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Background

Non-point source (NPS) pollution has been a key threat to water quality

Dispersiveness and Stealthiness

Randomness and Uncertainty

Universality and Undetectability

Soil and Water Assessment Tool (SWAT) models are the main tool  
used to quantify NPS pollution



Background

Meteorological data 

DEM

Land use data 

Soil type data

Act as the driving force of runoff generation
and pollutant transportation

Rainfall 
station

Rador
product

Data scarcity

Time series Spatial distribution



Background

Missing completely at random Missing at random Missing not at random

Typical data scarcity are divided into three categories

An effective method to address scarce data

Single imputation Multiple imputation 

Expectation maximization with 
bootstrap (EMB) algorithm

Data augmentation (DA) 
algorithm



Background
• Daning River watershed is a significant

tributary of the Three Gorges Reservoir
area and is located in Wushan and
Wuxi Counties in the municipality of
Chongqing, China.

• It suffers from severe NPS pollution,
and phosphorus is the limiting nutrient
causing eutrophication.
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Methods

Analysis of scarce 
scenario
•Temporal data scarcity 
•Spatial data scarcity

Setup of SWAT model
•Correlation coefficient R2

•Nash-Sutcliffe coefficient (Ens)
•Information entropy method

Calibration and 
verification
•TP
•Flow

Multiple 
imputation

•Data augmentation (DA) algorithm 
•Expectation maximization with 

bootstrap (EMB) algorithms

Database 
establishment
•DEM
•Land use data
•Soil type data
•Meteorological data



Methods Model description

Meteorological data 
for each site

simulate six P pools in the soil
Markov Chain - skewed distribution
model to simulate daily rainfall data



Methods
Calibration and verification

Sequential Uncertainty Fitting Version-2
(SUFI-2)

Monthly time step, one-year warm-up period 

Calibration period:2004-2008
Validation period: 2000-2003

Verification point: 13 subbasin outlet



Methods

TP
Fl

ow

Evaluation indicators
① The correlation coefficient R2：

② The Nash-Sutcliffe coefficient (Ens)：

③ Information entropy method：



Methods Temporal data scarcity (in the Xining station) 

Rainfall data is available at random
times, the most parts are
discontinuous, and some short
time series are missing.

missing rates

missing 
positions



Methods Spatial data scarcity
The location of a removed rainfall stations 



Methods Design of rainfall data scarcity



Methods Multiple imputation (DA)

The DA algorithm is an iterative optimization and sampling
algorithm method that introduces latent variables.

( 1) ( )
,~ ( )t t

miss miss obsY f Y Y θ+

( 1) ( 1)
,~ ( )t t

obs missf Y Yθ θ+ +

First step (i.e. I-step)

Second step (i.e. P-step)



Methods Multiple interpolation (EMB)

The EMB algorithm is a
combination of the EM algorithm
and the bootstrap method.

Two basic assumptions should be satisfied:
(1) Obey the multivariate normal distribution 

Y~𝑁𝑁𝑝𝑝(𝜇𝜇,∑) ;
(2) The response mechanism of scarce data 

should be MAR, that is, Y = (𝑌𝑌𝑜𝑜𝑜𝑜𝑜𝑜,𝑌𝑌𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚).

( , )θ µ= ∑Such that

( , , ) ( ) ( , )obs obs obsf Y M f Y f M Yθ φ θ φ=

( ) ( ) ( )obs obs missf Y f Y f Y dYθ θ θ∝ = ∫

Decomposition of likelihood functions

Uninformative prior distribution
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Results Impacts of temporal data scarcity 
(missing rates)

• ΔHtemporal increased with
increasing missing rates;

• At the same missing rate,
the ΔHtemporal for flow
and TP simulations were
consistent;

• The ΔHtemporal in TP was
larger than the flow.

The corresponding threshold



Results Impacts of temporal data scarcity 
(scarcity locations)

These corresponding years are
2000, 2005, and 2007, which
were high flow years.

• The ΔHtemporal increased
if data in high flow
years were missing, and
the model performance
become poor;

• The ΔHtemporal for TP was
obviously greater than
the ΔHtemporal for flow.



Results Impacts of spatial data scarcity 
(station number and location)

• lacked the main site reduced the total set of information by  approximately 25%;
• The fewer gauges, the worse simulation results.

• For missing gauges with high information entropy, the 
simulated TP outputs changed dramatically .



Results Impacts of spatial data scarcity 
(station number and location)

• The ΔHspatial for the 7th sub-watershed and its other downstream sub-
watersheds such as 9th sub-watershed increased during S1 scenario
(scarcity of the Xining station).



Results Impacts of spatial data scarcity 
(downstream simulations)

Seven gauges with complete data

Seven scarce scenarios of gauge

The impact of single gauge



Results
Impacts of different imputation methods on rainfall data series

• The distribution of imputations is consistent
with the distribution of observations;

• When the relative density of observations
exceeded 1.5, the relative density of the
imputations could be below 0.5;

• The 90% confidence interval of the imputed
values is able to cover this theoretical line at
different missing rates.



Results
Impacts of different imputation data sets on NPS pollution simulations

Missing rates

• The estimated effect of the imputed data set
of the flow and the TP loads with different
missing rates improved;

• The imputation effect of rainfall data is less
affected by the changes in missing rates;



Results
Impacts of different imputation data sets on NPS pollution simulations

Missing positions

• Model performance of the imputed values in
different missing positions are also better
than the simulation results before imputation;

• The simulated values in the normal-flow
years and the low-flow years are closer to
the baseline values than are those in the
high-flow years;



04
Conclusions



Conclusions

 The results highlighted the importance of critical-site rainfall stations (Xining station in this

paper) on the SWAT simulations (for better rainfall spatial distribution);

 Higher missing rates above a certain threshold as well as missing locations during the wet

periods resulted in poorer simulation results (for better temporal distribution).

 The repair of rainfall data and the SWAT model performance obtained by the EMB

algorithm are superior to the traditional DA algorithm (weather generator).

 It is noted that even if the best algorithm is used, the imputed value is always lower than

the peak observed value (multiple sources of rainfall data).

Chen et al., journal of hydrology, 2017; Chen et al., journal of hydrology, 2018;
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