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Introduction

As part of the preparation towards the Danish River Basin Management Plans 2021-2027 the
Danish Environmental Protection Agency (EPA) has initiated a number of mechanistic model
developments with the aim of increasing the spatial coverage of models, improving the
calibration/validation and hence the confidence of the Maximum Allowable nutrient Inputs
(MAls).

The development of mechanistic models includes both development of hydrodynamic models
(water levels, currents, salinity, water temperatures, etc.) and biogeochemical models (nutrients,
phytoplankton, organic matter, benthic vegetation, etc.). The model development entails several
different processes (and sub-processes):

e Collection and preparation of input data (boundaries, meteorological forcings, initial
data, etc.)

e Collection and preparation of observational data (monitoring) for model
calibration/validation

e The calibration (adjustment of model parameters to minimize deviations between
observations and model predictions)

e The validation (comparison with independent observations)

For all models (hydrodynamic and biogeochemical) the different processes are equally
important, but with respect to the future model use especially the calibration and validation are
very important. Through the calibration and validation, the quality of the models is evaluated,
and can thus provide an indication of the quality of model predictions. The latter will support
scenario modelling and eventually support the estimations of MAI, which is the overarching aim
of the entire model development.

This technical note describes the formalized validation procedure which we will apply throughout
the development of the mechanistic models.

Calibration and Validation

As stated earlier a number of mechanistic models are being developed as part of the model
development towards the Danish RBMP 2021-2027. Each mechanistic model consists of a
hydrodynamic model seamlessly coupled to a biogeochemical model (for details of the different
models we refer to DHI (2017a) and DHI (2017b)). The models being developed consist of two
regional models, three local models and six estuary specific models:

e Regional models
o A model covering the inner Danish waters (IDF-model)
o A model covering the North Sea (NS-model)
e Local models
o A model covering the northwestern Belt Sea
o A model covering the Little Belt area

o A model covering the Smalandsfarvand and adjacent waters
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e Estuary specific models
o Ringkgbing Fjord
o Nissum Fjord
o Limfjorden
o Mariager Fjord
o Odense Fjord
o Roskilde Fjord

All in all, the model development project includes 11 separate model setups, model calibrations
and model validations. Development of individual models will follow the same rigorous scheme,
and every process in model development will be fully documented. Main activities in model
development include:

e Model setup: Model setup includes the collection and preparation of input data
(boundaries, meteorological forcings, initial data, etc.) and the collection and
preparation of observational data for calibration/validation. When data have been
collected and prepared according to the model structures (see DHI (2017a) and DHI
(2017Db) for details) the different data are combined in MIKE 3 FM and MIKE 3 ECO
Lab, which is the modelling software applied for this specific modelling study.

o Model calibration: Following the model setup, the different models are calibrated. This
entails the process where model parameters are adjusted to allow for the best fit
between modelled parameters and similar observed parameters. Observations are
used intensively, during this process, and encompass observed water levels, salinities,
water temperatures and biogeochemical parameters, like observations of nutrients,
chlorophyll-a, light attenuation coefficients (Kd) and oxygen concentration.

¢ Model validation: Finally, the calibrated models are validated. Validation, at best,
covers a process where model results are compared to independent datasets. These
independent datasets could be additional years, not used for the calibration, or
supplementary monitoring stations. Not all models (or water bodies) have enough
observational data to carry out a validation and for those water bodies the calibration
and validation will be merged, but we aim at doing a prober validation in as many
models and water bodies as possible.

According to the model development plans, we aim at running all models for the period 2002-
2016 providing 15 years of model results. Due to the amount of years modelled we aim to use
the period prior to 2011 as calibration period, and the years 2011-2016 as our validation period.
When at a later stage the models will be applied for scenario modelling, the last 5-6 years will be
used to assess effects of e.g. reducing nutrient loadings, and thus the scenario results will
coincide with the validation period.

To allow for a robust and objective analysis of the model quality (validation) a small literature

survey was carried out reviewing a number of different metrics (goodness-of-fit) for evaluating
the model quality. This review resulted in three goodness-of-fit measures which we will apply

during the model developments, and these metrics are condensed in the following section.

modeldevelopment_goodness_of_fit.docx
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Goodness of Fit

If ecosystem models are used to guide the management of water bodies, models should be
reliable in a broad sense and able to reproduce observational data. To this end, numerous
metrics were developed and applied to numerically quantify the goodness-of-fit (or skill) of
models to observational data. Different skill metrics assess different aspects of model
performance and several metrics are needed to analyse the performance of an ecosystem
model. However, among the large pool of available skill metrics (see Bennett et al. 2013, Moriasi
et al. 2012, 2015, Stow et al. 2009) many metrics are redundant because they reflect the same
aspects of skill performance, e.g. the group of “error indices” Mean Absolute Error (MAE), Mean
Square Error (MSE) and Root Mean Square Error (RMSE) are all measures of average error
between an observation and a model prediction (Olsen et al. 2016), but without indicating if the
model over- or under-estimate observations.

A closely related metric is “Percentage Bias” (P-Bias) that expresses a normalized error value
by dividing the summed difference between observations and model prediction with the sum of
observational data. All error metrics score from 0 (best — perfect match) to indefinite (negative or
positive). When assessing model skills, we will use P-bias as a metric reflecting to what extent
the model represents a sufficiently correct level (e.g. concentration of nutrients, chlorophyll-a)
compared to observations.

Another category of skill metrics is “correlation” indices including four variants of correlation:
Spearman, Pearson, Kendall, and coefficient of determination (R2). R2 is oversensitive to high
extreme values, but insensitive to level differences between model predictions and measured
data (Legates & McCabe 1999, Krause et al. 2005). We will use the non-parametric Spearman
rank correlation coefficient which is slightly forgiven if peak observations and model predictions
(e.g. spring bloom) are mistimed by 1-2 weeks.

The most universal metric is the Modelling Efficiency Factor (MEF) that is closely related to the
Nash-Sutcliffe Model Efficiency (Nash & Sutcliffe 1970), which is a measure of the ratio of the
model error to the variability of the observational data. The metric was originally developed to
assess the performance of river catchment models, which exhibit a similar seasonal variability to
phytoplankton and inorganic nutrients (rapid increases and decreases).

Below we list the suite of model performance metrics which we will use, highlighting their
advantages and limitations.

Skill metric

Equation Remarks

Percent Bias

Percent model-bias (Pvias) is expressed by summed differences
between modelled (P) and observed values (O) normalized to
the sum of observations. Puias Shows if the model systematically
over- or underestimates observations (O); the closer model
predictions (P) are to “0” the better representation of data. Pbias
increases the weighting of errors relating to low measurement
Np - 0) values (e.g., low summer concentrations of phytoplankton and
Prias = Vo, * 100 inorganic nutrients); hence, insufficient model-tracking of low
value observations will invariable result in high Ppias.
The amplification of errors during periods when low parameter
values (observational and modelled) dominate can be overcome
by splitting seasonally variable data into two sections, e.g.
representing” growth season” (April through September) and
“winter” (December through February). Phias and the related
error metrics cannot reflect trends or temporal variation in data.
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Skill metric

Equation

Remarks

Spearman Rank
correlation

B 6 XY (rgoi — gpi)°
rs=1-—

N(NZ—1)

Spearman rank correlation

For a sample of size N, the N raw scores of observations O; and
model predictions P; are pair-wise converted to ranks rgoi and
rgei and the differences subsequently calculated, summed,
multiplied by 6 and divided by the denominator (see equation).
Typically, calculation of Spearman rank correlation is carried out
using statistical programs that also calculate rs and the
associated level of significance. The Spearman rank correlation
is less sensitive than the Pearson correlation, R and R? to
strong outliers that occur in the tails of both samples. That is
because Spearman's rho limits the outlier to the value of its
rank.

Modelling
Efficiency Factor

V(P — 0,)?
X0, - 0)?
RMSE\?

B ( SD, )

MEF =1

Modelling Efficiency Factor (MEF) is expressed by the squared
sum of differences between modelled (P) and observed values
(O) normalized to the standard deviation of observations. MEF
is the only metric selected that assesses both model precision
and accuracy. Among the metrics used MEF is both most
sensitive to scale-off effects and inverse relations, but less
sensitive to lack of correlation or mismatch of trends. In that
sense, MEF and Spearman Rank correlation metrics
supplement each other. An error-free model attains a MEF
value at 1.0.

MEF is related to the NSE metric introduced by Nash & Sutcliffe
(1970) that is widely used in hydrological modelling (MEF = [1-
NSE]*), but the square-rooting of NSE in MEF suppresses the
importance of mismatches of high value events (river run-off,
spring bloom of phytoplankton). In a thorough evaluation of NSE
metric McCuen et al. (2006) advocated for the use of MEF
instead of NSE; Zhong & Dutta (2015) applied both Root-Mean-
Square-Error (RMSE), NSE and MEF comparing models of
operation and maintenance of Light Rail Systems. They
concluded that NSE and MEF were superior to RMSE that they
had applied earlier.

modeldevelopment_goodness_of_fit.docx
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4 Validation Criteria

As just described we will use three metrices during the validation of the different models.
However, applying metrices only makes sense if prior validation criteria have been set. During
the review a number of different studies were analyzed and from those studies we also
condensed criteria to be applied during the model development. These criteria are reported in
Table 4-1, and in this table we also compare to other metrices to allow for a comparison
between metrices.

The expert in WATER ENVIRONMENTS 5



Table 4-1 Use of skill-metrics in evaluating “goodness-of-fit” in coupled aquatic hydrodynamic-ecosystem models. Overview of skill-metrics applied in
coupled hydrodynamic-biogeochemical models, and suggested assessment values for individual metrics. Green colours indicate the three
metrices used for development of the mechanistic models.

< g | 2 I~
S o | v | @ § & S| o References for
~N N~ e - o © N o ™ . i
o | 8 o | o N c 3 w | & | 8 = Assessment values of model skill metrics assessment
TS| S|S |2l S|8| |58 values?
2| & g | 2 S| E|B| £ S8 2 T
|<|o|2|8|% |5 |8 |0 |50
Regression Excellent | Very good Good Poor
Pearson r X X X X X X >0.8 0.8-0.6 <0.6 “Rooted” r?
Spearman rank p X X >0.9 0.9-0.6 0.6 Olsen et al. 2016
Coeff determ. r? X >0.65 0.65-0.35 <0.35 Maréchal 2004
Error metrics
Root mean square error RMSE X X X X X X X
Average error (Bias) AE X X X X
Average absolute error AAE X
Percent bias P-bias X X X <10 10-20 20-40 >40 Maréchal 2004, Holt
et al. 2005, Allen et
al. 2007
Modelling efficiency MEF X X X X X >0.8 0.8-0.5 0.5-0.2 <0.2
Nash and Sutcliffe 1970 | E1 X X >0.65 0.65-0.5 0.5-0.2 <0.2 Legates & McCabe
1999%, Henriksen et
al. 2003
Skvar (SDm/SDo) X
Index of agreement d X
Cost Function CF X X 0.4 0.4-1 1-2 > 3(5) Radach & Moll
2006, OSPAR 1998,
Holt et al. 2005
Parameters
T,S T T,S T T T,S T,S
Satellite data (Chl-a, X X X
SST)
Nutrients X X X
6
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3 2188
o © o o IS N o o) References for
~ ~ - i o © N o (2] . .
o S o | o I c 3 ) I 8 = Assessment values of model skill metrics assessment
T N ~| & | €| © s | & o o
o = c 5 P | 5 c g A Y values
ol 2| 2|35 | 5|s|&|5|2|3|¢%
<|<|OoO|T|o|3|=E|w|lO0|b|DO
Phytoplankton (Chl-a, C X CP| C CP
PP, PC) P,P P
C
Total suspended X X
solids
Secchi Depth X X
Higher trophic levels X

a) References to the different studies are shown below
b) Applied in hydrological models only
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