
1. Introduction
Watershed water quality (WWQ) models, such as Soil and Water Assessment Tool (SWAT) (Neitsch et al., 2011), 
Hydrological Simulation Program-FORTRAN (Bicknell et  al.,  1997) and Annualized Agricultural Non-Point 
Source Pollutant model (Bingner et al., 2018), have been widely used in environmental planning and management 
(Fu et al., 2019; Rode et al., 2010; Wellen et al., 2015). However, WWQ modeling usually exhibits a higher uncer-
tainty than hydrologic modeling (Han & Zheng, 2018; Rode et al., 2010; Zheng & Keller, 2007a), which may 
significantly bias management decisions (Zheng & Keller, 2007a, 2007b). The scarcity of water quality observa-
tions signifies the problem of equifinality (Beven & Freer, 2001) in WWQ model calibration, representing one 
major cause of modeling uncertainty (Fu et al., 2019; Strokal et al., 2019). Traditional water quality observations 
are achieved via field sampling and laboratory chemical analysis, which involve high labor, financial and time 
costs (Das & Jain, 2017; Zulkifli et al., 2018). The data limitation is further exacerbated by policy, culture and 
technical barriers to free data sharing (Li et al., 2021).

Recently, in situ water quality monitoring techniques based on various sensors have rapidly developed 
(Kruse,  2018; Singh et  al.,  2022). Sensor-based in situ monitoring avoids tedious sampling procedures and 
complex analytical processes and produces continuous and high-frequency observations. This approach has been 
increasingly applied worldwide and has produced a large amount of water quality data (Meyer et al., 2019; Park 
et al., 2020), providing an opportunity to adopt environmental big data to improve WWQ modeling. However, 
compared to traditional data, long-term sensing in complex natural environments is subject to more significant 
measurement errors stemming from biofouling, lack of equipment calibration, background ion interference and 
other factors (Mahmud et al., 2020; Makarov et al., 2021). Typical error types in sensor data include outliers, 
noise, constant values, missing data, bias due to incorrect calibration, sensor drift from the calibration level 
and other errors (Horsburgh et al., 2015; Teh et al., 2020). In addition, as most existing sensors are installed to 
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measure water quality parameters at fixed locations (mobile measurements involving sensors onboard unmanned 
boats are technically feasible but currently still rare), the commensurability error (where the model-predicted 
variable differs from the observed variable) (Beven, 1989, 2006; Zheng & Keller, 2007a) could be notable in 
addressing the average water quality within a given spatial domain. The assimilation of sensor data with signifi-
cant errors in WWQ modeling has not been systematically explored, which motivated this study.

Bayesian calibration (BC) refers to a category of model calibration and uncertainty analysis methods that drive 
posterior parameter distributions by adopting Bayes' rule in a formal way (Vrugt et al., 2008). In BC, a likelihood 
function of the model parameters is established by explicitly modeling the residual error between the model 
outputs and corresponding observations (Evin et al., 2013; Schoups & Vrugt, 2010), and the posterior distribu-
tion is often inferred using a Monte Carlo simulation algorithm such as the Markov chain Monte Carlo (MCMC) 
algorithm (Gelman et al., 2004). BC has been employed in both hydrological modeling (Smith & Marshall, 2008; 
Vrugt et al., 2008) and WWQ modeling (Zheng & Han, 2015). Advanced BC methods have also been developed 
to simultaneously address model structural errors and input uncertainty and consider multiple model outputs 
(Guzman et al., 2015; Han & Zheng, 2016, 2018). BC is a potential solution to the assimilation of both accurate 
but scarce laboratory observations and high-frequency but low-quality sensor data in WWQ modeling, but the 
feasibility, effectiveness and benefit of using the BC technique within this special context have yet to be explored.

In this study, a novel BC method, namely, the Bayesian calibration using multisource observations (BCMSO) 
method, was proposed to leverage both accurate but scarce laboratory observations and high-frequency but 
low-quality sensor data for WWQ model calibration. The BCMSO method involves unique strategies to treat the 
observational errors in sensor data and establish the likelihood function based on multisource data with different 
error characteristics. The proposed method was demonstrated in a synthetic case considering the Newport Bay 
Watershed (NBW) in the U.S. and a real-world case of the Fengpu Stream Watershed (FSW) in China, and the 
SWAT model was employed as the WWQ model in both cases. A series of numerical experiments were designed 
and implemented to address the following key questions: (a) can better model calibration be achieved by consid-
ering sensor data with significant errors through the BCMSO method? (b) What is the impact of sensor data 
assimilation on water quality simulation, uncertainty quantification, model prediction and associated water qual-
ity management? In this study, it is demonstrated that direct assimilation of sensor data using the traditional BC 
technique leads to obvious deviations in parameter inference and model simulation, biases future predictions and 
affects management decision correctness. However, meaningful information can be extracted from sensor data 
via the BCMSO method, thus preventing negative impacts of errors. The findings of this study could promote 
the rational use of existing sensor-based water quality observations and could help improve existing water quality 
monitoring programs.

2. Bayesian Calibration Using Multisource Observations (BCMSO)
The relationship between observation Z, true watershed response 𝐴𝐴 �̃�𝐘 and model output Y (given the model param-
eters θ) can be expressed as:

𝐙𝐙 = �̃�𝐘 + 𝐞𝐞 = 𝐘𝐘(𝜽𝜽) + 𝜹𝜹 + 𝐞𝐞 (1)

where e denotes the observational errors of Z, and δ denotes the total modeling errors of Y (i.e., 𝐴𝐴 �̃�𝐘 − 𝐘𝐘 ) resulting 
from model structural, parametric and input errors. In the BC framework, δ + e is usually treated as a lumped 
residual error term ε, which is commonly described by an independent, heteroscedastic and Gaussian error model 
(Schoups & Vrugt, 2010; Vrugt et al., 2008). Moreover, ε is assumed to exhibit a zero mean and the following 
heteroscedasticity:

𝜎𝜎𝜀𝜀𝜀𝜀𝜀 = 𝑎𝑎𝜀𝜀 + 𝑏𝑏𝜀𝜀 ⋅ 𝑦𝑦𝜀𝜀 (2)

where σε,t is the standard deviation of εt (i.e., the value of ε at the tth time step), aε and bε are two hyperparameters, 
and yt denotes the value of Y at the tth time step.

If ε is self-independent and independent of Y, the likelihood function (in logarithmic form) for this error model 
can be expressed as (Schoups & Vrugt, 2010; Vrugt et al., 2008):

log𝐿𝐿
(

𝜽𝜽,𝝋𝝋
𝜀𝜀
,𝐙𝐙

)

= −

𝑇𝑇

2

log(2𝜋𝜋) −

𝑇𝑇
∑

𝑡𝑡=1
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𝑡𝑡=1

(𝑧𝑧𝑡𝑡 − 𝑦𝑦𝑡𝑡)
2

𝜎𝜎
2

𝜀𝜀,𝑡𝑡

 (3)

 19447973, 2023, 4, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2022W

R
033673 by South U

niversity O
f Science, W

iley O
nline L

ibrary on [25/04/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Water Resources Research

HAN ET AL.

10.1029/2022WR033673

3 of 17

where φε denotes the two hyperparameters for ε (i.e., aε and bε), zt is the value of Z at the tth time step, and T is 
the number of time steps. The posterior distribution of the parameters can be inferred based on Bayes' rule, often 
via MCMC sampling (Gelman et al., 2004).

Now consider two distinct sources of observations within the context of WWQ modeling, accurate laboratory 
analysis-based observations (denoted as Z) and less accurate in situ sensor data (denoted as U). Their relationship 
can be conceptualized via regression analysis as follows:

𝐙𝐙 = 𝑓𝑓 (𝐔𝐔) + 𝜼𝜼 (4)

where f(·) is a regression model, f(U) denotes the corrected sensor data based on Z (denoted as Z′ hereafter), and 
η denotes the regression errors. Notably, predictor Z′ is uncorrelated with η.

By combining Equations 1 and 4, the following can be derived:

𝐙𝐙
′

= �̃�𝐘 + 𝐞𝐞 − 𝜼𝜼 (5)

Regard e − η as an independent error term τ. In addition, τ is independent of Z′ but correlated with 𝐴𝐴 �̃�𝐘 (Appen-
dix A). To remove the dependence of τ on 𝐴𝐴 �̃�𝐘 , one solution is to divide τ into two parts, that is, τ1 and τ2, in which 
τ1 depends on 𝐴𝐴 �̃�𝐘 and τ2 is independent of 𝐴𝐴 �̃�𝐘 . In this study, τ1 is described by a linear model as follows:

𝝉𝝉
1
= 𝑐𝑐 ⋅

[

�̃�𝐘 − 𝐸𝐸
(

�̃�𝐘
)]

 (6)

where c is a linear adjustment factor, E(·) denotes the mean, and E(τ1) is 0. Therefore, Equation 5 can be rewritten as:

𝐙𝐙
′

= �̃�𝐘′

+ 𝝉𝝉
2

 (7)

where 𝐴𝐴 �̃�𝐘′

= �̃�𝐘 + 𝝉𝝉
1
= (1 + 𝑐𝑐) ⋅ �̃�𝐘 − 𝑐𝑐 ⋅ 𝐸𝐸

(

�̃�𝐘
)

 . 𝐴𝐴 𝐴𝐴
(

�̃�𝐘′

)

 is still equal to 𝐴𝐴 𝐴𝐴
(

�̃�𝐘
)

 . By changing the value of c, the corre-
lation between 𝐴𝐴 �̃�𝐘′ and τ2 can be adjusted. To ensure independence of τ2 from 𝐴𝐴 �̃�𝐘′ , c should take the following value 
(Appendix A):

𝑐𝑐 = 𝑅𝑅
2

− 1 (8)

where R 2 is the coefficient of determination of the regression model.

Substituting 𝐴𝐴 �̃�𝐘 = 𝐘𝐘 + 𝜹𝜹 into Equation 7, the resulting equation can be modified as follows:

𝐙𝐙
′

= 𝐘𝐘
′

+ (1 + 𝑐𝑐) ⋅ 𝜹𝜹 + 𝝉𝝉
2 (9)

where Y′ = (1 + c) ⋅ Y − c ⋅ E(Y). As in traditional BC, (1 + c) ⋅ δ + τ2 is treated as a lumped residual error term 
ε′, which is independent of Y′. Moreover, ε′ can be described by an independent, heteroscedastic and Gaussian 
error model, and two hyperparameters, aε′ and bε′, are used to describe the heteroscedasticity.

Therefore, the log-likelihood function for the sensor data can be obtained as:

log𝐿𝐿
(
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 (10)

where φε′ denotes the two hyperparameters, σε′,t is the standard deviation of ε′t (i.e., the value of ε′ at the tth time 
step), and z′t and y′t are the values of Z′ and Y′, respectively, at the tth time step. The MATLAB codes for Equa-
tions 3 and 10 are provided in Text S1 in the Supporting Information S1.

The likelihood function considering both laboratory observations and sensor data is simply the product of 
𝐴𝐴 𝐴𝐴

(

𝜽𝜽,𝝋𝝋
𝜀𝜀
,𝐙𝐙

)

 and 𝐴𝐴 𝐴𝐴
(

𝜽𝜽,𝝋𝝋
𝜀𝜀′
,𝐔𝐔

)

 , which is the sum of Equations 3 and 10 in logarithmic form. With this compound 
likelihood function, MCMC sampling can be performed to approximate the posterior parameter distribution and 
evaluate the simulation uncertainty.

3. Data and Methods
3.1. Study Framework

Figure 1 shows a schematic overview of this study, which contains two nitrate modeling cases, a synthetic case 
based on the NBW in the U.S. and a real-world case of the FSW in China. In the synthetic case, a true SWAT 
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model of the NBW was synthesized, and its model outputs were regarded as the true response of the NBW. Two 
sets of artificial nitrate observations, Z1 and U1, were synthesized and used to represent laboratory observations 
and sensor data, respectively. The BCMSO method was applied to calibrate the above model (with unknown 
parameters). For comparison, the model was also calibrated with different observation data using the traditional 
BC technique (i.e., BC-Z1, BC-U1, BC-Z1′, and BC-Z1U1). Notably, in BC-Z1U1 and BCMSO, if Z1 and U1 (or 
Z1′) overlapped in time, only Z1 was used in model calibration. The calibrated models were employed to predict 
the nitrate concentration under three future scenarios to assess their prediction accuracy.

In the real-world case, a SWAT model of the FSW was first set up based on various input data. Multiple sets of 
observation data were collected, including streamflow observations (F2), laboratory nitrate observations (Z2) and 
sensor data of the electrical conductivity (EC) (U2). Sensitivity analysis was performed for the SWAT model to 
select sensitive parameters (i.e., θF and θN) in streamflow and nitrate simulation. Then, the model was calibrated 
against F2 to obtain one set of optimal values of θF. With θF fixed at the calibrated values, the nitrate response 
was adjusted using the BCMSO method. For comparison, the model was further calibrated using the traditional 
BC method only considering Z2 (i.e., BC-Z2). The calibrated models were used to support nitrate pollution 
management in the FSW. For more details on these two cases, please refer to Sections 3.2 and 3.3, respectively.

3.2. Synthetic Case

The NBW is located in southern California (Figure 2a), with an area of approximately 400 km 2. The water-
shed is highly urbanized. It exhibits a typical Mediterranean climate, and the average annual precipitation is 
330 mm. Nutrient pollution is a significant issue, where fertilization of urban lawns is the main type of nonpoint 
source (NPS) pollution, and effluents originating from commercial nurseries constitute the main type of point 
source (PS) pollution. A true SWAT model of the NBW was constructed based on real-world NBW data (Han & 
Zheng, 2016) (Figure 2b). In this model, the fertilization rate in urban lawns was 240 kg N/ha/a, and the average 
loads at two conceptualized PSs (A and B in Figure 2b) were set to 131 and 69 kg N/d, respectively. Except for 
eight parameters that are sensitive to nitrate modeling, the other parameters were fixed at their corresponding 
default values. The hypothesized true values of the eight parameters are listed in Table S1 in the Supporting 
Information S1.

Two sets of nitrate observations (i.e., Z1 and U1) were synthesized (please refer to Text S2 in the Supporting 
Information S1 for the generation method). Z1 exhibited a low frequency (monthly; 48 points) but small errors, 

Figure 1. Schematic overview of the two nitrate modeling cases. (a) Synthetic case based on the Newport Bay Watershed 
(NBW), and (b) real-world case of the Fengpu Stream Watershed (FSW).
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while U1 exhibited a high frequency (daily; 1,461 points) but large errors. Figure 2c shows a comparison of Z1 
and U1 to the true watershed response. Notably, U1 not only attained a high variance but also attained a positive 
deviation (2 mg/L), which was used to represent sensor drift, a common type of error due to electronic drift from 
the instrument calibration level (Horsburgh et al., 2015). Based on 48 pairs of observations on the same day, a 
linear model was adopted to establish a relationship between Z1 and U1 (Figure 2d), and the R 2 value was 0.73. 
Therefore, the linear adjustment factor c was estimated at −0.27.

As many parameters in the SWAT model are associated with spatially distributed values, the aggregate parame-
ter method was employed to adjust these parameters, following Yang et al. (2007): varying the parameter value 
directly (Type I); adding a deviation to the prior parameter value and adjusting the deviation (Type II); and apply-
ing a multiplier to the prior parameter value and varying the multiplier (Type III). These parameters, deviations 
and multipliers were assumed to follow uniform distributions, and their ranges are provided in Table S1 in the 
Supporting Information  S1. The DiffeRential Evolution Adaptive Metropolis (DREAM(ZS)) algorithm (Laloy 
& Vrugt, 2012; Vrugt et al., 2009), a highly efficient MCMC algorithm, was employed for sampling from the 
posterior. To ensure the reliability of the calibration results, DREAM(ZS) explored 200,000 samples in each cali-
bration, and all the Markov chains achieved convergence according to the Gelman–Rubin diagnostic (Gelman & 
Rubin, 1992). The last 50% of all points of the Markov chains was used for subsequent analysis. Posterior justifi-
cation of the Gaussian assumption of the residual errors is shown in Figure S1 in the Supporting Information S1.

To further compare the calibration results, three future loading scenarios (Table S2 in the Supporting Infor-
mation S1) with relatively low, moderate and high loadings were proposed over the next 4 yr. The calibrated 
models were run to predict the nitrate concentration under the proposed future loadings, and the average nitrate 

Figure 2. Synthetic case based on the Newport Bay Watershed (NBW). (a) Location of the NBW, (b) Soil and Water 
Assessment Tool model of the NBW, (c) comparisons between the artificial observations (Z1, laboratory observations; U1, 
sensor data) and true watershed response, and (d) linear relationship between Z1 and U1.

 19447973, 2023, 4, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2022W

R
033673 by South U

niversity O
f Science, W

iley O
nline L

ibrary on [25/04/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Water Resources Research

HAN ET AL.

10.1029/2022WR033673

6 of 17

concentration (ANC) was selected to evaluate the model performance. In this synthetic case, the true ANC could 
be obtained by operating the SWAT model with the true parameters so that the predictions in the different cali-
bration processes could be suitably evaluated.

3.3. Real-World Case

3.3.1. Study Area, Model Development and Observation Data

The FSW is located in Zhangzhou city, Fujian Province, in southeastern China (Figure  3a), with an area of 
86.2 km 2. The FSW experiences a typical subtropical marine monsoon climate, with warm winters and humid 
summers. The annual rainfall reaches approximately 1,512 mm. The FSW is mainly characterized by hilly and 
mountainous landscapes. Most parts of the watershed exhibit a high slope and are unsuitable for cropland devel-
opment. The predominant land use is orchards (Figure 3b), mainly honey pomelo orchards. The area of pomelo 
orchards is approximately 55.3 km 2, accounting for 64.1% of the modeling area. Other land uses in the FSW 
include 31.5% evergreen forests, 4.3% residential areas and 0.1% water bodies (Figure 3b). Nitrate pollution is 
a serious water quality issue in the FSW because farmers apply large amounts of chemical fertilizers to promote 
honey pomelo yields. Excessive fertilization has led to considerable NPS pollution, which is exacerbated by the 
abundant rainfall in this area.

The SWAT model was adopted to simulate nitrate pollution in the FSW. Table 1 summarizes the data used for 
model development. In the SWAT model, the watershed was delineated into 10 subbasins (Figure 3c), which 

Figure 3. Real-world case of the Fengpu Stream Watershed (FSW). (a) Location of the FSW, (b) streams and land use, (c) Soil and Water Assessment Tool model of 
the FSW, (d) linear relationship between the laboratory nitrate observations (Z2) and electrical conductivity sensor data (U2), and (e) time series of the observed (i.e., 
Z2) and estimated (Z2′) nitrate concentrations.
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were further divided into 101 hydrological response units. According to a survey among local farmers, the annual 
fertilizer application in orchards reaches approximately 1,118 kg N/ha/a, which was scheduled by date in eight 
operations in the SWAT model (Table S3 in the Supporting Information S1). There is no significant PS pollution 
in the FSW, and almost all human manure is applied in orchards as fertilizer. The simulation period ranged from 
2015 to 2021, in which the first four years comprised the spin-up period (2015–2018) and the last three years 
comprised the calibration period (2019–2021).

Daily streamflow observations (i.e., F2) from 2019 to 2021 and 35 nitrate concentration observations (i.e., Z2) in 
2021 (from April to September specifically) were collected for SWAT model calibration. No sensor data of the 
nitrate concentration were available, but high-frequency EC data were obtained via an in situ sensor (In-Situ Aqua 
TROLL 600) in 2021. The raw EC sensor data with a frequency of 20 min were averaged to a daily frequency. In 
the FSW, EC is highly correlated with the nitrate concentration because nitrate accounts for the majority of ions 
in surface streamflows, which is due to the large amount of chemical fertilizer applied in this area. Therefore, the 
EC data (i.e., U2) were used as alternative observations of the nitrate concentration in this study. Similar to the 
synthetic case, a linear regression model was employed to establish a relationship between Z2 and U2, and  the R 2 
value was 0.48 (Figure 3d). Therefore, the linear adjustment factor c in this case was estimated at −0.52. Figure 3e 
shows the time series of the observed (i.e., Z2) and estimated (Z2′) nitrate concentrations based on the EC data.

3.3.2. Sensitivity Analysis

To calibrate the SWAT model, 31 parameters affecting the streamflow and nitrate simulation performance were 
initially selected from hundreds of SWAT parameters (Table S4 in the Supporting Information S1). The aggregate 
parameter method was used to adjust the distributed parameters. All parameters were assumed to follow uniform 
distributions. The Morris screening method (Campolongo et al., 2007; Morris, 1991), an efficient global sensitiv-
ity analysis method, was employed to choose a subset of parameters sensitive to streamflow and nitrate concentra-
tion simulation. In Morris screening, the parameter space (mapped to the 0–1 space) is discretized into a p-level 
grid Ω. Then, a number (e.g., r) of trajectories (of k + 1 points) are constructed in Ω, where k is the number of 
parameters. A trajectory is constructed by generating a random starting point and then completing the trajectory 
by moving one parameter at a time in a random order, and the movement of each parameter is ∆.

In this study, k was 31, p was 10, ∆ was 5/9, and r was 200. In the literature (Sun et al., 2022), p has been reported 
to range from 4 to 10 in literatures. Here, p was set to 10 to better reflect the nonlinear effect of model parameters 

Table 1 
Data for the Setup and Calibration of the Soil and Water Assessment Tool Model of the Fengpu Stream Watershed

Category Data Time range Spatial resolution Data sources

Basic data Digital elevation model (DEM) / 12.5 m × 12.5 m Earth data (https://www.earthdata.
nasa.gov/)

Soil data / 1:1,000,000 Chinese Soil Database of the 
Institute of Soil Science, 
Chinese Academy of Sciences

Land use 2019 0.6 m × 0.6 m Obtained via satellite image 
interpretation

River network 2019 0.6 m × 0.6 m Obtained via satellite image 
interpretation

Meteorological data 2015–2021 1 station National Meteorological Science 
Data Center (http://data.cma.cn/)

Pomelo fertilization 2019 / Interviews with local farmers

Observation data Streamflow observations 2019–2021 Daily Hydrology and Water Resources 
Survey Sub-center of Zhangzhou 
City

Nitrate observations 2021 34 days Analyzed via San++ analyzer, 
Germany

EC observations 2021 Daily Measured by In-Situ Aqua TROLL 
600
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on the simulation output. The elementary effect of the jth parameter on the 
output can be calculated as follows:

EE𝑗𝑗 =

𝑇𝑇
∑

𝑡𝑡=1

|𝑦𝑦
(𝑖𝑖)

𝑡𝑡
− 𝑦𝑦

(𝑖𝑖+1)

𝑡𝑡
|∕𝑇𝑇

Δ

 (11)

where superscripts i and i + 1 denote two consecutive points along a certain 
trajectory, and j denotes the number of parameters that change between 
these two points. The mean of the EEj values obtained from r trajectories 
was adopted as the sensitivity index. Table 2 lists 12 parameters sensitive to 
streamflow simulation (θF), 6 parameters sensitive to nitrate simulation (θN), 
and their sensitivity index. Notably, fertilization adjustment factor (FRT) in 
θN is not the original parameter in the SWAT model, but it denotes the adjust-
ment factor of the fertilization rate. An FRT value of 0.1 indicates a 10% 
increase in fertilizer application. In this study, the FRT value ranged from 
−0.2 to 0.2. FRT reflects a certain degree of input uncertainty.

3.3.3. Model Calibration and Nitrate Management

A deterministic approach was applied in streamflow calibration, in which one 
set of optimal values of θF was obtained in terms of the goodness of fit. The 
Nash–Sutcliffe efficiency coefficient (NSE) (Nash & Sutcliffe,  1970) was 
used to evaluate the streamflow simulation performance, and the DYnamic 

COordinate search using Response Surface models algorithm (Regis & Shoemaker, 2009, 2013), an advanced 
optimization algorithm, was employed to search the optimal values of θF (with 2,000 model runs). After calibra-
tion, the NSE value for daily streamflow simulation was 0.72, indicating a satisfactory calibration performance 
(Krause et  al.,  2005). Table  2 lists the calibrated values of θF. Figure  7a shows the observed and simulated 
streamflow.

To evaluate the performance of the BCMSO method in real-world applications, the model was calibrated two 
times, that is, via the traditional BC technique with Z2 and the BCMSO method with both Z2 and U2. In nitrate 
calibration, θF was fixed at the calibrated values. DREAM(ZS) was also used to sample from the posterior. A maxi-
mum of 200,000 samples were generated in each calibration, where Markov chain convergence was confirmed 
via the Gelman–Rubin diagnostic. The last 50% of all points of the Markov chains was used for subsequent 
analysis. Posterior justification of the Gaussian assumption of the residual errors is shown in Figure S2 in the 
Supporting Information S1.

Comparisons were performed from two perspectives: one considered the impact on model calibration, and the 
other considered the impact on nitrate pollution management. From the first perspective, the posterior distribu-
tion of the parameters and the uncertainty in nitrate simulation were compared. From the second perspective, we 
considered a specific management scenario, namely, the ANC at the watershed outlet should not exceed 15 mg/L, 
and this water quality improvement target should be achieved by managing the fertilization rate in honey pomelo 
orchards over the next three years (2022–2024). The decision-making process entailed the use of the SWAT 
model to predict the ANC under a series of planned fertilization rates, after which the appropriate rate could be 
determined via a comparison of the predictions to the improvement target (i.e., 15 mg/L).

4. Results
4.1. Synthetic Modeling Case

The posterior parameter distributions derived from the different calibration processes were summarized and 
compared (Figure S3 in the Supporting Information S1). The posterior distributions derived from BC-Z1U1 were 
very close to those derived from BC-U1 (Figure 4b). This occurred because in BC-Z1U1, Z1 is scarce, and the 
likelihood of U1 dominates the total likelihood in BC. The other distributions were quite different, which is due 
to the different observational data (Z1, U1 and Z1′) and error models used in the different calibration processes. 
BC-Z1 achieved satisfactory results. The cumulative distribution function (CDF) curves generally included all 

Table 2 
Sensitive Parameters of the Soil and Water Assessment Tool Model of the 
Fengpu Stream Watershed Selected via the Morris Screening Method

Streamflow 
parameters θF

Sensitivity 
index for 

streamflow 
(m 3/s)

Calibrated 
values

Nitrate 
parameters θN

Sensitivity 
index for 

nitrate 
(mg/L)

CN2 0.85 −14.96 FRT 18.48

SOL_AWC 0.51 0.83 NPERCO 15.10

CH_K2 0.50 50.00 HLIFE_NGW 7.97

ESCO 0.38 0.39 RCHRG_DP 5.57

TRNSRCH 0.35 0.14 SDNCO 4.25

CH_N2 0.31 0.06 GW_REVEP 1.63

GWQMN 0.30 3,174.65

ALPHA_BNK 0.26 0.02

GW_DELAY 0.20 56.75

SHALLST 0.20 4,614.03

CH_K1 0.17 42.17

SURLAG 0.16 2.87
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true values, although certain parameters, such as SHALLST and SDNCO, exhibited a relatively wide posterior 
range. When sensor data were directly used in BC (i.e., BC-U1 and BC-Z1U1), the corresponding posterior 
parameter distributions exhibited obvious deviations, especially ESCO, SHALLST and SDNCO. This could be 
attributed to the significant observational errors (especially positive deviations) in the sensor data. However, even 
if the sensor data were corrected (Z1′), deviations in the posterior parameter distributions would still exist. This 
result suggests that it may not be appropriate to treat Z1′ like Z1 in the calibration process. The BCMSO method 
achieved an excellent performance. The CDF curves included the true values within a narrower range. This result 
indicates that the BCMSO method could properly and effectively extract meaningful information from the sensor 
data while preventing negative impacts of the associated significant observational errors. Posterior distributions 
of hyperparameters are shown in Figure S4 in the Supporting Information S1.

Figure 4 shows a comparison of the parametric uncertainty bands of the nitrate concentration to the true water-
shed response (𝐴𝐴 �̃�𝐘 ). Here, the bands represent 95% uncertainty intervals (i.e., 2.5%–97.5%) of the model outputs 
corresponding to the last 50% of the samples of the Markov chains. The average band widths derived from BC-Z1, 
BC-U1, BC-Z1U1, BC-Z1′ and BCMSO were 2.29, 0.73, 0.72, 1.25 and 0.62 mg/L, respectively. Therefore, after 
considering the sensor data, the parametric uncertainty was greatly reduced. In regard to the simulation accuracy, 
BC-Z1 successfully reproduced 𝐴𝐴 �̃�𝐘 (Figure 4a). This occurs because Z1 is accurate and unbiased. However, the 

Figure 4. Parametric uncertainty bands derived from the five calibration processes in the synthetic case. Z1 and U1 denote 
the artificial laboratory observations and sensor data, respectively. Z1′ denotes the corrected sensor data. BC-Z1, BC-U1, 
BC-Z1U1 and BC-Z1′ represent four traditional Bayesian calibration (BC) processes based on different sets of observational 
data. BCMSO represents the new calibration process proposed in this study.
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bands derived from BC-U1 and BC-Z1U1 were obviously higher than 𝐴𝐴 �̃�𝐘 (Figure 4b). This could be attributed to 
the positive deviation in the sensor data, indicating that the direct assimilation of sensor data in BC may cause 
biased simulation results. The band derived from BC-Z1′ significantly deviated from 𝐴𝐴 �̃�𝐘 (Figure 4c). This occurs 
because although Z1′ is more accurate in the average sense, there exists a trend deviation between Z1′ and 𝐴𝐴 �̃�𝐘 in 
the time series, namely, Z1′ is generally lower than 𝐴𝐴 �̃�𝐘 at high values and higher than 𝐴𝐴 �̃�𝐘 at low values. This trend 
deviation indicates that the observational errors of Z1′ (i.e., 𝐴𝐴 Z1

′

− �̃�𝐘 ) are correlated to 𝐴𝐴 �̃�𝐘 (and Y). Therefore, the 
direct assimilation of Z1′ could lead to a trend deviation in the simulation results in the time series. The BCMSO 
method performed the best, with a narrower band at approximately 𝐴𝐴 �̃�𝐘 (Figure 4a). This result indicated that the 
method proposed in this study could properly and effectively consider sensor data in the BC process.

One important task of WWQ modeling involves future water quality prediction to support the decision-making 
process. Three future loading scenarios (Table S2 in the Supporting Information S1) were designed to evaluate 
the predictive ability of the calibrated models. Figure 5 shows the ANC distributions predicted with the cali-
brated models under the three scenarios. BC-Z1 and BCMSO performed well under all three scenarios, but 
BC-U1, BC-Z1U1 and BC-Z1′ yielded overestimated ANC values. The overestimation of BC-U1 and BC-Z1U1 
was attributable to the positive deviation in U1, and the inaccuracy of BC-Z1′ occurred because the correla-
tion between the observational errors of Z1′ and 𝐴𝐴 �̃�𝐘 is ignored in this process. The BCMSO method was hardly 
affected because it could greatly reduce the positive deviation in U1 through linear regression and eliminate the 

Figure 5. Predicted average nitrate concentration (ANC) under three future loading scenarios in the synthetic case. Z1 and 
U1 denote the artificial laboratory observations and sensor data, respectively. Z1′ denotes the corrected sensor data.
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correlation between the observational errors of Z1′ and 𝐴𝐴 �̃�𝐘 via a linear adjustment factor (c in Equation 8). More-
over, the prediction uncertainty of the BCMSO method was much lower than that of the BC-Z1 method. This 
result demonstrates that the consideration of sensor data could significantly reduce the simulation uncertainty of 
WWQ models through proper assimilation methods (such as the BCMSO method).

4.2. Real-Word Application

4.2.1. Impact on Model Calibration

It has been demonstrated thus far that the BCMSO method can reduce the simulation uncertainty and is less affected 
by the errors occurring in sensor data. Because WWQ modeling is susceptible to input and structural errors (Han & 
Zheng, 2016; Wellen et al., 2015), we introduced parameter FRT (Section 3.3.2) to address the uncertainty in fertilizer 
application in honey pomelo orchards, expecting calibration results less affected by the input uncertainty. Figure 6 
shows the posterior parameter distributions obtained in the two calibration processes. The first four parameters were 
identified well, while SDNCO and GW_REVAP, with the lowest sensitivity, could hardly be identified. The BCMSO 
method obtained narrower posterior distributions, especially for the more sensitive parameters. Regarding FRT, the 
posterior distributions also indicated that the fertilization rates were 1,066 ± 159 kg N/ha/a and 1,307 ± 59 kg N/
ha/a (the margin of error was twice the standard deviation) inferred via BC-Z2 and BCMSO, respectively. In contrast, 
the fertilization rate inferred via BCMSO was higher, and the uncertainty was approximately 1/3 of that inferred via 
BC-Z2. Posterior distributions of hyperparameters are shown in Figure S5 in the Supporting Information S1.

Figure 7 shows a comparison of the obtained simulation results between the two calibration processes. Figure 7a 
shows the time series of the calibrated streamflow, which indicates that the model could successfully repro-
duce the streamflow in the FSW. Figure 7b shows parametric uncertainty bands of the nitrate concentration. 
Although the model inevitably exhibited significant input and structural errors, the two uncertainty bands basi-
cally matched  those of the observations (Z2) and reproduced the temporal variation in the nitrate concentration. 
The ANCs derived from BC-Z2 and BCMSO were very close, at 16.97 and 16.82 mg/L, respectively. However, 
the temporal variation in the nitrate simulation derived from BCMSO was more significant (with higher peaks 
and lower bases). The average band widths determined by BC-Z2 and BCMSO were 4.75 and 1.61 mg/L, respec-
tively. Therefore, the BCMSO method reduced the modeling uncertainty by approximately 70% by considering 
EC sensor data. This result underscores the constraining role of sensor data in Bayesian inference.

Figure 7c further shows a comparison of the cumulative nitrate loads derived from the two calibration processes. 
Although the ANCs derived from the BC and BCMSO methods were close, the cumulative loads differed. 

Figure 6. Posterior parameter distributions derived from the two calibration processes in the real-world case. All parameters 
were mapped to the 0–1 domain via linear min-max normalization. Z2 denotes the laboratory observations.
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This result indicates that the difference in nitrate concentration in the time series affected the estimation of the 
total load. The cumulative nitrate load in the FSW over the 3-yr period derived via BC-Z2 was approximately 
2.34 × 10 6 kg. The estimate obtained with the BCMSO method was higher, at approximately 2.71 × 10 6 kg, 
and the difference corresponded to an 16% difference in the total load. Furthermore, the cumulative uncertainty 
in the nitrate load over the 3-yr period derived by BC-Z2 was 0.49 × 10 6 kg, accounting for 21% of the total 
load. However, the cumulative uncertainty in the nitrate load derived via the BCMSO method reached only 
0.17 × 10 6 kg, accounting for 6% of the total load.

The above comparisons (Figures 6 and 7) indicate that the BCMSO method could significantly reduce the uncer-
tainty in both parameter inference and stochastic simulation. However, the difference in the results also raises 
the following question: which calibration result is more reliable? In this real-world case, the true values of the 
model parameters and true watershed responses are unknown, so we cannot directly determine which result is 
more accurate. Nevertheless, it is reasonable to believe that the results obtained with the BCMSO method could 
be more reliable because it introduced more observational information into the Bayesian inference process in 
an appropriate way. However, this reliability is only relative to the BC method with laboratory observations. 
Even if the sensor data were correctly included, the additional observational information would not effectively 

Figure 7. Simulation results of the (a) streamflow, (b) nitrate concentration and (c) cumulative nitrate load in the real-world 
case with (Bayesian calibration using multisource observations (BCMSO)) and without assimilating sensor data (BC-Z2). 
The bands indicate 95% uncertainty intervals (i.e., 2.5%–97.5%). Z2 denotes the laboratory observations.
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compensate for the deviation due to input and structural errors. When significant input and structural uncertainties 
occur, it is recommended to directly address these uncertainties in BC (Ajami et al., 2007; Han & Zheng, 2018; 
Thyer et al., 2009; Xu et al., 2017; Yen et al., 2014), such as the introduction of FRT in this case.

4.2.2. Impact on the Management of Nitrate Pollution

In water quality management practices (such as developing total maximum daily load standards), a high modeling 
uncertainty could lead to a large margin of safety (MOS), which could dramatically increase the management cost 
(Nunoo et al., 2020). Within this context, the calibrated models were used to support nitrate pollution manage-
ment in the FSW. In this case, 11 future fertilization rates were considered, ranging from 0 to 1,000 kg N/ha/a, at 
intervals of 100 kg N/ha/a. Figures 8a and 8b show the predicted ANC values under the different fertilization rates 
derived from BC-Z2 and BCMSO, respectively. The uncertainty intervals were based on the parametric uncer-
tainty. In general, there existed a strong linear relationship between the fertilization rate and ANC. The predictive 
uncertainty in the ANC derived from the BCMSO method was much lower.

In the management of nitrate pollution, if uncertainty were ignored, it would be reasonable to consider median 
predictions for decision-making purposes. Thus, to reduce the ANC to 15 mg/L, the fertilization rate should be 
reduced to 581 and 765 kg N/ha/a (interpolated values) according to BC-Z2 and BCMSO, respectively (i.e., C and 
C′, respectively, in Figure 8). However, if uncertainty were considered and the probability of the ANC exceeding 
the target should be less than 10%, the fertilization rate should reach 442 and 721 kg N/ha/a according to BC-Z2 
and BCMSO, respectively (i.e., D and D′, respectively, in Figure 8). The median ANC predictions under these 
two rates were 13.8 and 14.6 mg/L, respectively (i.e., E and E′, respectively, in Figure 8). Here, distances DE and 
D′E′ (i.e., 1.2 and 0.4 mg/L, respectively) reflect the MOS accounting for the modeling uncertainty, and distances 
CD and C′D′ (i.e., 139 and 44 kg N/ha/a, respectively) represent the MOS-associated cost. Obviously, the MOS 
and corresponding cost derived from BC-Z2 were much greater than those derived from BCMSO.

In the FSW, 1 kg of N fertilizer could yield approximately 42 kg of honey pomelo. Therefore, under BC-Z2, the 
cost of the MOS (i.e., the reduction in the fertilization rate) also indicated a reduction in honey pomelo production 
by approximately 32,284 tons in the FSW. According to a survey among local farmers, the prices of honey pomelo 
and fertilizer were approximately 4 Chinese yuan (CNY)/kg and 30 CNY/kg N, respectively, in 2020. Therefore, the 
economic cost of the MOS under BC-Z2 reached approximately 106.1 million CNY, accounting for 12.4% of the 
total economic income of honey pomelo cultivation in the FSW (i.e., 853.2 million CNY). In the BCMSO method, 
the reduction in honey pomelo production due to the MOS was only 10,219 tons, and the economic cost was only 
33.6 million CNY, approximately 4% of the total economic income. Text S3 in the Supporting Information S1 
provides details of the above estimates. This result underscores that sensor data introduction into the BC process 
could ensure a more accurate decision-making process and could greatly reduce the MOS-associated economic cost.

Figure 8. Average nitrate concentration (ANC) under the different fertilization rates predicted with the calibrated models 
in the real-world case. Subplots (a) and (b) show the results without sensor data (BC-Z2) and with sensor data (Bayesian 
calibration using multisource observations (BCMSO)), respectively. The points along the median prediction lines correspond 
to the 11 fertilization rates used for model prediction.
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5. Discussion
The BCMSO method proposed in this study provides a very flexible framework and can be easily extended 
to other modeling fields (such as hydrology) involving multiple sets of observation data. In this study, one set 
of sensor data was considered in both the synthetic and real-world cases. The BCMSO method can simply be 
adopted to consider multiple sets of sensor data by constructing a likelihood function for each dataset and consid-
ering them in the total likelihood function. Multiple sets of sensor data are likely to occur because there may be 
multiple sensors of different individuals or organizations for water quality monitoring since sensors are relatively 
simple and low-cost instruments. Another advantage of the BCMSO method is that the sensor data used for 
calibration can comprise indirect observation data of the target water quality parameter, as long as the indirect 
observation data can capture the target parameter through a specific relationship, even if the estimations may 
suffer large errors. For example, EC data were used to calibrate the nitrate concentration in the real-world case 
in this study. This advantage potentially enables the application of more sensor data to assist in WWQ model 
calibration, which makes the BCMSO method very attractive against the background of environmental big data.

The BCMSO method also suffers limitations that must be mentioned. One limitation is the assumption of Gauss-
ian residual errors (ε and ε′). While independent Gaussian errors represent the most popular assumption, autocor-
related non-Gaussian errors may be relevant in certain cases (Ammann et al., 2019; Samadi et al., 2017; Schoups 
& Vrugt, 2010). Error models with more complex distributions or structures, such as the skew exponential power 
distribution (Schoups & Vrugt, 2010) and autoregressive models (Evin et al., 2013; Schoups & Vrugt, 2010), 
could also be considered to address these characteristics of residual errors, although they could lead to more 
complex likelihood functions. Notably, in the BC process, one should gradually increase the complexity of the 
error model to avoid introducing too much uncertainty. In addition, attention should be given to the reliability of 
the regression model of the considered laboratory observations and sensor data. For example, is the linear model 
established based on dozens of observations in this study adequate for all sensor data? Regarding this problem, 
we suggest using additional observations to evaluate the regression model reliability. If possible, a reasonable 
sampling plan should be designed, and representative observation data should be collected for regression model 
establishment.

6. Conclusions
In this study, a formal BC method was proposed for WWQ models that can simultaneously consider accurate 
but scarce laboratory observations and inaccurate but abundant sensor data. In the proposed method, namely, 
the BCMSO method, sensor data (i.e., Z′) are corrected based on coupled laboratory observations through a 
regression model, and a linear adjustment factor (i.e., c) is employed to eliminate the correlation between the 
observational errors of Z′ and the model output. Based on the independent, heteroscedastic and Gaussian error 
model, likelihood functions for both the laboratory observations and sensor data were derived. Two modeling 
cases were designed to demonstrate the BCMSO method, namely, a synthetic case based on the NBW and a 
real-world case based on the FSW. In both cases, the SWAT model was used as the WWQ model to simulate 
nitrate pollution in the watershed. The major study findings are as follows:

1.  Impact on parameter inference and model prediction. Due to the significant observational errors in the sensor 
data, direct sensor data application in WWQ model calibration could generate obvious parameter inference 
and model simulation deviations. These deviations could inevitably bias future predictions, thus affecting 
the correctness of model-based management decisions. However, after correcting the observational errors in 
the sensor data and eliminating their dependence on the model output, the BCMSO method could effectively 
extract meaningful information from the sensor data and prevent negative impacts of the inherent errors.

2.  Effect on uncertainty reduction. The modeling uncertainty could be greatly reduced by considering sensor data 
in model calibration. In the FSW case, the modeling uncertainty was reduced by 70%. This could be particu-
larly important for WWQ models because a higher uncertainty suggests a larger MOS, which could increase 
management costs. In the management case involving nitrate pollution control in the FSW, the economic cost 
of the MOS without considering sensor data reached 106.1 million CNY. After considering sensor data, the 
MOS-associated cost was only 33.6 million CNY, a reduction of approximately 70%.

3.  Transferability of the method. The BCMSO method provides a very flexible framework allowing multiple sets 
of sensor data, even indirect observations of target water quality parameters (e.g., EC), to be used in model 
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calibration. This advantage makes the BCMSO method highly attractive against the background of environ-
mental big data. In addition, the regression model and statistical assumptions of the errors (ε and ε′) must be 
carefully examined in BCMSO application to ensure the validity of the results.

Appendix A: Calculation of the Linear Adjustment Factor c
Let τ denote e − η. Because Z′ is independent of e (unrelated observation errors) and η (regression errors), it is also 
independent of their difference e − η (i.e., τ). According to Equation 5, 𝐴𝐴 𝝉𝝉 = 𝐙𝐙

′

− �̃�𝐘 . Because e is independent of Z′ 
and 𝐴𝐴 �̃�𝐘 , it is also independent of their difference 𝐴𝐴 𝐙𝐙

′

− �̃�𝐘 (i.e., τ). Therefore, Z′, e and τ are independent of each other.

According to Equation 5, 𝐴𝐴 �̃�𝐘 = 𝐙𝐙
′

− 𝝉𝝉 , so the covariance between τ and 𝐴𝐴 �̃�𝐘 can be calculated as follows:

cov

(

𝝉𝝉 , �̃�𝐘
)

= cov

(

𝝉𝝉 ,𝐙𝐙
′

− 𝝉𝝉
)

= cov

(

𝝉𝝉 ,𝐙𝐙
′

)

−𝐷𝐷(𝝉𝝉) (A1)

where D(·) denotes the variance. Because τ is independent of Z′, 𝐴𝐴 cov(𝝉𝝉 ,𝐙𝐙
′

) is 0. 𝐴𝐴 cov

(

𝝉𝝉 , �̃�𝐘
)

 equals −D(τ). There-
fore, τ is correlated with 𝐴𝐴 �̃�𝐘 .

According to Equation 7, 𝐴𝐴 𝝉𝝉
2
= 𝐙𝐙

′

− �̃�𝐘′ . The covariance between 𝐴𝐴 �̃�𝐘′ and τ2 can be calculated as:

cov

(

�̃�𝐘′, 𝝉𝝉
2

)

= cov

(

�̃�𝐘′,𝐙𝐙
′

− �̃�𝐘′

)

= cov

(

�̃�𝐘′,𝐙𝐙
′

)

−𝐷𝐷
(

�̃�𝐘′

)

 (A2)

If τ2 is independent of 𝐴𝐴 �̃�𝐘′ , the above covariance is 0, which suggests 𝐴𝐴 cov

(

�̃�𝐘′,𝐙𝐙
′

)

= 𝐷𝐷
(

�̃�𝐘′

)

 . Since 
𝐴𝐴 �̃�𝐘′

= (1 + 𝑐𝑐) ⋅ �̃�𝐘 − 𝑐𝑐 ⋅ 𝐸𝐸
(

�̃�𝐘
)

 , the following can be obtained:

cov
(

�̃′,�′
)

= (1 + �)cov
(

�̃,�′
)

= (1 + �)cov(�′ − � ,�′)

= (1 + �)�(�′)

 (A3)

and

𝐷𝐷
(

�̃�𝐘′

)

= (1 + 𝑐𝑐)
2

𝐷𝐷
(

�̃�𝐘
)

 (A4)

Combining Equations A3 and A4, we can obtain:

𝑐𝑐 =
𝐷𝐷(𝐙𝐙

′

)

𝐷𝐷
(

�̃�𝐘
) − 1 (A5)

Because 𝐴𝐴 �̃�𝐘 is unknown, c can be approximated as follows:

𝑐𝑐 ≈
𝐷𝐷(𝐙𝐙

′

𝑠𝑠)

𝐷𝐷(𝐘𝐘𝑠𝑠)

− 1 ≈

𝐷𝐷(𝐙𝐙
′

𝑠𝑠)

𝐷𝐷(𝐙𝐙𝑠𝑠)

− 1 (A6)

where subscript s denotes the subset of samples used to generate the regression model. Here, D(Ys) can be 
approximated by D(Zs) because Zs is considered to be relatively accurate.

When the regression model is unbiased, that is, E(η) = 0, we can obtain the following:

𝐷𝐷(𝐙𝐙
′

𝑠𝑠)

𝐷𝐷(𝐙𝐙𝑠𝑠)

=

𝐷𝐷(𝐙𝐙𝑠𝑠) −𝐷𝐷(𝜼𝜼)

𝐷𝐷(𝐙𝐙𝑠𝑠)

= 1 −

∑

𝑠𝑠
(𝑧𝑧𝑠𝑠 − 𝑧𝑧

′

𝑠𝑠)
2

∑

𝑠𝑠

(

𝑧𝑧𝑠𝑠 − 𝑧𝑧
) = 𝑅𝑅

2 (A7)

Therefore:

𝑐𝑐 ≈ 𝑅𝑅
2

− 1 (A8)

Data Availability Statement
For the Newport Bay Watershed (the synthetic case), the Digital elevation model (DEM), land use and soil data 
were obtained from U.S. Geological Survey (https://www.usgs.gov/), and the meteorological data (1997–2004) 
were obtained from U.S. National Climatic Data Center (https://coast.noaa.gov/digitalcoast/contributing-part-
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ners/noaa-national-climatic-data-center.html). For the Fengpu Stream Watershed (the real-world case), the mete-
orological data, soil data and DEM were obtained from National Meteorological Science Data Center of China 
(http://data.cma.cn/), Institute of Soil Science (Chinese Academy of Sciences) (http://english.issas.cas.cn/) and 
EARTH DATA (https://www.earthdata.nasa.gov/), respectively.
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