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ABSTRACT: Systematic management of groundwater is required due to high concentration of NOs-N in
groundwater, Korea. The trend analysis for the time series of NOs-N concentration, which have been analyzed
at least over 5 years at the national groundwater monitoring wells, indicates that 13.2% of total wells has shown
an upward trend. Characteristic information, which is related to topography, soil, hydrogeology, well density, and
land cover, is extracted by using GIS technology. An MLP (multilayer perceptron) model, which prediction accuracy
is about over 91%, is developed using the information as input variable and NO;-N trend as output variable. As
a result of k-fold validation (k=5), accuracy, precision, recall, and F1 score show mostly higher than 0.9, and the
model is evaluated as good. The MLP model application to Mokpo-Muan region shows that it makes a little sense,
because the average value of predicted probability in the cases in which the actual upward trend is predicted as
the upward trend by the MLP model is higher than the value in the cases in which it is predicted as the non-upward
trend. On the other hand, the type and concentration of the pollutant and the distance to the pollution source are
not considered as input variables in this model, but a more accurate prediction model can be developed when
collecting these data in the future. Consequently, a new groundwater management system considering not only
the present concentration but also future changes will be prepared.
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Table 1. Input and output variables of MLP model for a trend prediction of NOs-N in groundwater (from Kim et
al., 2022).

Input variables Output variable

- Elevation of land surface

- Highest elevation in 250 m radius

- Upward slope in 250 m radius

- Lowest elevation in 250 m radius

COII'[.IIIUOUS - Downward slope in 250 m radius
variables
- Average slope
- Distance to double-lined stream Trends (upward and
B 3 non-upward) of NO;-N
- Elevation of nearby double-lined stream in groundwater
- Density of pumping wells
- Hydrogeologic unit (3 classes)
) - Subsoil feature (7 classes)
Categorlcal - Top soil feature (7 classes)
variables

- Soil drainage class (6 classes)

- Land use (7 classes)
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Table 2. Statistics of continuous variables at the groundwater monitoring sites.
. . Elevation .
. Elevation nghgst Upward Lowest — Down- Average Distance of nearby Density
Variables (EL.m) elevation slone elevation  ward slone to stream stream of wells
: (EL.m) P¢  (EL.m)  slope P (m) (wkm?)
(EL.m)
Min 1.2 2.1 0.0 0.3 0.0 0.0 1.7 1.0 0
Max 981.7 1,038.5 0.5 958.1 0.3 0.3 13,731.4 895.2 124
Mean 123.6 153.4 0.1 113.0 0.1 0.1 407.3 116.9 10
Table 3. Classification of groundwater monitoring site characteristics for each categorical variable.
Cod Top soil Subsoil Hydrogeologic unit Soil drainage Land use
ode
Group Count Group Count Group Count Group Count Group Count
Domestic;
. Commercial;
I Clay 0 Clay so Meamorphic 5o Very o T gicmal; 210
rock poor T Do
ransportation;
Culture/athletic
Intrusive igneous
Silty clay rock;
2 loam; 29 Finesilty 22 Sedimentaryrock; 285  Poor 7 Rice farming 44
Silty clay Non-porous
volcanic rock
Unconsolidated
soil; .
3 silt o Coarse 3 pimestone; 77 Suehtly gy Grassand g
silty poor golf course
Porous
volcanic rock
. ] . . Dry farming;
4 SSalIl]t dloillz’ 1(1::;16 169 _ } Sll(f-_)’,il;fily 120 Orchards; 91
ycay Y & Greenhouses
Broad-leaved
Loam; Coarse trees;
5 Sandy-clay 200 ) 228 - - Good 231 Coniferous 23
| oamy )
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Mixed forests
Unimproved
6 Slzgg]y 218 Sandy 14 - - 6 land; 79
& Mining land
Sand;
’ Sandy Wetlands;
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Fig. 1. Distribution of NOs-N trends at groundwater
monitoring sites.
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Table 4. Statistics of continuous variables for two types of NO;-N trend at groundwater monitoring sites.

. . Elevation .
(ELm) “gLm) SIP° ELm)  slope NP (m) e (k)

n 452
uyv?lgrd Mean 1232 1461 0091 1120 0045 0068 3019 1138 118
Stdev 1537 1645 0086 1490 0062 0068 4414 1426 112

n 69
Upward Mean 1237 1545 0.123 1132 0042 0083 4234 1173 9.6
Stdev 1345 1469 0098 1306 0044 0062 13519 1324  13.4
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Table 5. Accuracy of MLP models for the trend pre-
dictions of NOs-N.
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Decision Training Test
Correct 230 247
(91.3%) (91.8%)
22 22
Wrong (8.7%) (8.2%)
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find
sand
@
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(200)

(%)
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(c) Soil drainage

2HZE 211

Precision X Recall

FL Score=2x Precision+ Recall

2 ERATT Follq i vho} Zo], fhrEe ny
oA e, AU 9 A go] 24 w44}
stol, 48 7H5T SRR ERHYSS &4 9
thE 6).

6. DElo| T}

7] NO:-N&| A oS AFAEY 2d9
AA| 284S wefstr] st Jx-Fet A9
oz AA FA9F 2E oS FAIE Has] 2
Qrch 2009WHE 2018E7HA] Rk A 2] NOs-N
4 o8& yste] 500 m 2= B2 4
A ARE AAERE gt & AF3H 4 -84
of &gt FA1F7E AAlStATh B +4E At' A
T AFHo=A A EA40] 7T 2PE=
76700 Estg e, A5 7187]9 agEE 38
A, 317 A2 2=|== 38702 UElt2d 3a,
3b).

(%) -
50 412
40 t
30
20

10 —
o

Coarse .
ity Fine silty sandy
(22) Coarse
&)l skeletal loamy Sandy
) (228)

(14) I:;r:y Fine
(
(169) (50)

(b) Subsoil

(%)
50

: l"'-" rd

DHH

4\ .{, S} ;-\\
< (53)

4@(21 o (44) o

R ‘ﬁzs) @&b 4‘&\?21)
o @Q 79)
(d) Land use type

Fig. 2. Percentage of groundwater monitoring wells according to the properties of the input variables for NO;-N
(red: upward trend, blue: non-upward trend, numbers in parentheses: number of monitoring wells).
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Table 6. Results of 5-fold cross-validation and evaluation for the MLP model.

Data Training partition Validation partition
set Accuracy  Precision Recall  F1 Score Accuracy Precision Recall ~ F1 Score
1 89.4% 88.9% 98.8% 93.6% 94.2% 95.6% 97.7% 96.6%
2 86.1% 88.3% 95.2% 91.6% 84.6% 88.9% 93.0% 90.9%
3 90.9% 91.7% 97.6% 94.6% 86.5% 93.3% 91.3% 92.3%
4 92.8% 94.4% 97.1% 95.8% 84.6% 86.7% 95.1% 90.7%
5 89.9% 90.6% 97.6% 93.9% 90.4% 95.6% 93.5% 94.5%
Ave. 89.8% 90.8% 97.3% 94.1% 88.1% 92.0% 94.1% 94.1%
N N

A

| Upward

M Non-upward

® Location of wells
[ No data

km

"f'gﬁ x4 ': ’
0 25 § 0 25 5
m— km [ ]

(a) Location of wells and grid distribution (b) Result of linear trend analysis for grids
N N

A

Concentration
of NOsN (gt

W Upward <
2.4

B Non-upward 4-6
6-8

O No data =

EONOO0O0OEE
©
S

0 25 5 0 25 5
—— km kM

(c) Distribution of trend prediction at each grid by MLPmodel ~ (d) Distribution of NO3-N concentration in 2018
Fig. 3. Actual and predicted trends of NOs-N in groundwater in Mokpo-Muan region.
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Table 7. Comparison of average probability of trend prediction for MLP model between actual NOs-N trend and

non-trend at groundwater wells.

Trend by MLP model
Actual trend
Upward trend Non-upward trend
Upward trend 0.933 0.768
Non-upward trend 0.883 0.899
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