0.184 

SLU 

3 1956-2007 4 (I fixed) 0.19 0.184 

Machang’a 4 1989-2002 5 0.21-0.28 0.203 

Combined 
5 1956-2007 (SLU) 

1993-2002 (Mach.) 
7 0.21-0.25 0.200 
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GLUE for Model Calibration with 
Uncertainty Analysis 

The Generalized Likelihood Uncertainty 
Estimation (GLUE) method (Beven and 
Binley 1992, Beven and Freer 2001, Beven 
2009) was utilized to calibrate models in both 
studies with uncertainty analyses.  The gen-
eral procedure with GLUE was essentially 
the same in both studies, although different 
likelihood functions and threshold criteria 
were employed in each.  These aspects re-
main the most interesting and challenging in 
GLUE applications.  Multiple random reali-
zations of parameter sets were drawn within 
pre-defined prior boundaries for each model 
(Tables 4 and 5, respectively).  Models were 
run for each realization and time series re-
sponses were simulated based on initial con-
ditions and the specific parameter set.  A 
performance measure was calculated to com-
pare simulated time series to data observa-
tions.  GLUE is flexible in the choice of 
performance measure and different measures 
were deemed appropriate for each study.  A 

user-defined threshold was applied to retain 
simulations and parameter sets for post-
processing that had better likelihood scores 
than the threshold criteria.  In the GLUE 
terminology, these are so-called behavioral 
solutions.  Simulations with worse likelihood 
scores were discarded.  Post-processing in-
cluded calculating distribution functions for 
the accepted parameter sets and calculating 
upper and lower boundaries on sets of time 
series simulations.  The number of random 
realizations in each GLUE run varied be-
tween approximately 5000-50,000,000 de-
pendent upon the selectiveness of applied 
threshold limits.  Likelihood measures and 
acceptance criteria wee different for both 
studies and are described below.    

Application to HBV Model 
Both discharge and groundwater time series 
were treated as individual calibration targets.  
Therefore, separate informal likelihoods (i.e. 
performance measures) were calculated for 
each and then averaged into a single multi-
objective performance index.  The perform-

Table 6.  ICBM had five model parameters.  Boundaries indicate ranges used for Monte Carlo realiza-
tions of the parameter space in GLUE. 

Symbol Name Units Boundaries 

ky Rate constant for young carbon yr-1 0.5 – 1.0 

ko Rate constant for old carbon yr-1 0.001 – 0.2 

hc Humification coeff. for crop residues  0.0 – 0.6 

hm Humification coeff. for manure - 0.0 – 0.6 

I Inert SOC storage kg/m2 0.0 – 4.25 

Figure 6.  The ICBM 
model structure.  
Carbon inputs were 
categorized as either 
crop residues or 
manure.  The net 
young pool, Y, con-
tained separate stor-
ages for the two input 
types, each with a 
humification factor, 
h.  A fraction of the 
initial soil organic 
carbon content was 
assumed effectively 
inert. 

Y, young 

O, old 

I, inert 

i, inputs

 Σ (1- h i) Ky R Yi Σ (1- h i ) • k y  • r  • Y i

 Σ  h i  • k y  • r  • Y i

  k o  • r • O
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ance measure for discharge was the Nash-
Sutcliffe efficiency (Reff) (Nash and Sutcliffe 
1970) given above in Equation 4.  
Knowledge on a catchment-averaged 
groundwater response was treated as fuzzy 
and uncertain.  A method proposed by Beven 
(2006), known as the limits-of-acceptability 
(LOA) method, was adapted that specifically 
addresses calibrating to uncertain targets.  
The interested reader is referred to the Meth-
ods section in Paper I for more details, but a 
brief description is given here.  In general, 
the LOA is a fuzzy logic system for defining 
acceptable target ranges of simulations based 
on uncertainties in the data observations used 
as a target.  In specific, an LOA defines a 
core range of credibility for a simulation (not 
a specific value as target, but an acceptable 
window), surrounded by a wider range of less 
credibility, and then a horizon beyond that 
no credibility.  It is essentially a fuzzy logic 
system defined for time series variables.  
Here, data from 18 groundwater wells (Fig. 2) 
were used to define limits of acceptability for 
groundwater simulations.  A window of core 
credibility for simulations was defined from 
the 95% confidence interval on the mean of 
these 18 groundwater records, assuming a 
Student’s t-distribution in the data.  Any 
simulation entirely contained between these 
bounds would receive a score of 1.0.  A re-
gion of lower credibility was defined from 
the 99.9% confidence interval of the mean.  
A net score between 0.0 - 1.0 was calculated 
for each groundwater simulation based on 
the degree to which the simulation fell within 
these credibility bands.   
Discharge and groundwater performance 
indices, both of which had maximum scores 
of 1.0, were averaged to a single net perform-
ance index (NPI) for each realization in a 
GLUE sequence.  The acceptance criteria for 
each case study was defined as the top 200 
simulations from 4 million random realiza-
tions of the parameter space, thus screening 
only the upper echelon of model perform-
ance (0.005%) for posterior analysis.    
As the goal of this study was to compare 
information in different data subsets for 
model calibration, a common basis was re-
quired for comparison.  That common basis 

was a second set of performance indices that 
were calculated relative to the master time 
series dataset.  In this way, parameter sets 
were calibrated to data subsets, but validated 
in comparison to the full and complete time 
series.   For example, if posterior parameter 
distributions (marginal and joint) and time 
series simulations from a calibration using 
53-days of data were exactly the same as 
those using 1065-days, then it could be con-
cluded that these datasets contained exactly 
the same information content in the context 
of calibrating the HBV-Forsmark model. 

Application to ICBM Model 
The performance measure for the carbon 
balance modelinvestigations was the net root-
mean-square-error (RMSE) of model simula-
tions across all treatment responses.  Calibra-
tion case studies were conducted   with 
threshold criteria starting just above the 
lowest achieved RMSE for each case study 
and incrementing higher in steps of 0.01 
kg/m2.  The number of Monte Carlo runs for 
each case study was limited to either 50 mil-
lion total, or N = 250 in the set of accepted 
model runs.   Note that this increment (0.01 
kg/m2) is between 2-15% of annual C loads 
(crop residues plus manure) applied at either 
experiment (Table 2), and is less than 1% of 
SOC storage in the upper 20 cm of either of 
these experiments (Fig. 3a and b).  The re-
sulting sequence of parameter distributions 
and time series boundaries provided insights 
into the shapes and characteristics of the 
ICBM parameter space as conditioned by 
these data.  One interest in this study was the 
RMSE threshold value for each case study 
that provided coverage of 90% of data ob-
servations with GLUE uncertainty bounds. 
Another interest was in parameter distribu-
tions at the upper echelons of the model 
parameter space, which we functionally de-
fined here as the first RMSE increment 
(within 0.01 kg/m2) above lowest achieved 
RMSE scores in a particular case. 

4. RESULTS 

An overview of key results are presented here 
for hydrological and carbon balance model 
calibrations with GLUE.  The interested 
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reader is referred to Papers I and II for more 
detailed results and discussions. 

Dynamic water balance modeling with 
HBV (Paper I) 

Figure 7 shows an example of uncertainty 
bands on simulated time series from GLUE 
for the baseline case (D-D) and the so-called 
informed observer case (I-M).  The overlap 
between these two cases is almost complete, 
with only very small regions near peak events 
suggesting slightly wider uncertainty bands in 
the I-M case. Note also that model errors in 
the discharge time series (Fig. 7a) were non-
random and had intervals with significant 

serial correlation and non-stationary variance.   
Performance evaluations are summarized in 
Figure 8 for all calibration case studies.  Ab-
breviations of the case study names are listed 
along the x-axis in the figure and can be 
cross-referenced to Table 3.  The y-axes 
show the achieved ranges in the top 200 
retained solutions from each case study 
GLUE calibration for four evaluation indices.   
All of the partial data subset case studies 
performed better than conventional split-
sample calibrations (C-V and V-C), the full-
term discharge only (D-N), and the full-term 
groundwater only (N-D) case studies.  None 
of the partial data subset case studies per-
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Figure 7.  Comparison of two uncertainty bands for a) discharge and b) groundwater time series simu-
lations for calibration to the D-D calibration using 1065-days of complete daily data (1065 continuous 
days of data) and to a calibration using a subset of judiciously selected points (53 data points total at 
once-per-month interval plus weekly during March and April). The uncertainty band for the complete 
data calibration is shown in dark grey, the subset calibration is shown in light grey, and light cross-
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Figure 8.  Summary of validation scores for data subset calibration trials.  Validation was conducted by 
calculating performance indices to the full 1065-day discharge and groundwater time series.  a) Dis-
charge score was the Nash-Sutcliffe Reff measure, b) groundwater score was the net LOA score for 
groundwater simulations, c) ranks the informative value of data subsets relative  to the complete daily 
time series (D-D case), and d) is the mean of discharge and groundwater scores.   

formed as well as the full-sample baseline (D-
D), but some were very close (Fig. 8a and b).  
The second ranked W-W case study utilized 
once per week discharge and groundwater 
“samples”.  This case had discharge and 
groundwater scores that were virtually indis-
tinguishable from the baseline case.  The 
third ranked D-M case utilized the full-term 
daily discharge time series but only once per 
month groundwater “samples”.  The D-Q 
strategy utilized only quarterly data, was still 
vastly improved over the D-N strategy, and 
was ranked 6th overall.  This is interesting in 

that it demonstrated that only a small amount 
of supplemental and regularly sampled 
groundwater data was adequate to signifi-
cantly improve the quality of simulations, in 
terms of our multi-objective performance 
criteria, above a discharge-only (D-N) cali-
bration. 
The “informed observer” strategy utilized a 
judiciously selected 53-day subset of data 
from the 1065-day record.  Here two case 
studies utilizing this strategy, I-I and I-M, 
were ranked 4th and 5th by their combined 
scores (Fig. 8).  In comparison to the higher 
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ranked cases, these two informed observer 
strategies demonstrated slightly wider ranges 
on their discharge and combined error 
scores.  A third informed observer strategy 
using only quarterly groundwater was ranked 
9th overall.  The M-M case study (once-per-
month sampling for both discharge and 
groundwater data) showed generally declining 
performance indices (Fig. 8) suggesting that 
valuable information was becoming lost at 
this data sampling frequency.  However, this 
case was still superior to the N-D, D-G, C-V 
and V-C cases. 
Figure 9 shows comparison of posterior 
distributions for eight of the 11 model pa-
rameters for the baseline (D-D), D-N, N-D, 
D-Q, W-M, and I-M case studies.   All case 
studies could not be shown effectively, so 
these are representative.  Differences be-
tween posterior distribution functions for the 
three partial data cases (D-Q, W-M, I-M) 
were generally quite small compared to the 
full-data baseline case.  These differences 
appear even smaller relative to the discharge-
only (D-N), groundwater only (N-D) and two 

full-data but shorter-duration (C-V and V-C) 
calibrations (see Paper I Results).  

Dynamic carbon balance modeling with 
ICBM (Paper II) 

With ICBM, uncertainty bounds for time 
series simulations of the SLU data were dif-
ferent depending of threshold used and 
treatment considered (Fig. 10).  When a 
smaller part of the data set was used (Case 1) 
the results were in general within or quite 
close to the bounds of the Case 2 
RMSE<0.19 kg/m2 simulations, with the 
exception of the FYM treatment (Fig. 10).  
For this treatment the 16-years additional 
time series data seemed to provide additional 
constraint on simulations and model parame-
ters (discussed more below).   
Zigzag patterns in some treatment responses 
resulted from simulation of biannual carbon 
amendments in those treatments (Table 2).  
Note again that model simulation errors were 
generally non-random, here largely mani-
fested as net bias in some simulated treat-
ment responses (e.g. noN+straw treatment in 

Figure 9.  Cumulative probability distributions accepted behavioral parameter sets for different data 
extractions from the complete set of daily discharge and groundwater time series. 

D-D: baseline

D-N: discharge only

N-D: groundwater only

D-Q: Q daily, GW quarterly

W-M: Q weekly, GW monthly

I-M: Q "informed", GW monthly
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Figure 10.  Time series simulations of the SLU data with uncertainty bounds.  For clarity, responses for 
only four of six treatments are shown.  The four shaded bands indicate respective uncertainty intervals 
for 90% data coverage (RMSE<0.27 kg/m2) from the 1956-2007 Case 2 calibration.  The dashed line 
pairs within these shaded bands indicate tightened uncertainty bounds for respective treatments with 
the GLUE acceptance threshold set at  RMSE<0.19 kg/m2.  Red lines indicate the best observed 
simulation for the 1956-1991 Case 1 calibration, including forward prediction (1992-2007).  Uncertainty 
bounds for the Case 1 calibration are not shown for clarity, but were approximately as wide as the Case 
2 bounds 

Fig 10). Uncertainty bounds decreased with 
more selective (i.e. lower RMSE thresholds) 
GLUE criteria.  Approximately 90% of the 
1956-2007 data (n=94) were covered by 
GLUE uncertainty bounds using an 
RMSE<0.27 kg/m2 acceptance threshold 
(Fig. 10). This acceptance threshold (T<0.27 
kg/m2) was greater than the mean uncertainty 
in the observed data between treatment repli-
cates (0.14 kg/m2), suggesting contributions 
to predictive uncertainty beyond stochasticity 
in data observations from model structure 
and/or input data.  After 51 years, simulated 
predictive bands for 90% data coverage 
ranged between 0.6-1.3 kg/m2 in width.  
Thus, a prediction of a subsequent year’s 
value of SOC (e.g. 2008) could be estimated 
with this uncertainty.  
An acceptance threshold of RMSE<0.19 
kg/m2 was within 0.006 kg/m2 of the lowest 
identified error in any Case 2 simulations 
(Table 6).  The uncertainty bands at this 
threshold were indeed narrower than at 

RMSE<0.27, but still demonstrated ap-
proximately 0.25 kg/m2 of predictive uncer-
tainty after 51 years simulation (Fig. 10).  A 
smaller uncertainty band such as this would 
be more appropriate to use to predict the 
central tendency of long-term time series 
predictions, with the knowledge that most 
annual predictions would likely lie outside 
these bounds.  
Minor differences were evident in condi-
tioned probabilities for ICBM parameters 
between Case 1 and Case 2 calibrations (Fig. 
11).  Distributions for kY, kO, I, and hC pa-
rameters were largely similar between Case 1 
and Case 2 across a range of RMSE accep-
tance thresholds (Fig. 11a, b, c, d).  The ma-
nure humification factor, hM, seemed to be 
the parameter most clearly affected by the 
additional data in the Case 2 calibration.  The 
lower range for hM in Case 2 calibrations 
compared to Case 1 (Fig. 11e) were consis-
tent with the lower range of simulated SOC 
values in the FYM treatment when ICBM 
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was calibrated to the extended time series 
(Fig 10).  There was also substantial covari-
ance exhibited between kO, I, hC, and hM pa-
rameters in the accepted parameter sets.  The 
strongest covariant relationship in the Case 2 
calibration existed between kO and I 
(R=0.92).  In general, covariant relationships 
were more defined (in addition to sharper 
parameter distributions) with more selective 
threshold criteria (Fig. 11f). 
In general, there was high uncertainty in 
parameter distributions, even at the lowest 
ranges of accepted RMSE scores.  For in-
stance, the covariance of kO and I from the 
most selective Case 2 calibrations 
(RMSE<0.19 kg/m2) covered a factor-of-
four range in kO and a plausible range of 0-
60% for the inert fraction of SOC at the site 
(Fig. 11f).  Recall that the Case 2 calibration 
assumed no prior information was available 
on the inert SOC at the site.  Also recall that 
the RMSE<0.19 kg/m2 criteria was near 
optimal - just 0.006 kg/m2 greater then the 

lowest achieved RMSE with any of the Case 
2 Monte Carlo realizations (Table 6).  This 
very small differential is arguably well within 
uncertainties in the SOC data itself (Fig. 3a), 
as well as the uncertainties in carbon inputs 
(Table 2).  Also note that the kY parameter 
was not well defined in any case study (Fig. 
11a), suggesting low information value in the 
multi-year interval data to support calibration 
of turnover rates in the labile pool in the 
ICBM.   
If information were available to bound prior 
knowledge of the inert SOC content of the 
Frame Trial soils, then the uncertainty in the 
remaining ICBM model parameters could be 
reduced.   As a hypothetical example, if the 
model parameter I was believed to lie roughly 
in the vicinity of 1.5-2.0 kg/m2 (range indi-
cated with arrows in Fig 11c), then resultant 
parameter distributions tightened (Fig. 11b, 
d, e) and covariant relationships changed in 
the remaining model parameters (not shown).  
Although not shown in Figure 11b, the cor-
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Figure 11.  Probability densities for ICBM parameters after conditioning to the SLU data (Cases 1, 2, 
and 3) with the GLUE method.  Two distributions each are shown for Case 1 and Case 2 calibrations 
over a range of RMSE thresholds.  The Case 1 RMSE<0.25 and Case 2 RMSE<0.27 results represent 
parameter distributions for approximately 90% cover of respective data observations.  The Case 1 
RMSE<0.18 and Case 2 RMSE<0.19 results represent the upper echelons of the respective parameter 
spaces, in close proximity to the lowest achieved RMSE values.  The Case 3 RMSE<0.27 results 
bracket 90% of data and can be compared to the Case 2 RMSE<0.27 results. 
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Figure 12.  Time series simulations with uncertainty bounds for two of the six treatments at 
Machang'a.  The remaining four treatments were overlapping and not shown for clarity 

responding range for kO at RMSE<0.19 re-
sulting from this hypothetical information 
would be 0.14-0.22 yr-1, a substantial reduc-
tion in uncertainty compared to the Case 2 
calibration that assumed no prior information 
on I. 
GLUE calibrations were also conducted to 
the Machang’a field trial with generally simi-
lar results (Fig. 12) and also to pooled data 
from Machang’a and SLU.  Here, a single 
trial was run using an RMSE<0.22 kg/m2 
threshold to demonstrate the potential for 
conditioning model parameters to multiple 
datasets simultaneously.  Joint calibration to 
the Machang’a and Frame Trial datasets was 
successful when some parameters were 
treated as global (kY, kO, hC) and others 
treated as site-specific (hM, I) (Fig. 13).  Dis-
tributions were wider in some of the joint 
parameters, such as kO, since the RMSE 
criteria was less limiting in the joint calibra-
tion than for the separate dataset calibrations 
(Fig 13b). 

5. DISCUSSION 

Calibration of HBV and ICBM models with 
uncertainty analysis has provided numerous 

insights.  Generalized Likelihood Uncertainty 
Estimation (GLUE) has been used for cali-
brations.  GLUE is based on threshold 
screening of Monte Carlo simulations based 
on so-called informal likelihood measures 
and subjective acceptance criterion.  In nu-
merous calibration case studies with these 
models, this thesis has explored ideas related 
to the informative value of data for model 
calibrations and has used parameter distribu-
tions and boundaries on model predictions as 
a metric for assessment.   
It is important to clarify perspectives on how 
the models chosen relate to one another and 
to the topic of water and carbon balance 
modeling in general.  HBV and ICBM are 
both conceptual simplified models wherein 
detailed descriptions of all principal processes 
had been avoided.  Although neither can be 
considered to give a full description of all 
possible mechanism within the systems, they 
have provided a valuable platform to solidify 
concepts and explore uncertainty methods. 
The HBV model is a classic rainfall-runoff 
model with watershed boundaries.  Dynamic 
water balances were maintained in each of 
the three internal storages of HBV, but the 
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model had no carbon-related component.   
ICBM is a carbon balance model for plot-
scale assessments.  It indeed also contained a 
water balance sub-routine.  However, the 
water balance in ICBM was calculated offline 
to assess the soil biological activity factor, r 
(Fig. 5), and was not fully coupled to the 
carbon balance.  A fully coupled water and 
carbon balance model (e.g. CoupModel, 
DNDC, DayCent) might also include addi-
tional feedbacks to represent long term 
changes in water storage capacity in the soil 
as a function of carbon content.  Future 
efforts with fully coupled water and carbon 
balance models will be of high interest. How-
ever, they may not have reduced the uncer-
tainty of the currently investigated system. 
Instead they may have demonstrated addi-
tional possible explanations (equifinalities) to 
the same data. 
It is also important to provide perspectives 
on how the GLUE methods used here relate 
to the state-of-the-art, in particular in regards 
the choice of informal likelihood measures 
and subjective thresholds.  In the HBV 
model study (Paper I), two criterions includ-

ing one fuzzy measure were merged to a 
single multi-objective likelihood measure.  
The Nash-Sutcliffe criteria (Eqn. 4) was used 
as a performance measure for discharge 
simulations and is probably the most com-
mon informal likelihood function used with 
GLUE (e.g. Beven and Freer 2001, Smith el 
al 2008).  It differs from the RMSE measure 
used with the ICBM study (Paper II) in that it 
often shows a higher sensitivity to the devia-
tion from the mean value of the residuals and 
can also be more robust to singular peak 
values.  The limits of acceptability (LOA) 
approach is a recent development with 
GLUE (Freer et al 2004, Beven 2006, Liu et al 
2009) and was used for assessing groundwa-
ter simulations in the HBV study (Paper I).   
The value of this approach is that it can be 
used to directly express a set of boundaries 
on credible simulations in relationship to 
errors or uncertainties in observed data.  In 
essence, it allows one to directly account for 
epistemic uncertainties in data observations 
in the calibration process.  This approach is 
directly linked to the non-probabilistic 
framework of GLUE.  The LOA approach 
was also tested with ICBM calibrations (un-

0.0

0.1

0.2

0.3

0.4

0.001 0.021 0.041 0.060 0.080 0.100

0.00

0.10

0.20

0.00 0.85 1.70 2.55 3.40 4.25

Inert SOC (g/m2)c)

0.00

0.10

0.20

0.30

0.40 0.52 0.64 0.76 0.88 1.00

kY (yr-1)a)

0.00

0.10

0.20

0.30

0.00 0.02 0.04 0.06 0.08 0.10

kO (yr-1)b)

0.00

0.10

0.20

0.30

0.40

0.50

0.00 0.20 0.40 0.60 0.80 1.00

hCd)

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

0.00 0.02 0.04 0.06 0.08 0.10

ko (yr-1)

In
er

t (
kg

/m
2 )

0.00

0.10

0.20

0.30

0.40

0.50

0.00 0.20 0.40 0.60 0.80 1.00

hMe)

Case 4, T<0.25

Case 5, T<0.19

f)

Case 2, RMSE<0.19 Case 4, RMSE<0.21 Case 5, T<0.21

Figure 13.  Parameter distributions for lowest RMSE thresholds tested for Cases 2 (RMSE<0.19), 4 
(RMSE<0.20), and 5 (RMSE<0.20).  The Case 2 distributions are identical to those shown in Figure 11 
and are repeated here to establish a relative reference.  Two distributions are shown for Case 5 in 
frames c) and e), as there were treated as site specific parameters in the joint Case 5 calibration. 
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published) and it is interesting to consider 
those experiences here.  Preliminary calibra-
tions using LOA criteria derived from the 
SLU field data were quite similar to the re-
sults reported herein using RMSE (Fig. 11), 
in terms of posterior distributions and simu-
lation bounds.  In fact, this partly explained 
the rationale for choosing the simpler RMSE 
measure in this study.  However, this also 
suggested an importance of evaluating the 
most appropriate likelihood measure for 
GLUE on a case-by-case basis. 
The subjective selection of acceptance criteria 

, 

 

was developed and put forth to 

with GLUE calibrations remains an impor-
tant topic.  Indeed, this aspect of GLUE has 
been sharply criticized (Mantovan and Todini 
2006).  The HBV study (Paper I) employed a 
simple percentage based criteria in that the 
top 200 simulations from 40 million random 
realizations were retained for post-processing 
from every case study.  The ICBM study 
(Paper II) employed an RMSE measure that 
was directly comparable to characteristics of 
the observed data. In this way, the approach 
in Paper II seemed an advance in comparison 
to Paper I, as here efforts were made to 
contextualize threshold criteria to characteris-
tics of data observations.  The topic of de-
fendable threshold criteria is perhaps one of 
the most critical areas for future development 
with GLUE (Fig. 1).  Here again, the limits of 
acceptability approach seems to hold particu-
lar promise, since it can easily be adjusted to 
the characteristics of different types of data. 
In both case studies but to different degrees
model residuals were not random (Fig. 7a 
and 10).  The GLUE method provided an 
effective means to robustly infer parameter 
and predictive uncertainties under these 
conditions, but with the caveat that there was 
explicit subjectivity attached to these assess-
ments.  Calibration results with Bayesian 
Markov Chain Monte Carlo were not pre-
sented in this thesis, but they were attempted 
with both HBV and ICBM calibrations and it 
is worth relating some of those experiences 
here.  From a perspective of statistical infer-
ence, the principal issue in ICBM simulations 
of soil carbon time series was one of bias in 
some treatment responses (Fig. 10).  Treat-
ment simulations that were not biased indi-

cated a generally stochastic error pattern that 
seemed rather amendable to formal methods.  
Accordingly, preliminary calibrations with 
MCMC appeared generally successful with 
ICBM calibrations and the Bayesian results 
had many similar characteristics to GLUE 
results in terms of parameter distributions 
and covariance and uncertainty bounds on 
predictions (unpublished, 2009).  However, it 
is unknown as to what extent the unac-
counted bias in the formal error model may 
have had on the inferential precision.  On the 
other hand, the principal issues with formal 
inference in HBV simulation was strongly 
autocorrelated and non-stationary residuals 
(Fig. 7).  There was virtual no native stochas-
ticity evident in these time series data (Fig. 2). 
These are more challenging conditions to 
overcome with formal inference and MCMC 
methods.  Perhaps accordingly, preliminary 
investigations with MCMC calibration with 
HBV and the daily hydrological time series 
were problematic and generally not successful 
(unpublished 2008).  In particular, there were 
great difficulties with the MCMC search 
gravitating toward and not leaving regions of 
local maxima in the paramter space that were 
not providing effective time series simula-
tions.  Although these findings were not 
definitive as more advanced MCMC methods 
are available but were not tested (e.g. Yang et 
al 2007, Vrugt et al 2009), they did generally 
corroborate a working paradigm for method-
ologies (Fig. 1).  Here again, my recommen-
dation is that a decision between these ap-
proaches be addressed on a case-to-case basis 
and that one stay abreast of new develop-
ments in these fields, as the knowledge base 
is dynamic. 
A paradigm 
suggest how and when formal and informal 
likelihoods might be effectively used based 
on today’s knowledge base (Fig. 1).  The key 
determinant in this paradigm was if dominant 
sources of uncertainty were aleatoric or epis-
temic, which is suggested to parallel model 
and data structure complexities (Fig. 1).  A 
transition between methods was motivated 
largely to avoid potential errors in inference 
due to misspecification of formal stochastic 
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error models with formal likelihoods and 
MCMC.   
Model calibrations with GLUE provided 
interesting insights into the relationship be-
tween models and data.  In general, it became 
clear from the results in both studies that 
multiple parameter sets, some spanning wide 
ranges within the parameter space, provided 
nearly equal performance for reproducing the 
data in terms of the specified calibration 
objectives (Figs. 9 and 11).  This principle has 
been defined as the equifinality principle 
(Beven 2006) and has been well-documented 
in many other studies using similar methods 
(Seibert, 1997, Beven and Freer, 2001, Freer 
et al. 2004, Beven, 2006).  The most striking 
result from Paper I was the assessment that 
the information containing in a 1065-day 
daily time series was almost wholly embodied 
in a 53-day subset of that data.  Relative 
comparisons of the informative value of data 
are truly only valid within the context of the 
chosen model and performance objectives; 
however I suspect this assessment would 
remain true with different models and criteria 
as well.  Nonetheless, it has clear implications 
for experimental sampling designs and in is 
also somewhat challenging to formal statisti-
cal methods as well.  Would the “extra” 1022 
data points in the complete time series offer 
the “increasing value of experiment” that is 
an essential tenant to the Bayesian formula-
tion (Mantovan and Todini, 2006), or would 
they contribute to over-conditioning and 
incorrect identification, even after accounting 
for autocorrelation, as Beven et al. (2008) 
have professed?  I do not pose an answer 
here, but this remains an open and interesting 
question from these results. 
There appears no precedent in the published 
literature for an application of GLUE using a 
soil carbon model and field trial data (Paper 
II).  If published, this paper might therefore 
provide a precedent in this field.  Addition-
ally, there were three specific insights from 
this study of interest.  First, it was shown that 
an additional 15-years time series data to a 
core 36-year dataset provided only very small 
refinement to the knowledge of model pa-
rameters (Fig.  11). In more general terms, 
this demonstrated an aspect of marginal 

returns in continued data collection of the 
same type.  Secondly, it was shown that a 
small amount of data on a key model pa-
rameter, in this case the inert fraction of soil 
organic carbon, could contribute significantly 
to refining knowledge of the remaining 
model parameters (Fig. 11).  In more general 
terms, this demonstrated a comparative high 
value that data of different type might have in 
calibrations.  And lastly, this work demon-
strated a new method to employ data from 
different sites and regions in a single lumped 
calibration with the intent to provide more 
robust and portable model parameters (Fig. 
13).  This approach might be especially valu-
able for model predictions at sites with no 
historic data.   

6. CONCLUSIONS 

The objectives of this thesis have been ex-
plored.  A working and amendable synthesis 
for decision support was developed to select 
between methods that used formal or infor-
mal likelihood measures given model and 
data structures.  This was developed on the 
basis of direct experience with both methods, 
following current publications and still ongo-
ing informal discussion within the scientific 
society.  This thesis explored the application 
of one of these approaches with the non-
statistical GLUE method.  The GLUE 
method was shown to be both applicable and 
useful in separate applications to water and 
carbon balance models.  The method also 
provided valuable insights into relations 
between model parameter spaces and avail-
able data.  The framework has proven effec-
tive for incorporating data of different types 
into model calibrations and for evaluating 
relative impacts of these data towards reduc-
ing parameter and predictive uncertainties.  
While the mantra “we need more data” is 
often heard in the context of calibrating 
environmental modeling, the results of this 
thesis suggested complimentary perspectives 
of importance regarding what types of data, 
how much of it, and when to collect it.   
In conclusion, this thesis has demonstrated 
an understanding of principles for water and 
carbon balance modeling and has explored 
various aspects of data assimilation in models 

23 
 



John Juston  TRITA LWR .LIC 2048 

 

using state of the art uncertainty methods.  
There is of course more interesting work to 
be done on these topics and that is the intent.  

7. FUTURE WORK 

A Ph.D. will be pursued following this work.  
The topic for Ph.D. research is modeling 
dynamic conditions in water and carbon 
balances in regions of transitional land use in 
East Africa.  In a sense, efforts with the 
Machang’a dataset in Paper II in this thesis 
were a bridge in that direction.  But this can 
also be seen as just a toe in the water.  I have 
gathered several interesting datasets in the 
region over the past two years, including 

some on transitional rain forests in west 
Kenya and Rwanda.  We also have field col-
lected soils data from degraded grasslands in 
the Mara River basin, Kenya.  The general 
intent is to progress with more detailed study 
of interactions between water and carbon 
balances using models of greater complexity 
than explored here and to continue within an 
uncertainty framework.  Insights are much-
needed on the topic of land use change in 
this region of the world.  I hope to contribute 
with assessments of what can be said (or not) 
based on conditioning models to available 
data with uncertainty analysis.
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