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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
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Meteorological data

DEM

Land use data

Soil type data
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Act as the driving force of runoff generation
and pollutant transportation

Rainfall
station

Data scarcity

¥

Time series

Spatial distribution




Background

Typical data scarcity are divided into three categories

Missing completely at random  Missing at random Missing not at random

$

[ Single imputation] [Multiple imputation]

: Expectation maximization with |
bootstrap (EMB) algorithm

Data augmentation (DA)
algorithm

\ An effective method to address scarce data



Background

N ) N\ N . . . . oo
A ) f\/}v} 5 « Daning River watershed is a significant

tributary of the Three Gorges Reservoir
o, area and is located in Wushan and
T Wuxi Counties in the municipality of
Chonggqing, China.
« It suffers from severe NPS pollution,
and phosphorus is the limiting nutrient
causing eutrophication.

ime A
Data types Resolution Acquisition path
Digital Elevation Model (DEM) 1:250000 National Fundamental Geographic Information Center of China.
land use map 1:100000 Resources and Environment science data Center of the Chinese Sciences Academy
Soil type map 11000000 Agricultural Science Committee of Wuxi city
Hydrologic data Daily and monthly Meteorological Bureau of Wuxi County and China National Meteorological Administration

Meteorological data Daily and monthly Meteorological Bureau of Wuxi County
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Database Calibration and Multiple
establishment verification imputation
*DEM TP *Data augmentation (DA) algorithm
eLand use data Flow *Expectation maximization with
*Soil type data bootstrap (EMB) algorithms
*Meteorological data
® . * * O
Setup of SWAT model Analysis of scarce
*Correlation coefficient R2 scenario

*Nash-Sutcliffe coefficient (Ens)

*Temporal data scarcit
*Information entropy method P Y

*Spatial data scarcity




Methods Model description \

\

Meteorological data
for each site

3

Markov Chain - skewed distribution
model to simulate daily rainfall data

J

simulate six P pools in the sail

Qsed 3
Poys = 0.001 X CO!EP'A—M‘EP:sed [(SNDdﬂJ'_gn;m)(%) + 1] -1
Riay = Mypon + 20mon

gmon

Qsed = 1I-S(qurf'quak‘Ahm)o'SG’KuLse‘Cuhe’PuIse'Lulse'FCPRG




PARAMETER INFERIORLIMIT UPPER LIMIT

Methods —

:

1 Sol_Awc 0 1 \
Calibration and verification s -zo o \

4 Gwgmn 0 5000

. . R . 5 Cn2 -25 19
Sequential Uncertainty Fitting Version-2 ¢ Coun : o
- 7 Sol Z -25 25
(SUFI-2) . o : 1

' 9 Ch_K2 0 150

10 Surlag 0 10

Monthly time step, one-year warm-up period 1L GuDelay ! &
12 Ch_N2 0 1
' 13 Epco 0 1

14 Revapmn 0 500

Calibration period:2004-2008 b B o o
Validation period: 2000-2003 ) chcor : :
SEDIMENT 3 Ch_Erod 0 1
‘ 4 Usle P 0 1

5 Spexp 1 15

Verification point: 13 subbasin outlet I : *ﬁf
TP 3 Phoskd 100 200
4 Fchrg Dp 0 1

5 Sol_Labp 25 25




Methods \

Evaluation indicators | \
D The correlation coefficient R2: o] T vedsonperied | ctbraton pres o

300 —

o-[(§ o-onn) /(£ 0o (H—W”Z )
@ The Nash-Sutcliffe coefficient (Ens):

Ens = 1- Zn: (0~R)*/ Zn: (0-0)?

Is)

m

F|0W(

i=1 i=1 0 20 ’ -4'0 ) 60 ’ 80 ' 100

® Information entropy method: Sy
Hgpatial (Xj) = — z P (x;)logP (x;) 60
i=1 m ]

TP(t)

Hiemporal (xi) = — z P(xg)logP(xij) 40

J’:] g -
Simulation period Data type R? Ens 7 |
Flow 0.79 0.74 o] y
" 4o = 2 30 4  so

2000.01-2008.1
TP 0.95 0.93 o

Time (2004.01-2008.12)



Methods Temporal data scarcity (in the Xining station)

Missingness Map / 1958
1999
O Moo m q
20001
2001
2002

missing rates ..

scarcif

k 60%  s0%  40% 30% 20% 10% ty/
rat
m) ,,
19¢

. T @ g missing
Rainfall data is available at random positions

times, the most parts are

. discontinuous, and some short
~time series are missing.

§ 8 § & & 3 & &




Methods Spatial data scarcity N |

Precipitation station Information entropy
Gaolou 02002
Zhongliang 0.0906
(Jianlou 02756 »
[__Xining 03638
Wi 02410
Wangu 00757
Tagnfang 0.1656
(" Xujiaba 03111 )
Changan 01909 ‘
MNumber of gauges
9 gauges -
8 gauges XIning station 15507
7 gauges Changan and Xujiaba stations 14125
5 gauges Changan, Xujiaba, Wangu and Zhongliang stations 12462
4 gauges Changan, Xujiaba, Wangu, Zhongliang and Gaolou stations 10460

3 gauges Changan, Xujiaba, Wangu, Zhongliang, Gaolou and Tangfang stations 0.8804




Methods Design of rainfall data scarcity

The experimental design of rainfall data scarcity scenario.

Category Name  Detailed description
Baseline S0 No scarce data scenarios (no lack of time series and also retained a
complete nine stations)
Spatial data scarcity Decreasing number of rainfall stations S1 An 8-gauge scenario that lacked the Xining station
S2 A 7-gauge scenario that lacked the Changan and Xujiaba stations
S3 A 5-gauge scenario that lacked the Changan, Xujiaba, Wangu and
Zhongliang stations
S4 A 4-gauge scenario that lacked the Changan, Xujiaba, Wangu,
Zhongliang and Gaolou stations
S5 A 3-gauge scenario that lacked the Changan, Xujiaba, Wangu,
Zhongliang, Gaolou and Tangfang stations
Effect of the location of a removed rainfall stations S6 A scenario with 6 stations that lacked the Gaolou station
s7 A scenario with 6 stations that lacked the Jianlou station
S8 A scenario with 6 stations that lacked the Tangfang station
S9 A scenario with 6 stations that lacked the Wangu station
s10 A scenario with 6 stations that lacked the Wuxi station
S11 A scenario with 6 stations that lacked the Xining station
S12 A scenario with 6 stations that lacked the Zhongliang station
Temporal data scarcity (in the Xining  Rainfall time series degradation with increasing S13 A scenario with 10% data scarcity
station) missing period S14 A scenario with 20% data scarcity

S15 A scenario with 30% data scarcity
S16 A scenario with 40% data scarcity
S17 A scenario with 50% data scarcity
S18 A scenario with 60% data scarcity
Rainfall time series degradation with variable timing S19 Pattern 1 with data scarcity in the high flow year of 2000

of the missing period S20 Pattern 2 with data scarcity in the normal flow year of 2002
§21 Pattern 3 with data scarcity in the low flow year of 2004
S , S22 Pattern 4 with data scarcity in the high flow year of 2005

S23 Pattern 5 with data scarcity in the high flow year of 2007




Methods Multiple imputation (DA)

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

)

LFirst step (ie. I-step) YOV ~ f(Y

miss

Yobs,g(t))}

)

{ Second step (i.e. P-step) 8" ~ £(@

(t+1)
Yobs,Ymiss ) }

~

S
——



Methods Multiple interpolation (EMB)

Bootstrapped data rrreriy | [ | - ETTITITE
| in The EMB algorithm is a
( [y ) combination of the EM algorithm
- - — and the bootstrap method.
' 1 : 1 ]
Separate da 1 ‘ ] ‘ I
e / Such that 0=(u,2) \
g’oot%agctﬁssumﬁﬁon,stShOU|d blej,a:??geg: Decomposition of likelihood functions
ey the multivariate normal distribution v Mlosv= £ lovrimly
Y""Np(‘u, Z) I. » f( obs ’¢) f: obs )f( 0bs’¢)
(2) The response mechanism of scarce data N
| should be MAR, thatis, Y = (Y,,s, Yimiss)- Uninformative prior distribution
- / \ S W) = S O

0)=| f(Y|6’)dey
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AHtemporal

Results

Impacts of temporal data scarcity

(missing rates)

Evaluation of the simulation results for the different temporal data scarcities.

No missing

Different missing rates

AHtemporal

(AHtemporal

10% r Z0% ] 30% 40% 50% (G607
Flow Ens 0.7425 0.6054 l 0.5457] 0.5677 0.5366 0.5693 0.5494
r> 0.786 0.662 0.611 0.649 0.612 0.641 0.633
AH 3.7115 6.0821 8.2601 11.7208 14.3642 15.508
P Ens 0.9299 0.8655 0.8711 0.8242 0.8615 0.8613
R 0.952 0.933 0.932 0.905 0.928 0.914 0.794
AH 5.9542 9.2635 11.5274 16.8487 20.6244 21.3764
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L— " 004 o
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o) 0 )
Time (month;2000.01-2008.12)

-& AHtFlow of S13-S18
== Ranfall data scarcity:setting

(a) Flow

» 1 - A LI @ ]
Time (month, 2000.01-2008.12) Time (month, 2000.01-2008.12)
-a- AHITP of S13-S18
wm Rainfall data scarcity setting

(b)TP

» I} ) ®
Time (month, 2000.01-2008.12)

m) The corresponding threshold

AHtemporal increased with
increasing missing rates,

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

The AHtemporal in TP was
larger than the flow.



Results Impacts of temporal data scarcity
(scarcity locations)

No missiong Different data location scarcity .
(Patem 1) Pattem? Pattern3 (Patiemnd) [(Patems) These Correspondmg years are
Flow Ens  0.7425 0.6871 0.7287 0.7342 0.6573 0.6103
R 0.7860 0.7410 0.7780 0.7870 0.7140 0.6670 # 2000 2005 and 2007 Wh|Ch
~H 2.0351 2.5275 1.7184 3.6907 3.9754 ’ ’ ’
P Ens  0.9299 0.9329 00.9137  0.9289 0.4339 0.8514 ;
R 0.9520 0.9540 0.9340 0.9610 0.5510 0.9250 wWere hlgh ﬂOW years.
~H 4.0201 4.0038 3.0790 5.7503 6.5524
" pattern 1 -8 o os pattern 2-#- i " pattern 1 - " pattern 2-# .
] ) .
Sos w o E% N B hd Th AH d
3 l l| l“ ‘ l | ‘ l' o ‘l | 1 ‘l l ||| | l, . e t terr.wporal !ncrease
o if data in high flow
- « 2] - . .
L N LN L : years were missing, and

B s L e the model performance
' - ' ] m become poor;
" i N",‘Ll m «  The AHtemporal for TP was
. [ i, obviously greater than
the AHtemporaI for flow.

The total entropy chan;

py change
g
8
regurey
py change
R
8
3
Iregurey

The total entropy change

P O RO —

entropy change

&
Treguiey]

The tot:

) [ ) ® ; P ° ) )
‘Time (2000.01-2008.12) Time (2000.01-2008.12)

(a) (b)



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

Evaluation of the simulation effects for the different combinations of rainfall stations.

Evaluation indicators 9-gauge r 8-gauge 1 5-gauge 4-gauge 3-gauge

Flow ENS 0.7425 0.5729 0.7308 0.6273 0.6023
R? 0.786 0.638 0.771 0.676 0.66
AH 22,5170 9.1101 16.9243 25.4811

Total phosphorus ENS 0.9299 0.6928 0.8299 0.7415 0.742
R? 0.952 0.867 0.947 0.943 0.94

AH 32.4108 29.6263 37.0232 47.7475

» lacked the main site reduced the total set of information by approximately 25%;
« The fewer gauges, the worse S|mulat|on results

1 '
“a- 8-gauge soenario ’,\ 0o] a5 gague scenario 12] " Samse scensrio s1 12] = S-ague scenario. s3
g’ o & os ) | - .
o ﬁ/\ ‘ 0 i Eue o [ ﬁ Lo
I ' i 1A i H\ . R E P ‘ Vool [ 17k
<, k “’ \” LA ‘ 024 ’\ i p i /.4{]__\ 504 o1 _/H %‘.\Hl o ‘“ . LM\“‘ \ %H L :
T o | Jee L LATTIA .z [0 N A ARV AT AT A
/ ] v \/ ; e e e : | U I RV T Wi
w " » B L " ) © o ) 0

AHtemporal
AHtemporal

» p3 3 3 p3 % &3 3 = 5 3 ; % 2 3 2 o
Time (month,2000.01-2008.12) Time (month,2000.01-2008.12) Time (month,2000.01-2008.12) Time (month,2000.01-2008.12)

-a- AHtFlow of S1,S3, S4 and S5
@ Flow = AHITP of S1, 53,54 and S5 (b) TP
- of 51,53, 54 an

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



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

S3  5-gague scenario }N\ S1  8-gauge scenario S3  5-gague scenario

S4  4-gauge scenario S5 3-gauge scenario
: r. o _
S . - b 2o . 4 W > >
L ¢ ‘ { s 18 4 0 5 i
> /o oe® oo ]
12 v no 9 2 2 : il 9 10 . 6.\
{ Y 8 12
Legend o o s y Y Legend " ,su;f’
“he degree ok 5 ® B e .. The degree of s sl v
AHspatial ’ 2 R > AHspatial . :
0.0-02 mmlo-12
02-05 mml2-15 00-02 mm10-12
05-08 mml5-20 02-05 mm12-15
E08-10 mm20-25 — - - .l 05-08 mm15-2.0 0 10 20 40 60 &
08-1.0 mm20-3.0 ———
Fl |
(a) Flow ®) TP

« The AHsptia 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)

N N ; - B
A S A S6 [the Gaolou station scarcityJ S7/| the Jianlou station scarcity

7
& R Py 3 e
> 4 .

y o
—~ - SR PSS
I 0 o

Seven gauges with complete data

‘ S S8 the Tangfang station scarcity S9 [the Wangu station scarciry]
; g \ — = '

S

Lo

Seven scarce scenarios of gauge = TRy Q)‘i

~JS S9da 17

‘ = S10 the Wuxi station scarcity Sl [the Xining station scarcity ]

<=

The impact of single gauge

Legend

The degree Legend
: The degree of
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AHspatial
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Results
Impacts of different imputation methods on ralnfall data serles

- - - - - Observed and Imputed values of Xining )b served v s Imputed Values of Xining
The imputation cffects of rainfall data at six missing rates = = = P o

................

b I E————— =
MMissing rates Da (EMB ) || =
Wone missing 106 50 106 50 2 _
10%% 72.19 97.28 = | i
e —T 7 L - | et
20%e 65.33 9496 o 20 10 60 80 100 120 o 20
61.51 93.65 Ruintall
40%4 63 43 86 .31 | vaction Mimsing- 005 [ e .
S0%% s8.10 87.92 ' =
H0%a S8 31 \ 2067 )
| bty
& G e 00 o T
b i
/ a Fraction Missing: 0.083 e
he distributi fim [ [ [ i | :
- The distribution of imputations is consistent) ... :-

with the distribution of observations; | W o LT
- When the relative density of observations o
exceeded 15, the relative density of the | = i
imputations could be below 0.5; T g
« The 90% confidence interval of the imputed [ —
values is able to cover this theoretical line at| = :-
\different missing rates.

d Values




Results

Differences in simulation results before and after imputation at six missing rates

Impacts of different imputation data sets on NPS polluﬂtulon simulations

Evaluation

None

10% 20% 30% 40% 30% 60%
indicators  missing
NSE 0.74 0.61 055 057 0.34 0.57 0.55
Flow
2 0.79 0.66 0.61 0.65 0.61 0.64 0.63
Before .
) NSE 0.93 087 0.87 082 0.86 086 0.75
imputation TP
R? 093 093 093 0.90 0.93 091 0.79
NSE 0.74 0.69 061 058 0.58 057 0.56
Flow
2 0.79 075 0.69 0.68 0.68 0.69 0.69
After - -
NSE 0.93 0.86 085 083 0.84 082 0.80
imputation TP
R? 095 082 092 089 051 081 093

/

« 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;

~

)

missing pars missing pars

alues with missing rates 10 - 60%

(b)
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Results

Impacts of dlfferent |mputat|on data sets on NPS poIIutlon S|mulat|ons

Differences in simulat; sults before and after imputation at five scarcity loc;
Evaluatio
o Pattern 1 Pattern 2 Pattern 3 Pattern 4 Pattern 5
indicators
- NSE 0.69 0.73 0.73 0.66 0.61
o R 0.74 0.78 0.79 071 067
Before N -
NSE 0.93 091 0.93 0.43 0.85
imputation TP
R? 0.95 0.93 0.96 0.55 0.93
Flow NSE 0.71 0.74 0.74 0.69 0.67
o R 0.76 0.79 0.79 0.74 072
After .
. NSE 093 0.93 0.94 0.67 091
imputation TP
R? 095 0.95 0.96 0.77 0.95

( Model performance of the imputed vaIues%
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; j

N

ﬂ'qrf“"'"wm"m"www

Time (2000,01-2008.12)

)



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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