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a b s t r a c t 

Recent studies have demonstrated that hydrological model calibrations are impaired by uncertainties in observa- 

tions and model structures. For a rainfall-driven model, the error in precipitation observations can lead to biased 

parameter estimates and predictions. For a conceptual ecohydrological model, an appropriate description of in- 

put error is essential because rainfall controls both hydrological processes and vegetation growth in the model. 

However, to date the impact of precipitation uncertainty on ecohydrologic model parameters and outputs has not 

been widely explored (Fuentes et al., 2006; Shields and Tague, 2012). The increased dimensionality of these types 

of models and the uncertainties associated with calibration data can make traditional approaches for character- 

izing precipitation errors problematic. Our study aims to investigate the impact of precipitation uncertainty for 

a Bayesian multi-objective calibration approach in an ecohydrological modeling study. A conceptual model that 

combines a hydrologic model and a modified bucket grassland model is implemented for a forested catchment in 

Australia. In the study, different input error descriptions are used in both single and multi-objective Bayesian cal- 

ibration case studies aimed at simulating streamflow and Leaf Area Index (LAI). The emphasis on each objective 

is represented as different prior distributions defined for error parameters for multi-objective cases. Results show 

better parameter estimates and predictions for the cases including input error. Comparing the results from the 

cases in which different input error descriptions are used, a simple bias term works well for both streamflow and 

LAI estimations. Although a more complex rainfall multiplier approach to represent input error performs best for 

streamflow predictions, increasing the dimensionality of the input error model is not always justified given the 

information content of the data. In addition, some of the rainfall multipliers values are not meaningful in the real 

case, reflecting an overfitting problem. 
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. Introduction 

One of the major sources of uncertainty in hydrological modeling

s input error from precipitation observations. Several recent studies

ave demonstrated that model simulations and parameter estimates can

e largely impaired by uncertainty in the input rainfall observations

 Huard and Mailhot, 2006 ; Bardossy and Das, 2008 ). Gauge-based rain-

all errors may arise from the problem that single point gauges cannot

dequately measure the rainfall amount across an entire catchment, or

ue to inaccurate spatial interpolation between rain gauge networks.

ther factors include the effect of winds, evaporation and other local

ssues ( McMillan et al., 2011 ). Satellite-based precipitation errors are

ore significant and complex. Research has found that rainfall measure-

ents from single point gauges are more likely to be underestimated

nd actual amount of precipitation is usually higher than gauge mea-

urements. However, the satellite-based precipitation estimates do not
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ontain this type of systematic error and the precipitation errors are

enerally not Gaussian ( Gebremichael and Krajewski, 2005 ). 

A variety of approaches have been developed to characterize input

rror in hydrologic model inference. With the development of Markov

hain Monte Carlo (MCMC) methods and advanced computing power,

ayesian inference has become a popular tool for uncertainty analysis in

ydrological modeling (e.g. Bates and Campbell, 2001 ; Kuczera, 1983 ;

arshall et al., 2004 ; Smith and Marshall, 2008 ; Vrugt et al., 2003 ;

ang et al., 2016 ; Marshall et al., 2006 ; Jeremiah et al., 2011 ), and

xtensions to traditional Bayesian inference allow for explicit represen-

ation of input errors. Bayesian inference combines prior information

nd observations into probability distributions on the model parameters,

hich allows the modeler to statistically quantify model uncertainties.

ne of the popular approaches to incorporate precipitation uncertainty

sing the Bayesian methods is to consider input error as multipliers on

he input rainfall time series ( Kavetski et al., 2006 ; Vrugt et al., 2008b ).

he multipliers could be dependent on the magnitude of each storm
 October 2018 
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vent and inferred as latent variables (variables that are not directly

easured but are inferred from the model) using a Bayesian hierarchi-

al approach. Such a method is the basis of the popular Bayesian Total

rror Analysis (BATEA) methodology ( Kuczera et al., 2006 ; Thyer et al.,

009 ; McMillan et al., 2011 ; Vrugt et al., 2008b ). While this method is

idely used in rainfall-driven hydrological modeling, it has drawbacks

n that it may not provide a realistic description of rainfall uncertainty

specially when input errors are strongly dynamic ( Del Giudice et al.,

016 ). Another disadvantage of the multiplier method is that the high

imensionality increases the calibration difficulty and computational

xpense. Furthermore, limited prior information on input errors may

ead to an ill-posed problem ( Sun and Bertrand-Krajewski, 2013 ). While

he use of storm dependent rainfall multipliers addresses the need to

apture the dynamic nature of input uncertainty, it comes at the cost

f added computational burden with increased estimation uncertainty

iven the higher dimensionality of the problem. 

Recently, studies have been conducted on developing different error

odels that may represent input error more realistically. Reichert and

ieleitner (2009) developed an approach for identifying time varying

tochastic model parameters to reduce uncertainties for dynamic mod-

ls. Del Giudice et al. (2016) introduced a Stochastic Input Process (SIP)

ethod in which ‘rainfall potential’ is used. This method does not re-

uire the true rainfall to be proportional to the observations, yet can

e inferred from prior and observations, which makes it possible to

eal with time-varying errors in observations. However, both of these

ethods are computationally expensive and challenges remain in find-

ng proper input error terms for different catchments and models. 

In recent years, the important role of vegetation dynamics in the

ater cycle of catchments has gained increasing attention ( Porporato

t al., 2002 ; Asbjornsen et al., 2011 ). The complex interrelationship

etween vegetation dynamics and water flows can be investigated via

cohydrological models that integrate hydrological and ecological pro-

esses in the catchment. Ecohydrological models expand on traditional

ydrologic model formulations and usually incorporate mathematical

escriptions of vegetation dynamics such as photosynthesis and respira-

ion processes ( Arora, 2002 ; Montaldo et al., 2005 ). Some of the more

ommonly used ecohydological models include SWAT ( Arnold et al.,

993 ; Arnold et al., 1998 ) which is widely used for water quantity

nalysis as well as water quality assessment ( Aouissi et al., 2014 ;

ieger et al., 2014 ; Jeong et al., 2014 ), and climate change impact

ssessment in catchments with tightly coupled water-vegetation re-

ationship ( Ficklin et al., 2009 ; Eckhardt and Ulbrich, 2003 ); SWIM

 Krysanova et al., 1998 ; Krysanova et al., 2000 ) which is widely used for

imulating nitrogen dynamics, crop yield and erosion rates in mesoscale

asins ( Krysanova et al., 2005 ), RHESSys ( Band et al., 1993 ; Tague and

and, 2004 ) for simulating water, carbon and nitrogen dynamics in

orested and mountainous catchments, and Tethys-Chloris ( Fatichi et al.,

012 ) which is the first ecohydrological model to include the effects

f snow dynamics and can be used for simulating ecohydrological pro-

esses in both water and energy limited catchments. 

Ecohydrological models are generally more complex than hydrolog-

cal models as more physical processes are coupled to describe the in-

eractions between hydrologic and ecologic systems. This integration of

ydrologic and ecologic processes increases model dimensionality and

ultiple input data are used for model conditioning. In this case, the

nalysis of input uncertainties becomes increasingly important as it im-

acts accuracy of multiple outputs (i.e. stream flow and leaf area index)

long with model state variables and ecohydrologic parameters. Most re-

ently, the Bayesian multi-objective approaches have been introduced

s an alternative formal framework to traditional Pareto-based multi-

bjective optimization methods for ecohydrologic models ( Tang et al.,

018 ) to characterize ecohydrologic parameter uncertainties. However,

o date the impact of precipitation uncertainty on ecohydrologic model

arameters and outputs has not been widely explored ( Fuentes et al.,

006; Shields and Tague, 2012 ). Rainfall is one of the main drivers that

ontrols vegetation growth, therefore it is essential to investigate the
13 
mpact of precipitation on ecohydrological modeling and how parame-

er estimations for both hydrological and ecological model components

ould be affected by input error from rainfall observations. In addition,

t is not clear how ecohydrologic models might benefit from a more ex-

licit treatment of input errors by using methods such as the BATEA

pproach due to the model complexity, while multiple types of obser-

ations might help to inform input error parameters. 

In our study, we implement a multi-objective Bayesian calibration

or a conceptual ecohydrological model considering different cases to

haracterize input error. We aim to investigate the impact of precipi-

ation uncertainty as rainfall is the main driving input for both runoff

nd biomass production. We further compare the results using differ-

nt types of input error descriptions, from the simplest single bias term

o rainfall multipliers, for both single and multi-objective calibrations.

he overall goal is to investigate the appropriate representation of input

rror to improve parameter estimations for multiple objectives (stream

ow and leaf area index) while minimizing the computational cost. 

. Methodology 

We assess the impacts of rainfall error on ecohydrologic response by

alibrating a conceptual vegetation-hydrology model in a forested catch-

ent in Australia. Using a Bayesian approach, we compare simulations

or both single and multi-objective calibrations with different input er-

or descriptions, focusing on differences in derived posterior parameter

stimates and streamflow simulations. Our overall approach is detailed

elow. 

.1. Model description 

A conceptual ecohydrological model which combines a hydrologic

odel (HYMOD) ( Boyle, 2001 ; Wagener et al., 2001 ) and a modified

ucket grassland model (BGM) ( Istanbulluoglu et al., 2012 ) is used in

ur study ( Fig. 1 ). HYMOD is a lumped conceptual hydrological model

hich has a nonlinear soil moisture tank connected with quick flow

anks (to route surface runoff) and a slow flow tank (to represent sub-

urface runoff) in parallel. BGM is a vertically lumped bucket model

hich simulates biomass dynamics, and is coupled to the soil moisture

ank in HYMOD. Model inputs are daily rainfall (R) and potential evap-

transpiration (PET), and major model outputs are streamflow (Q) and

eaf area index (LAI). Two-way feedbacks between hydrologic and eco-

ogic components are explicitly incorporated. Seven model parameters

re calibrated in the simulations. Detailed model descriptions, model

arameters and equations can be found in ( Tang et al., 2018 ). 

.2. Catchment and data 

The Bloomfield River catchment at China Camp (108003A), located

n Daintree Basin, Queensland, Australia is selected in this study ( Fig. 2 ).

he catchment area is 263km 

2 with average annual rainfall of 2170 mm

nd average annual runoff of 1551 mm. 98% of its area is covered by

rees and the maximum LAI value is 5.8 (leaf area m 

2 /ground area m 

2 ).

aily gridded Precipitation and PET data are from the Australian Wa-

er Availability Project (AWAP) with spatial resolution of (0.05°×0.05°)

enerated from gauge-based daily rainfall measurements ( Beesley et al.,

009 ). Daily stream flow data from the Australian Bureau of Meteorol-

gy Hydrologic Reference Stations (HRS) and 8-day LAI data from the

oderate Resolution Imaging Spectroradiometer (MODIS) are used for

odel calibration. Data from 2001 to 2005 are used for model calibra-

ions. 

The quality of MODIS LAI data is assessed by checking the MODIS

andcover data over the study period. The land cover classification based

n the International Geosphere-Biosphere Programme (IGBP) classifica-

ion is checked and found to be consistent with catchment vegetation

ypes. The MODIS LAI quality flags are also checked for each pixel

o assess the quality of LAI data over the study catchment. The LAI
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Fig. 1. Model description. A conceptual rainfall-runoff model (HYMOD) and a dynamic vegetation model (DVM) are coupled. The precipitation and potential 

evapotranspiration are adjusted by interception and vegetation dynamics represented by changes in LAI in the model respectively. These forcings further influence 

the soil moisture tank in HYMOD and streamflow. The leaf area index (LAI) in the vegetation dynamics model is calculated based on total biomass at every time step 

(daily). The rate of biomass production depends on net primary productivity (NPP) which is computed based on simulated ET and water use efficiency parameter, and 

biomass allocation and decay coefficients. Seven parameters (Huz: soil moisture tank; B: Distribution function shape; Alp: Quick-slow split; Kq: Quick-flow routing 

rate; Ks: Slowflow routing rate; WUE: Water use efficiency; and Ksg: Natural decay factor for live/green biomass) are calibrated. Further model information can be 

found in ( Tang et al., 2018 ). 

Fig. 2. Catchment location of Bloomfield River at China Camp (108003A), located in Daintree Basin, Queensland, Australia. 
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ata are then filtered at every pixel (1 km resolution) using the Svitzky-

olay method in the TIMESAT software ( Jonsson and Eklundh, 2002 ;

onsson and Eklundh, 2004 ). Catchment averaged MODIS LAI values

re calculated and used for model calibration where simulated green

AI is compared with MODIS LAI. 

.3. Multi-objective Bayesian approach 

In the multi-objective Bayesian approach, we calibrate on both

treamflow (Q) and leaf area index (LAI) ( Tang et al., 2018 ). Assum-

ng the error terms of each objective are independent, the log multi-
14 
bjective likelihood function can be expressed as: 

 𝑚𝑢𝑙𝑡𝑖 = 𝐿 ( 𝑄 |𝜃) + 𝐿 ( 𝐿𝐴𝐼|𝜃) (1)

here 𝜃 represents model parameters. The homoscedasticity/ het-

roscedasticity of the model errors were first assessed by using the

pproach described by Smith et al. (2015) . In this approach, residual

catterplot and quantile-quantile plot were used to check the likeli-

ood function for each of the objectives. From the results, the error

erm for Q is assumed to be Gaussian, heteroscedastic and indepen-

ent. The log likelihood is defined by applying a Box Cox transformation
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 Box and Cox, 1964 ): 

 

(
𝑄 𝑡 |𝜃) = − 

𝑁 

2 
log ( 2 𝜋) − 

𝑁 

2 
log 

(
𝜎𝑄 

2 ) − 

1 
2 𝜎2 

𝑄 

𝑁 ∑
𝑡 =1 

[
𝑄 𝑡 − 𝑓 𝑄 

(
𝑥 𝑡 ; 𝜃

)]2 
− log 

(
𝑄 𝑡 + 𝜆

)
(2) 

here 𝜆 is the transformation parameter fixed as 0.3 based on the work

f Thyer et al., (2002) for catchments in Queensland, Australia. The

rror term for LAI is Gaussian, homoscedastic and independent: 

 

(
𝐿𝐴 𝐼 𝑡 |𝜃) = − 

𝑁 

2 
log ( 2 𝜋) − 

𝑁 

2 
log 

(
𝜎𝐿𝐴𝐼 

2 )
− 

1 
2 𝜎2 

𝐿𝐴𝐼 

𝑁 ∑
𝑡 =1 

[
𝐿𝐴 𝐼 𝑡 − 𝑓 𝐿𝐴𝐼 

(
𝑥 𝑡 ; 𝜃

)]2 
(3) 

So the log multi-objective likelihood becomes: 

 𝑚𝑢𝑙𝑡𝑖 = − 𝑁 log ( 2 𝜋) − 

𝑁 

2 
log 

(
𝜎𝑄 

2 ) − 

𝑁 

2 
log 

(
𝜎𝐿𝐴𝐼 

2 )
− 

1 
2 𝜎2 

𝑄 

𝑁 ∑
𝑡 =1 

[
𝑄 𝑡 − 𝑓 𝑄 

(
𝑥 𝑡 ; 𝜃

)]2 
− 

1 
2 𝜎2 

𝐿𝐴𝐼 

𝑁 ∑
𝑡 =1 

[
𝐿𝐴 𝐼 𝑡 − 𝑓 𝐿𝐴𝐼 

(
𝑥 𝑡 ; 𝜃

)]2 − log 
(
𝑄 𝑡 + 𝜆

)
(4) 

The prior distributions for model parameters are defined as bounded

niform distributions. The error parameters 𝜎Q 
2 and 𝜎LAI 

2 in the like-

ihood function reflect the ‘weight’ of each objective ( Reichert and

chuwirth, 2012 ; Minet et al., 2015 ). Therefore, the prior distributions

or these variances should be defined carefully based on modeler’s con-

dence level in the ecohydrologic observations. Tang et al., (2018) pre-

ented a detailed discussion about defining appropriate prior distribu-

ions for error parameters in multi-objective Bayesian calibrations. Fol-

owing Tang et al., (2018) and based on the level of confidence about

he observations, the prior distributions for the output error parameters

re defined as: 

2 
𝑄 

∼ 𝑇 𝑁(0 , 0 . 2) , 𝜎2 
𝐿𝐴𝐼 

∼ 𝑇 𝑁(0 , 0 . 8) (5)

here TN refers to a normal distribution truncated at 0. The prior dis-

ributions are truncated at 0 to avoid negative values. The mean of the

rior is set to 0 which indicates that the best optimized objectives (the

owest errors) are preferable. The specified prior variances reflect dif-

erent emphases that put on each of the objectives, where a smaller

ariance means more emphasis on a particular objective. This approach

ollows the work by Reichert and Schuwirth (2012) . The prior distribu-

ions of error parameters are maintained the same across all the multi-

bjective cases. 

.4. Input error descriptions 

We consider several input error models of increasing dimensionality

o evaluate the efficacy of the models and their efficiency in calibration

f multivariate model outputs. We compare a traditional model cali-

ration, assuming no input errors, to several input (rainfall) error cases

escribed as: bias, clustering biases and rainfall multipliers. In these ap-

roaches, the rainfall errors are all defined based on the multiplicative

actor(s), as multiplicative rainfall error approaches are well-supported

y research characterizing precipitation error ( Tian et al., 2013 ), al-

hough the multiplicative error means that rainfall depths of zero are not

orrected ( Vrugt et al., 2008a ). These approaches are commonly used

n rainfall data driven hydrologic model calibrations ( Kavetski et al.,

006 ; Ajami et al., 2007 ). We include these approaches in the Bayesian

ulti-objective calibrations of the ecohydrologic model to investigate

he impact of input error on stream flow and leaf area index simula-

ions. A brief discussion of the different input error characterization on

cohydrologic model simulations is given below. 
15 
.4.1. Simulations with no input error 

In this case, rainfall observations are assumed to be the same as the

rue rainfall values. As a result, input error is ignored and the total er-

or of the model is lumped into a single residual error term for each

bjective: 𝜀 Q and 𝜀 LAI , which are assumed to be independent and Gaus-

ian with constant variance for LAI ( 𝜀 LAI ) and heteroscedastic variance

or stream flow ( 𝜀 Q ). This approach is also known as the standard least

quares (SLS) approach, and has been criticized for its simplicity and

ack of realism for hydrologic case studies ( Schoups and Vrugt, 2010 ).

hile it has been reported that lumping of input error effects into a sin-

le residual term can lead to biased parameters, we still perform this

cenario as a benchmark to compare with cases that include an input

rror model for rainfall. 

.4.2. Rainfall input with constant multiplying bias 

The simplest model of rainfall errors assumes a single multiplicative

erm for a calibration data set in order to describe constant bias in the

ainfall observations from the true rainfall: 

 𝑡𝑟𝑢𝑒 = 𝑅 𝑜𝑏𝑠 ⋅ 𝛾 (6) 

here R true denotes true rainfall, R obs is the observed rainfall, and 𝛾 is

he bias. In our study, we assume the bias parameter has a normal prior

istribution truncated at zero: 

∼ 𝑇 𝑁 

(
μ, σ2 

)
(7) 

here the mean of the prior is 1 ( 𝜇= 1) and the variance of prior is

.1 ( 𝜎2 = 0.1) as defined in this work. The bias term can be consid-

red as an additional model parameter that corrects the rainfall ob-

ervations. Such an approach assumes the input error does not vary in

ime (or cannot be modeled as dynamic). Ajami et al. (2007) presented

n approach in which a random multiplier at each time step is drawn

rom the same distribution with unknown mean and variance. The two

nknown variables are treated as additional parameters in the model.

enard et al. (2009) commented that such an approach is able to over-

ome the problem of unknown true rainfall values and high dimension-

lity. However, the prior distribution used in Ajami et al., (2007) led to

 relatively low rainfall uncertainty which may not be realistic. Later,

jami et al., (2009) considered this limitation and relaxed the mean and

he variance of the prior. Nevertheless, the constant multiplier approach

s computationally efficient and based on the preceding studies, our bias

pproach assumes that the prior distribution of the bias term is known

ith a variance which is relatively relaxed, but the multiplier is treated

s a model parameter. 

.4.3. Rainfall input with clustering error 

While a simple bias term is easily specified, it may not appropriately

epresent the true rainfall error structure. This is the case when the er-

ors vary over time as a function of the storm magnitude, as different

ncertainties can be expected for different magnitudes. In the second

roposed error model, rainfall observations are assumed to have dif-

erent bias terms depending on the magnitude of rainfall observations.

n this case, the observations are firstly classified using a hierarchical

lustering method ( Johnson, 1967 ) to identify natural groupings of the

bserved daily rainfall time series. The Euclidean distances are used to

eparate the clusters of daily observations and based on the distances, 5

lusters are defined in this case study. For each cluster, one single bias

rror value is defined: 

 𝑡𝑟𝑢𝑒 = 𝑅 𝑜𝑏𝑠 ⋅ 𝛾𝑖 (8) 

here 𝛾 i is the clustering bias term for cluster i with prior distribution:

𝑖 ∼ 𝑇 𝑁 

(
μ, σ2 

)
(9) 

Similar as the constant bias approach, 𝜇= 1 and 𝜎2 = 0.1. The clus-

ering approach increases the dimensionality of the inference scheme

hile retaining a simple representation of time varying errors. 
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.4.4. Rainfall multipliers 

The rainfall multiplier approach assumes the input error to be multi-

licative and independent ( Kavetski et al., 2006 ; McMillan et al., 2011 ).

n this method, the hyperparameter (the prior distribution parameter)

nd the hyperprior (the prior distribution for a hyperparameter) need

o be defined ( Bernardo and Smith, 2001 ). In the Bayesian Total Error

nalysis (BATEA) approach ( Kavetski et al., 2006 ), the input error is

efined as: 

 𝑡𝑟𝑢𝑒 = 𝑓 ( 𝜑, 𝑅 𝑜𝑏𝑠 ) with 

log 𝜑 𝑖 ( 𝑡 ) ∼ 𝑁 

(
𝜇, 𝜎2 ) (10)

here 𝜑 is a vector of storm dependent rainfall multipliers. In this ap-

roach, 𝜑 is treated as a latent variable following a lognormal distribu-

ion with hyperparameters ( 𝜇, 𝜎2 ) that are inferred together with the

odel parameters. Therefore, an additional likelihood function describ-

ng the input error model is included in the inference: 

 

(
𝜇, 𝜎2 |φ ) = 

𝑛 ∏
𝑖 =1 

(
2 𝜋𝜎2 )−1∕2 𝜑 

−1 
𝑖 
exp 

[ 

− 

(
log 

(
φ i 
)
− μ

)2 
2 𝜎2 

] 

(11)

Then the total log likelihood function for a multi-objective calibra-

ion case can be written as: 

 𝑚𝑢𝑙𝑡𝑖 = − 𝑁 log ( 2 𝜋) − 

𝑁 

2 
log 

(
𝜎𝑄 

2 ) − 

𝑁 

2 
log 

(
𝜎𝐿𝐴𝐼 

2 )
− 

1 
2 𝜎2 

𝑄 

∑𝑁 

𝑡 =1 

[
𝑄 𝑡 − 𝑓 𝑄 

(
𝑥 𝑡 ; 𝜃

)]2 − 𝑙𝑜𝑔( 𝑄 𝑡 + 𝜆) 

− 

1 
2 𝜎2 

𝐿𝐴𝐼 

∑𝑁 

𝑡 =1 

[
𝐿𝐴 𝐼 𝑡 − 𝑓 𝐿𝐴𝐼 

(
𝑥 𝑡 ; 𝜃

)]2 − 

𝑛 

2 
log 

(
2 𝜋𝜎2 )

− 

∑𝑛 

𝑖 =1 
log 

(
𝜑 𝑖 

)
− 

∑𝑛 

𝑖 =1 
(
log 

(
𝜑 𝑖 

)
− 𝜇

)2 
2 𝜎2 (12)

In applying the rainfall multiplier approach, the number of inferred

ainfall multipliers ( n ) must be determined. The desire is to ensure

he rainfall errors appropriately represent the true rainfall uncertainty,

hile recognizing that with a different rainfall multiplier applied to each

ay the calibration becomes high-dimensional. Kavetski et al. (2006) ad-

ressed this by having rainfall multipliers vary between storms, where

 storm is defined as continuous daily rainfall without break. In our

ork, we include two rainfall multipliers cases with 73 and 122 rain-

all multipliers for the storms in the calibration year respectively. These

arying numbers of multipliers are counted by defining the storm events

ith rainfall exceeding 10 mm and 0.5 mm respectively. The value of

he hyperparameter 𝜇 is set to be zero across all the cases, assuming

he mean of the multipliers is 1. Kavetski et al. (2006) mentions that

hen the hyperprior distribution for hyperparameter 𝜎2 →∞, the cali-

ration will lead to an ill posed problem. However, when the prior is too

onstrained (i.e. 𝜎2 →0), BATEA will converge towards a SLS approach.

n our study, the hyperprior distribution for 𝜎2 is defined as a uniform

istribution varying from 0 to 0.1 (standard deviation around 0.32) to

eflect our belief of the level that true rainfall values are impaired by

he error. The hyperprior distribution remains the same for all the case

tudies: 

2 ∼ unif ( 0 , 0 . 1 ) (13)

.5. Calibration setup 

A Bayesian calibration framework with the Adaptive Metropolis

AM) algorithm ( Haario et al., 2001 ) is set up for each case representing

ifferent formulations of input error for the rainfall. For each simulation,

he first 2 years of data were used as a warm-up or spin-up period to min-

mize the effect of initial condition assumptions regarding the initial LAI

nd catchment storage, and the third year was used for calibrations. For

ach simulation, 100,000 iterations are carried out. The first 20,000 it-

rations are discarded and the remaining 80,000 iterations are used to
16 
nalyze the posterior distributions. Convergence is diagnosed via visu-

lizing diagnostic plots of multiple MCMC runs to reduce computational

emand ( Marshall et al., 2004 ). The calibration runs are performed for

ingle objective (Q or LAI) and multiple objectives (Q and LAI) formu-

ations of the Bayesian approach. We compare the results from cases

ith no rainfall error, constant bias, cluster and multiplier descriptions

f rainfall error in our work. 

. Results 

.1. Single objective calibrations 

Single objective calibrations on streamflow (Q) and leaf area index

LAI) are firstly developed. Results of 90% confidence limits from cases

ith different input error descriptions are compared in Table 1A and

B . Reliability (the percentage of observations captured) and sharpness

the mean width) from 90% confidence limits for each case are com-

ared ( Smith et al., 2015 ). The Mean square error (MSE) from optimized

redictions based on log transformed data are calculated and shown in

able 1A and 1B . The case studies incorporating input errors (bias, clus-

er and multiplier cases) show improved model sharpness and reduced

SE while maintaining similar reliability to the case with no input er-

or. The 90% confidence band (sharpness) in the no error case is 1.40

og(mm/day) for log-transformed streamflow and 3.04 for LAI, while

esults from the bias case are 1.23 log(mm/day) and 2.88 respectively.

SE results are largely improved for both streamflow and LAI, from 0.18

og(mm/day) in the no error case to 0.14 log(mm/day) in the bias case,

nd from 0.85 in the no error case to 0.77 in the bias case respectively.

alibrations with rainfall multipliers work best for the streamflow-only

ases. However, for the LAI-only calibration, results from the bias and

ultipliers are similar. There is no significant improvement comparing

he multiplier cases with the bias case. 

Next, to evaluate the model complexity and diagnose overfitting

roblems, the Bayesian Information Criteria (BIC) ( Schwarz, 1978 ) is

alculated for each of the single calibration cases and shown in the last

olumn in Table 1A and Table B . The BIC is an asymptotic approximation

o the likelihood which is widely used for model selection in Bayesian

tudies ( Marshall et al., 2005 ). The BIC is calculated as: 

IC = log ( 𝑛 ) 𝑘 − 2 log 
(
�̂� 

)
(14)

Where n is the number of observations, k is the number of parameters

nd �̂� is the maximized likelihood function (from Eq. (2) for Q/ (3) for

AI). Smaller BIC values suggest a better model. For both streamflow-

nly and LAI-only cases, the BIC results were the best for the bias cases

2885 and 453 respectively), while significantly deteriorated for multi-

lier cases, especially for LAI. 

.2. Multi-objective calibrations 

Table 2 shows the statistical results of 90% confidence limits for

ulti-objective calibrations of the ecohydrologic model from the cases

ith different input error descriptions. Predictions for both streamflow

nd LAI are largely improved when rainfall input error is included. Over-

ll, results from the 73 rainfall multipliers case have the best statistics

or both streamflow and LAI. Predictions from input error with constant

ias are better than the cluster case for streamflow, but worse for LAI.

redicted LAI from the 122 multiplier cases is worse than the other input

rror approaches, although the predicted streamflow is better. 

The posterior distributions for model residual error parameters for

a) streamflow and (b) LAI in the multi-objective calibration cases are

ompared in Fig. 3 . The mean residual for streamflow is about 0.17

nd for LAI about 2.50 from the case assuming no input error (black

ines). Results from the bias (blue line) and the cluster (light blue line)

ases are similar for streamflow. The residual errors reduced to around

.14 for streamflow and 1.1 for LAI for the bias case. Results from the

wo multiplier cases (green and red lines) are similar and the model
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Table 1A 

Results for streamflow-only case. 

Q only cases Reliability (90% interval) Sharpness (log(mm/day)) MSE (log(mm/day)) BIC 

No error 91.6% 1.40 0.18 3147 

Bias error 90.9% 1.23 0.14 2885 

Cluster error 91.3% 1.27 0.15 2987 

Multipliers (73) 90.2% 1.24 0.13 3739 

Multipliers (122) 88.6% 1.11 0.11 4097 

Table 1B 

Results for LAI-only case. 

LAI only cases Reliability Sharpness MSE BIC 

No error 92.7% 3.04 0.85 468 

Bias error 91.3% 2.88 0.77 453 

Cluster error 91.3% 2.87 0.82 461 

Multipliers (73) 92.0% 2.92 0.74 1116 

Multipliers (122) 91.0% 2.81 0.77 1671 

Fig. 3. Posterior distributions for error parameters ( 𝜎2 
𝑄 
, 𝜎2 

𝐿𝐴𝐼 
) in multi-objective 

calibration cases (a) for streamflow and (b) for LAI. Five cases are compared: no 

error case (black line), bias case (dark blue line), cluster case (light blue line), 

73 rainfall multipliers case (red line) and 122 rainfall multipliers case (green 

line). (For interpretation of the references to colour in this figure legend, the 

reader is referred to the web version of this article.) 
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esiduals reduced to 0.11 for streamflow calibration. However, the LAI

alibration results from the two multiplier cases are markedly different.

esults using 122 multipliers are similar to the bias case, while for the

3 multipliers residual error is the smallest. 

The optimized input errors from each case are compared in Fig. 4 .

he posterior distributions for the bias and cluster cases are shown in

he top panel. The histogram of estimated rainfall multipliers is shown in

he bottom panel. As can be seen in the figure, the posterior distribution
Table 2 

90% confidence limit for multi-objective calibration cases. 

Multi-objective Q 

Reliability Sharpness (log(mm/day)) 

No error 91.0% 1.39 

Bias 90.4% 1.23 

Cluster 91.1% 1.27 

Multiplier (73) 91.7% 1.08 

Multiplier (122) 91.2% 1.10 

17 
or the bias case has a mean of about 1.38. The mean of the posterior

istributions for the cluster input errors vary from the smallest value

f 0.8 (green line, c5 case) to about 1.4 (light blue line, c3 case). The

ottom panel of Fig. 4 shows the best estimations of all multiplier values

or each storm. It can be observed that although most of the multipliers

re located around 0.8 and 1.5 for the 73 multipliers case and 1.0 for 122

ultipliers case, there are many extreme values (i.e. multipliers greater

han 2 or more) for both multiplier cases. 

The optimized input errors parameters for the streamflow only cases

re shown in Fig. 5 . Comparing the results from Fig. 5 with the results

rom Fig. 4 , it can been seen that the input error errors are less informed

n the single objective cases than the multi-objective cases. For exam-

le, the input error posterior distribution for the bias case (a) is more

iffuse with a lower optimized value (about 1.35), comparing with the

esults of bias case for the multi-objective calibration ( Fig. 4 (a)). The

ifferences between the posterior distributions for the cluster case (b)

etween single and multi-objective cases are less significant, but it is

asy to see that the variations among the cluster values are smaller for

he single-objective case than the multi-objective case. The optimized

ainfall multipliers are also very different from the multi-objective cases

 Fig. 5 , bottom panel). 

Next, 90% confidence limits for 150 days of streamflow for the no

nput error and 73 multipliers cases for both single and multi-objective

cenarios are compared in Fig. 6 . In each plot, the red dots are log

ransformed observations while the black line is the corresponding pre-

iction. Results from the no input error (left panel) for (a) single and

c) multi-objective cases are very similar with larger sharpness, com-

ared to the 73 multipliers cases (right panel). Nevertheless, it is evident

hat predicted streamflow is better from (d) the 73 multipliers multi-

bjective case with narrower sharpness (1.08) than (b) the 73 multipli-

rs single objective case with sharpness of 1.24. 

Lastly, the posterior distributions of the model hydrologic param-

ters Huz (height of soil moisture tank), B (soil moisture distribution

unction shape) and vegetation parameters Ksg (natural decay factor for

ive biomass), WUE (water use efficiency) from different cases are com-

ared in Fig. 7 . In each plot, the red cross is the optimized parameter

alue. It can be seen that the posterior distributions of Huz and B (top

wo panels) are considerably different for each case. The posterior dis-

ributions for Huz moved towards the upper limit boundary with a much

arrower shape, for the multipliers cases compared to the no input error

ase. However, the optimized values from each case are similar. The op-

imized parameter B value dramatically changed from about 1.8 in the

o error case to about 0.35 in the bias case, 1.3 in the cluster case, and

ropped to about 0.5 in the multiplier cases. For Ksg and WUE (bot-
LAI 

MSE (log(mm/day)) Reliability Sharpness MSE 

0.17 85.5% 4.88 2.50 

0.14 87.0% 3.43 1.18 

0.15 91.3% 3.30 1.07 

0.10 80.4% 2.85 1.01 

0.11 85.5% 3.34 1.29 
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Fig. 4. Comparison of different input error descriptions for multi-objective cases. Top panels show the posterior distributions of the bias and the clusters. Bottom 

panels show the histogram of optimized multipliers with normal density fit (red line). (For interpretation of the references to colour in this figure legend, the reader 

is referred to the web version of this article.) 

Fig. 5. Comparison of different input error descriptions for streamflow only cases. Top panels show the posterior distributions of the bias and the clusters. Bottom 

panels show the histogram of optimized multipliers with normal density fit (red line).(For interpretation of the references to colour in this figure legend, the reader 

is referred to the web version of this article.) 
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om two panels), the optimized values for cases including input error

b-e) are similar, except that the optimized Ksg values from the cluster

nd 73 multiplier cases are different from other cases. However, differ-

nces among the results can be clearly seen in terms of the parameter

ncertainty. The posterior distributions become much more diffuse with

ower density in the case assuming no input error in comparison to cases

hat the input error for rainfall is considered. 
f  

r  

18 
. Discussion 

.1. Incorporating input error in ecohydrologic modeling 

The results of our case study show a substantial improvement in

treamflow simulations for each of the cases that rainfall input error

s considered compared to no input error. The 90% confidence limits

or the rainfall bias, cluster and multiplier cases are considerably nar-

ower than the no input error cases for both single and multi-objective
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Fig. 6. 90% confidence limit for calibrations with no input error cases and rainfall multipliers cases. Top panel show results for streamflow only cases and bottom 

panel corresponds to results for multi-objective cases. 
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alibrations ( Table 1 ). The mean square error (MSE) largely reduced by

ncluding input error as well. Including input error is more important

or multi-objective calibrations than the single objective calibrations as

esidual errors become larger when the trade-offs in objective functions

re considered in the multi-objective scenarios (comparing Table 2 with

able 1 ). As a result, including input error can significantly improve the

redictions in the multi-objective cases. For example, the MSE from the

ias case for LAI predictions reduced more than half of the result from no

nput error case (2.50 to 1.18), and the sharpness dropped from 4.88 to

.43. In addition, larger improvements for LAI predictions than stream-

ow predictions are observed in multi-objective cases. This means that

here is a larger amount of residual error in simulating LAI than stream-

ow. It can be seen that, with no input error, the MSE for LAI in the

ulti-objective case is much larger than the single objective case, while

he MSE for Q is similar in both cases. We suspect that this outcome

ndicates that the LAI observations do not have sufficient information

o improve model calibration. We used five years of data for calibration

ue to the computational burden caused by the large number of mul-

ipliers that increased the dimensionality of the model. However, our

eneral experience indicates that LAI observations do not reduce uncer-

ainty in model simulations to the same degree as streamflow observa-

ions ( Tang et al., 2018 ). To address the problem of poor calibration on

AI, more weight should be placed on LAI and LAI observational error

hould be investigated in future calibrations. 

Due to the absence of the rainfall error information in the validation

eriod, these studies cannot be effectively tested in the validation. This

hortcoming is discussed in Thyer et al. (2009) . Nevertheless, our results

e  

19 
rom an ecohydrological model calibration suggest that incorporating

nput error can improve model predictions via improved calibration. 

.2. Impact of input error model parameters 

Theoretically, including input uncertainty should improve model

redictions and more accurate parameter estimations should be ob-

ained. In our work, four of the total 7 calibrated model parameters dif-

ered considerably among the multi-objective case studies ( Fig. 7 ). The

emaining parameters (the quick-slow split parameter and quick/slow

ank rates) did not show as significant shifts for both optimized val-

es and shapes of their posterior distributions among the different

ases characterizing input uncertainty. This suggests that the parame-

ers shown in Fig. 7 compensated the most for precipitation errors. For

arameter Huz, although the distributions become much narrower, the

ptimized values from each case are similar. For parameter B, the pos-

erior distributions are quite different. As B becomes smaller the soil

oisture tank will become more uniform and respond faster to rainfall,

hich leads to a completely different catchment representation. This

ould indicate that the multipliers method largely helped to avoid the

mpact of the input errors. However, this might also be because it was

orced to shift in order to fit the specified objectives. 

Interestingly, comparing the shifts of the posterior distributions of

odel parameters among different cases, it indicates that the rainfall

nput errors biased the hydrologic parameter distributions (especially

or parameter B), while increasing the uncertainty of vegetation param-

ters (diffuse shape of parameter distribution). This result suggests input
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Fig. 7. Posterior distributions of parameter Huz (first panel), B (second panel), Ksg (third panel), and WUE (bottom panel) from five different multi-objective case 

studies. In each plot, the red cross represents the optimized parameter value. 
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rror affects the bias of the hydrologic parameters, but not the bias of

he vegetation parameters. Instead, the vegetation parameters become

ore uncertain with increasing model dimensionality. This means that

he ecologic components of the model are less impacted by rainfall in-

ut errors. However, it also might suggest the ecologic component is too

imple or not informative enough for modeling the input error. 

.3. Comparing input error descriptions 

One of the critical issues of input error analysis is determining an ap-

ropriate expression of input error. There is a need to include an input

rror model that appropriately represents the known dynamic nature

f input errors, while acknowledging that the input error dimensional-

ty must be justified by the information content of the data. An overly

omplex input error model may lead to model overfitting and a model

erformance that is poor in extrapolation. To address this, we compare

odel performance using an information criterion that balances model

t with complexity. From the results of the estimated BIC in Table 1, the

IC value for the bias case is the smallest for both streamflow and LAI.

t is therefore suggested that from a model parsimony point of view,

ias cases performed better. From the resulting 90% confidence limit

nd MSE, it seems that the rainfall multipliers method is superior for

treamflow prediction. The sharpness is the narrowest and MSE is the

mallest. However, there are a few outliers seen from the histograms

f estimated rainfall multipliers in Fig. 4 . Some multiplier values are

reater than 2, which is unlikely to occur given the reliability of the ob-

ervations. These values are forced to adjust in the input error model to

et better estimations of streamflow, and may instead be highlighting a

odel structural deficiency. 

In the cluster case, different error values are estimated for each clus-

er. This means the errors are defined based on the amount of daily
20 
ainfall. As can be seen in the figure, rainfall observations in cluster 3

smallest rainfall depths) and 5 (largest rainfall depths) have the most

ignificant bias (with a posterior mean of 1.4 and 0.75 respectively).

his indicates that the model underestimated the smallest rainfall obser-

ations grouped in cluster 3, while overestimated the most significant

ainfall observations in cluster 5. However, the posterior distribution

or cluster 2 shows that rainfall observations in this cluster have rela-

ively little bias. This could be caused by the number of observations

rouped in this cluster is not enough and therefore there is insufficient

nformation for the model to infer the bias parameter for this cluster.

n the other hand, it is interesting to see that the simplest bias descrip-

ion works well for both streamflow and LAI predictions. Only one bias

arameter was used to describe input error in bias case. The posterior

istribution shows that the estimated bias for the entire time series is

bout 1.38, which highlights the general tendency for rain gauges to un-

erestimate rainfall. The bias method can offer an efficient alternative

nd appropriately simulate the input uncertainty. However, it cannot

ummarize the dynamics of errors in the rainfall observation. We have

pplied our approach to another catchment which is shown in the sup-

lementary document. The bias of the rainfall observations was signif-

cantly smaller than the case study shown above (approximately 1.08).

evertheless, the results from different input error cases showed good

greement in both catchments, suggesting the amount of uncertainty

aries across different catchments. 

It is suggested in the scientific literature that the rainfall multipliers

ethod might be a better approach than a single bias method as rainfall

ultipliers are able to capture heteroscedastic error in the observations

 Thyer et al., 2009 ). Our results show that rainfall multipliers method is

referable for modeling streamflow. This requires, however, sufficient

nformation from the observations to inform the parameters. The poste-

ior distributions for model parameters did not converged when rainfall
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F  
ultipliers are included for LAI-only calibrations. One reason for this

s that it takes a much longer time for vegetation to respond to rainfall

han streamflow particularly in forested catchments. This means that

he LAI response to the variations in rainfall error is delayed as well. In

ddition, it is impossible to simulate the model when increasing the di-

ensionality of model parameters as there is limited information in the

AI observations. Therefore, for improved simulation of vegetation dy-

amics, a simple bias error term is preferable. Another issue of rainfall

ultipliers method is that the outliers in the estimated multipliers lead

o an overfitting problem (as estimated by the BIC). Overall, our study

onfirms that the assumptions for the multipliers need to be checked and

eaningful and constrained hyperprior distributions defined. While this

oes not imply that the outcomes from rainfall multipliers method are

orse than the bias method, the simplicity and robustness of the calibra-

ion process makes the bias method recommendable, particularly when

imulating vegetation dynamics. 

.4. The value of multiple observations types for estimating input error 

arameters 

One of our research aims is to investigate whether multiple types

f observations can help to inform input error parameters. Alternately,

e aim to know whether including LAI information in a multi-objective

alibration scenario can help to improve the input error estimation and

onsequently help improve streamflow predictions, compared to a sin-

le objective calibration on streamflow, which is similar to the origi-

al BATEA approach. First of all, comparing the input error parame-

ers in the multi-objective case ( Fig. 4 ) with the single objective case

 Fig. 5 ), it is evident that the posterior distribution for the bias case be-

ame sharper. More error can be found in c5 for the cluster case, and

he optimized multipliers results are completely different. These results

mphasize that LAI observations did impact the input error estimations.

n addition, for the 73 multipliers cases, the predictions of streamflow

or the multi-objective case are markedly improved over the single ob-

ective case ( Fig. 6 ): the confidence limits became narrower and the

redictions fitted the observations better. This demonstrates that the

cological component of the model and the additional information from

AI observation can help to improve the streamflow estimations. The

enefit of this approach to ecohydrological modeling is thus evident. 

. Conclusion 

Different input error descriptions are incorporated in a multi-

bjective Bayesian ecohydrological modeling framework and compared

ith the case that does not consider input error. Our approaches can be

ested in catchments of different types and sizes. However, this study

as aimed at looking at the efficacy of different error models with very

igh computational demand that require implementing a rather exhaus-

ive MCMC sampling algorithm to ensure proper characterization of the

nput error parameters. From the results, we summarize the following

onclusions and outline future work: 

(1) Incorporating input error can improve model simulations. The

rainfall multipliers method worked well for simulating stream-

flow in our case study. However, it did not work for simulating

LAI because the limited information in LAI observations makes it

impossible to update such a high dimensional parameterization.

For the considerations of ecohydrological model complexity and

associated computational demand, we recommend a simple and

practical bias approach to include input error in the simulations.

The bias approach emphasizes the importance of model parsi-

mony and is applicable to a more generalized model and calibra-

tion approach when the information in the forcing data is lim-

ited. However, the bias approach cannot stochastically describe

the uncertainty. 

(2) Our results highlight that development of an appropriate ap-

proach for realistic and practical description of model input error
21 
particularly for highly dynamic and heteroscedastic systems are

required. It is important to investigate whether the input error

model might actually be accounting for some type of model struc-

tural deficit. While we used gridded precipitation products in-

terpolated from the gauge-based precipitation observations, this

approach can potentially be used to diagnose satellite-based pre-

cipitation uncertainties. In addition, observation errors (such as

streamflow observational uncertainties) need to be considered,

especially for ecohydrological modeling when multiple observa-

tions are used. In particular, the observation errors for MODIS

LAI are associated with a large amount of uncertainty as satellite

products are known to be less reliable than equivalent ground

observations. 
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