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Abstract: Appropriate prediction of streamflow at mountain region poses substantial challenges to any hydrology modelling
system. In this type of watershed, the rainfall-runoff process is typically rapid; thus, a key approach for a successful
simulation is how to reduce the uncertainty and error in simulation. The focus of this study is on parameter and
predictive uncertainty estimation of a semi-distributed hydrology model (i.e., ARNO). The ARNO model is coupled
with the DiffeRential Evolution Adaptive Metropolis (DREAMzs) algorithm to calibrate fifteen hydrological
parameters. Analysis suggests that DREAM efficiently reduced the uncertainty associated with modelling and
performed best during moderate to moderately high flow. The 95 prediction uncertainty (95 PPU) bracketed most
high and medium flows. Overall, application of DREAM algorithm to the ARNO model identified the uncertainty
associated with the maximum soil moisture storage and the routing model components. ARNO parameter uncertainty
largely depends on the complexity, and variability of streamflow records, and the simplicity of its lumped
formulation. These results provide useful insights into the complexities of surface flow simulation and demonstrate
the importance of reducing parameter and predictive uncertainty of a rapid response hydrologic system.
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1. INTRODUCTION

Rainfall-runoff models are widely used in hydrology to simulate river basin water quantity and
play an important role in management of water resources. It is an accepted fact that a hydrological
model prediction, should not be deterministic, most-probable representation, but should also
explicitly include an estimate of uncertainty. Uncertainty in model predictions arise from
measurement errors associated with the system input (forcing) and output, model structure errors
due to the aggregation of spatially distributed real-world processes into a mathematical model,
initial conditions and measurement errors cause by in situ observations that can be collectively
considered as data errors. Realistic assessment of these various sources of uncertainty provide
reliable information to decision makers and practitioners and help to manage water resources in
different hydrological systems.

In order to estimate predictive uncertainty of the hydrologic models, infer the parameters, and
predict model outputs, various methodologies may be adopted, including first-order approximation,
state-space filtering, multi model averaging, and various Bayesian approaches. Among these
approaches, Bayesian algorithms have been widely used in hydrology for statistical inference of
parameters and model predictive uncertainty. Under Bayes theorem, posterior distribution combines
the data likelihood with the prior distributions of parameters, narrow parameter space and predict
the uncertainty.

Recently, a new Markov chain Monte Carlo (MCMC) sampler, namely DREAMzs (DiffeRential
Evolution Adaptive Metropolis algorithm), was used under a Bayesian framework as an efficient
and robust sampler in hydrologic modeling. Compared to the generalized likelihood uncertainty
estimation (GLUE), the main advantage of DREAM (using MCMC simulation) is separating the
effects of input (forcing), parameters and model structural uncertainties from total predictive
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uncertainty (Vrugt et al., 2009b). DREAMzs is based on the original DREAM algorithm (Vrugt et
al., 2009a) that was modified for an efficient estimation of the posterior probability density function
of parameters o to address high-dimensional posterior exploration problems.

This study linked DREAMzs with for a semi-distributed conceptual continuous rainfall-runoff
model (ARNO). The ARNO model, which derives its name from its first application to the ARNO
River, is a semi-distributed conceptual continuous rainfall-runoff model. The soil moisture balance
module of this model is taken originally from the Xinanjiang model (Zhao, 1977), in which the
spatial distribution of the soil moisture capacity is expressed in the form of a probability distribution
function. Later, the original Xinanjiang model scheme was modified by Todini (1988), by allowing
the soil moisture to be depleted not only by evapotranspiration, as in the original Xinanjiang model,
but also by drainage into the river network and percolation into the water table. This modified
ARNO model were adopted by several scholars (e.g. Franchini, 1996; Khazaei et al., 2011 & 2013;
Adams, 2015).

This study makes a comprehensive evaluation about the parameter and predictive uncertainty of
daily streamflow in mountainous catchment from Iran. Special attention is paid: 1) model setup,
parameterization and choice of calibration parameters, 2) definition of performance criteria and
likelihood function, and 3) prediction of parameter and predictive uncertainty for daily streamflow
simulation of the ARNO model. We are especially concerned with identifying potential
regionalization relationships, correlating parameter sensitivity and uncertainty with site
characteristics and analyzing posterior probability density functions of sensitive parameters.

2. METHODOLOGY

2.1 Study area

The Karaj River Basin (KRB) is located in the mountainous region of Alborz province (51°03' to
51°36' longitude and 35°53" to 36°10" latitude) with a drainage area of 840 sgkm. AmirKabir Dam
(Karaj Dam), one of the most important water resources of Tehran province, has been constructed
on the Karaj River. Karaj River annual mean flow rate at its entrance to the Karaj Dam is 450%106
m3; additionally 8.2 and 1450 CMS (cubic meter per second) in this location were measured,
respectively as minimum and peak annual temporal flow rates. This dam supplies water for
municipal and cultural uses and electrical energy generation. It has been located 23 km north of
Karaj and 63 km northwest of Tehran, and is under operation since 1963.

2.2 Hydrology model

ARNO continuous rainfall-runoff model developed by Todini, (1988) and is used to simulate
daily runoff in this study. This model is broadly used in water management, low flow, and real-time
flood forecasting studies in different parts of the world. In ARNO, the basin is composed of an
infinite number of elementary areas, each of which has a different soil moisture capacity. The
spatial distribution of the soil moisture capacity is expressed in the form of a probability distribution
function. Soil moisture content is fed by rainfall that infiltrates into the soil and is depleted by
evapotranspiration, drainage and percolation. For each of the elementary areas with different soil
moisture capacity and different soil moisture content, the continuity of mass is simulated over time.
Basin runoff is the integral of the runoff of elementary areas, transferred to the outlet of the basin
via a routing module (Todini, 1996). The upper and the lower bounds that define the prior
uncertainty ranges of the ARNO parameters are listed in Table 1. More details on the ARNO model
are described by Todini (1996).
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Table 1. The ARNO parameters used in this study

Parameter’s Parameter Dimension Lower Upper
Number and Symbol Bound  Bound
1 Convectivity coefficient for the Hillslope Cl1 [m/s] 1 3
2 Diffusivity coefficient for the Hillslope DI [m?%s] 10 1000
3 Length of the path traveled by water to reach the channel DX1 [km] 10 100
4 Convectivity coefficient for the channel C2 [m/s] 1 3
5 Diffusivity coefficient for the channel D2 [m%s] 100 10000
6 Length of the channel reach DX2 [km)] 1000 100000
7 Average volume of soil moisture storage Wm [mm] 50 600
8 Moisture content threshold value in drainage calculation SOL (or Wd) 0 300
[mm]
9 Moisture content threshold value below which the percolation SOL1 (or Wi) 0 100
is negligible [mm)]
10 A shape factor for the curve of soil moisture vs saturated areas b 0.01 1
11 Maximum drainage that should be expected when the soil is Dmax [mm per 0 10
completely saturated time unit]
12 A drainage parameter Dmin 0 10
13 Maximum percolation should be expected when the soil is PERC (or Is) 0 5
completely saturated [mm per time
unit]
14 Exponent used to represent drainage when saturation is not CESP (or ¢) 1.5 5
reached
15 Initial volume of soil moisture storage WO [mm] 0 10
2.3 DREAMZzs algorithm

DREAMzs, proposed by Schoups and Vrugt (2010), is based on the original DREAM algorithm
(Vrugt et al. 2009a). This newest approach uses sampling from an archive of past states to generate
candidate points in each individual chain and requires only three parallel chains to summarize the
posterior distribution. DREAMzs does not require outlier detection and removal; it maintains a
detailed balance at every single step in each of the parallel chains (Schoups and Vrugt 2010). In
addition, DREAMzs contains a snooker update to generate jumps beyond parallel direction updates
(ter Braak and Vrugt 2008) in order to increase the diversity of the candidate points. The snooker
axis runs through the states of two different chains, and the orientation of this jump is different from
the parallel direction update, utilized in DREAM (Laloy and Vrugt 2012). The algorithmic
implementation of the snooker update within the context of the differential evolution Markov chain
(DE-MC) method was proposed by ter Braak (2006). More discussion on this algorithm is provided
by Schoups and Vrugt (2010) and Laloy and Vrugt (2012).

2.4 Likelihood function of DREAMzs model

Performance of each set of parameters in predicting the observed model may be evaluated by a
likelihood measure (He et al., 2010). In literature, many authors defined and evaluated various
likelihood functions based on the maximum absolute residual (Keesman and van Straten 1989);
inverse error variance with a shape factor (Beven and Binley 1992), an auto-correlated Gaussian
error model (Romanowicz et al. 1994); Nash-Sutcliffe efficiency criterion with shape factor T, as
well as the exponential transformation of the error variance with shaping factor T (Freer et al.
1996); the maximum likelihood function (Makowski et al. 2002); minimum mean square error
(Wang et al. 2005) and normalized root mean square error (RMSE; Izady et al. 2015).

In order to assess the uncertainty of ARNO, Sum of Square Error (SSE) was chosen as the
likelihood function (Eq. 1).

L(610)= Y0, - ) M)
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where @, is the i set of parameters, ¥ ;(8,) is the i™ type of model output (simulated stream flow)

under 6, set of parameters, O is the observed stream flow, Oj is the i™ observation of O, N is the
number of parameter sets, and M is the number of observations.

2.5 Performance Criteria

In this research, two indices were used to quantify the goodness of calibration/uncertainty
performance: a P-factor (the maximum value is 100%), which is the percentage of data bracketed by
a 95% prediction uncertainty band (95PPU; Vrugt et al., 2009b; Hamraz et al., 2015; Pourreza-
Bilondi et al., 2016; Pourreza-Bilondi and Samadi, 2016; Nourali et al., 2016), and R-factor [or d-
factor; Egs. (2) and (3)], which is the average width of the uncertainty band divided by the standard
deviation of the corresponding measured variable (the minimum value is zero; Abbaspour et al.,
2007). Theoretically, the value for the P-factor ranges between 0 and 100%, while the R-factor
ranges between 0 and infinity. A P-factor of 1 and R-factor of 0 is a simulation that exactly
corresponded to measured data. The average thickness of the 95PPU band or the R-factor are
estimated in every run and the best simulation can be judged based on the simulation with almost
observed and modeled data located inside the 95% band with the highest P-factor and the least R-
factor.

— 1 &
dx =;Z(XU -X,) 2

|

R - Factor = — (3)

Q

where d, denotes the average distance between the upper and the lower 95PPU; Xy and Xp
represent the upper and lower boundaries of 95PPU; and oy is the standard deviation of the
measured data. As all uncertainties in the conceptual model and inputs are reflected in the
measurement, bracketing most of the measured data in the predictive 95PPU ensures that
uncertainty is depicted by the parameter uncertainty (Pourreza-Bilondi et al., 2016).

The total uncertainty index (TUI) is also calculated based on the P-factor and R-factor for each
flood event (Eq. (4)).

TUI — PFactor

Factor

“4)

After running rainfall-runoff model with DREAMzs algorithm, simulated flow obtained from the
best set of parameters (with maximum likelihood function or minimum objective function)
compared with observed streamflow. Statistical indicators including RMSE (Eq. (5), Kling-Gupta
Efficiency (KGE, Eq. (6)) (Gupta et al., 2009), and Nash- Sutcliffe (NSE, Eq. (7)) criteria were
used to compare the performance of calibration.

n

RMSE = \/l 2 (o, - 0s, ) (5)

i=
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KGE =1-y/(co-1) +(a-1)* +(B-1)’ (6)

n 2

2 (QS[ - Qoi )
NSE =1-+ - (7)

> (00, - 00)

where Qo, is the observed discharge, Qo is the mean value of observations, Qs is the simulated
discharge, n is the number of observations, cc is the linear correlation coefficient between Qo and
QOs, a is the ratio of standard deviation of Qs to standard deviation of Qo, and f is the ratio of
the mean of Os to mean of Qo . The smallest possible RMSE along with KGE and NSE close to 1,
represent a better performance of likelihood function.

2.6 Convergence of the Sampled Chains

The convergence of a DREAMzs run can be monitored with the R statistic (Gelman and Rubin
1992), which determines convergence to the stationary posterior distribution. Based on the R
statistic, DREAMzs was efficient at traversing the parameter space by quickly achieving
convergence at a stationary posterior distribution (R-stat < 1.2). In other words, DREAMzs
convergence for each of the ARNO parameters (including routing and basin parameters) was
achieved after approximately 43,000 iterations.

2.7 Parameter Uncertainty and Posterior Distribution

Posterior density responses of the model parameters were visually investigated and the marginal
posterior densities were constructed using fifteen model parameters (figure 1). This plot is created
using the top 10 % of the total samples that retains as behavioral parameter sets. The x-axis in each
graph is fixed to the prior range of each individual parameter to facilitate comparison of model
optimized parameters.

Best parameters values is also recognized with blue symbol (x). Analysis suggests that allocation
of some parameters such as Cl and C2; DX1 and DX2 possibly either arriving to similar
distributions or at least very close to each other for several parameters. Also marginal distribution of
several parameters (e.g. SOL, b and Dmin) showed normal distribution over time. Moreover, it can
be seen that PERC parameter value is approximately close to zero meaning that much of overland
flow contributed to surface runoff. Therefore, groundwater module had no contribution to runoff
generation. High degree of variability in some model parameters, e.g. moisture content threshold
value below which the percolation is negligible (Wi) and initial volume of soil moisture storage
(WO0), along with other channel and soil properties reflect the fact that these parameters were
insensitive and contributed less uncertainty in modeling.

2.8 Predictive uncertainty

Figure 2 shows the observed data (dots), a 95 % parameter uncertainty due to posterior
distribution of the parameter estimates (green shaded area) and a 95% hydrograph predictive
uncertainty associated with the total uncertainty (greyshaded area) in the DREAMzs sampler. X-
axis represents time equal to seven years from Sep-2002 to Oct-2008. Based on figure 2, 95% total
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prediction uncertainty ranges may bracket most of the observed flows.
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Figure 1. Marginal posterior probability distributions of fifteen ARNO parameters computed by DREAMzs
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Figure 2. 95% total and parameter prediction uncertainty ranges of daily streamflow in the DREAMzs algorithm

Summary results and the performances of DREAMzs simulation are provided in Table 2. By
calculating uncertainty assessment indicator (P-factor), 95% parameter uncertainty covers greater
than 95% of observed data, but 95% total prediction uncertainty bounds are quite wide (figure 2)
which is an indication of considerable uncertainty in the model structure and measured input data.
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Table 2. Uncertainty and calibration performance criteria of the DREAMzs simulation

Uncertainty Criteria Total Uncertainty Parameter Uncertainty Performance Criteria Best Value
P-Factor% 96.83 7.08 KGE 0.81
R-Factor 1.92 0.05 RMSE 7.23
TUI 50.41 135.2 NSE 0.76

Green region in Figure 2 (corresponding to parameter uncertainty) does not bracket observed
streamflow data (P-factor=7%). The gaps between the uncertainty bounds of parameter and the
observed data may be originated from uncertainties in observational input—output data (forcing
data) and structural inadequacy of model which is indicating that model structure and observation
measurements are needed to be improved in order to achieve more accurate predictions as
recommended by Laloy et al. (2010).

The R-factor and TUI values showed that the parameter uncertainty bound is highly efficient but
it’s not biased and skewed (P-Factor approximately 7%) that this could be due to disregarding
rainfall data error while it may be dominant in many catchments (especially in mountainous
regions) due to significant spatial and temporal variability of rainfall fields. It seems that rainfall
forcing error should be considered in uncertainty assessment of ARNO model in future works.
Ignoring errors of the input variables affects the structure of parameter uncertainty and confidence
limits of the parameters in calibration of hydrologic models, and may lead to biased predictions
(Kavetski et al., 2006). Overall, considering all performance criteria, including RMSE, KGE and
NSE, results showed that DREAMzs algorithm represents a good performance in calibration and
uncertainty assessment of the ARNO model in mountainous region. More research is needed to
understand the rainfall-runoff processes in rapid response watershed. However, the outputs of this
research will help to understand modeling deficiencies and improve simulation in this type of
region.

Since ARNO was unable to skillfully capture the magnitude of base flow contribution, the
authors argue that subsurface module of this model can be improved significantly to better simulate
streamflow records in time of no rainfall events.
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