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Identifying sources of heavy metal contamination in stream sediments
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A ZEFE WA (support vector machine, SVM) #7715 AF&SHo] #lF4 34342 AAATA] (AFe) QIToflA
o] SHHEHE A=mo BF A5 Hr7Ist 2, AF A- L A7 4712 017394 34t A 34, b7
SA| Atk 9 ZFeA] Aeho thgt Bl E A= B Aol 4ot%en, Eo] HAE BEQl SVM(88.1%)°] A
Frdl LDA(79.5%) Bt} EHES ERFo=t Slo] Bt 955 45& Yetltt. SVM Y42 7|8 v]ufer4]
et ER7r] Bdg o] 8ot ZF AR A A™ AF 59 lkm 53 W AuiHd EXolg ¥ AN tHF H
Ao 2 tFEF &S £t 25, dF&340a Adax] o] ERe vud 52 ez St ony, TA
o} =921 & of2 v oAU et EREAI L 56~60%H 2 HnA A UEehgth o= thEepd Ban
b AR o2 Zroba] IS B gl 7]l ACR e Hrt w2 SR

7t &EE A JAgs RES 48 oY BERO JUALE Hry FHAZ ¢ S AR moEh
A2 : SHHERHE, 7| Ay, 355

oo

99, Beud, Exolg

s

Abstract

Stream sediments are an important component of water quality management because they are receptors of
various pollutants such as heavy metals and organic matters emitted from upland sources and can be secondary
pollution sources, adversely affecting water environment. To effectively manage the stream sediments,
identification of primary sources of sediment contamination and source—associated control strategies will be
required. We evaluated the performance of machine learning models in identifying primary sources of sediment
contamination based on the physico—chemical properties of stream sediments. A total of 356 stream sediment
data sets of 18 quality parameters including 10 heavy metal species(Cd, Cu, Pb, Ni, As, Zn, Cr, Hg, Li, and
Al), 3 soil parameters(clay, silt, and sand fractions), and 5 water quality parameters(water content, loss on
ignition, total organic carbon, total nitrogen, and total phosphorous) were collected near abandoned metal
mines and industrial complexes across the four major river basins in Korea. Two machine learning algorithms,
linear discriminant analysis (LDA) and support vector machine (SVM) classifiers were used to classify the
sediments into four cases of different combinations of the sampling period and locations (i.e., mine in dry
season, mine in wet season, industrial complex in dry season, and industrial complex in wet season). Both
models showed good performance in the classification, with SVM outperformed LDA; the accuracy values of
LDA and SVM were 79.5% and 88.1%, respectively. An SVM ensemble model was used for multi-label
classification of the multiple contamination sources inlcuding landuses in the upland areas within 1 km radius
from the sampling sites. The results showed that the multi-label classifier was comparable performance with
sinlgle—label SVM in classifying mines and industrial complexes, but was less accurate in classifying dominant
land uses (50~60%). The poor performance of the multi-label SVM is likely due to the overfitting caused by
small data sets compared to the complexity of the model. A larger data set might increase the performance of
the machine learning models in identifying contamination sources.

Key words : Freshwater Sediment, Machine Learning, Heavy metal, Pollutant sources, Classifier, Landuse
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Table 1. Summary Statistics of the Sediment Quality

Metal Mine (MM) Industrial Complex (IC) Composite Area (CA)

Parameter Dry (N=108) Wet (N=31) Dry (N=130) Wet (N=22) Dry (N=69)
Mean Med Std Mean  Med Std Mean  Med Std Mean  Med Std Mean  Med Std
Clay(%) 6.97 2.80 9.50 491 2.10 418 7.61 340 1619 701 707 5.48 3.58 2.10 5.61
Sile(%) 9.90 2.80 17.59 2.95 2.20 3.74 1047 498 1646 250 1.47 2.00 1024 452 14.20
Sand(%) 83.18 91.10 219 9074 9300 671 8169 9048 2440 9049 9078 48 8617 9280 1814
w(%) 2197 21.84 1993 2311 2420 1306 2735 2575 856 2817 2694 804 2079 2048 643
LOI(%) 5.75 3.61 6.48 2.93 2.45 152 2.33 157 2.21 1.92 1.57 1.39 4.15 1.94 4.50
TOC@) 1.68 131 1.57 1.68 0.56 1.62 0.86 0.59 0.79 0.79 0.53 0.79 1.23 1.00 1.03
TN (mg/kg)  1.60 0.56 242 0.51 0.33 0.57 0.58 0.31 0.67 0.32 0.23 0.30 0.76 0.85 0.17
TP (mg/kg) 96601 37750 109476 104671 530.00 132682 799.31 590.00 64946 52037 49000 50692 1267.31 120000 935.11
Cd (mg/kg) 730 1.00 12.00 0.53 0.01 166 1127 795 1222 575 4.65 519 2067 1300 1931
Cu (mg/kg) 1525 0.98 69.01 2.69 0.01 459 0.88 0.01 2.45 6.67 180 1426 013 0.01 0.23
Pb (mg/kg) 52361 6750 117841 6425 5470 2571 19633 7485 66691 55163 21260 135381 4991 4340 2876
Ni (mg/kg) 85.12 4351 11981 8391 4780 89.73 4647 3490 3431 5918 4300 4174 3008 3060 1791
As (mg/kg)  24.65 21.00 1732 3194 2470 2385 4250 2360 7568 17055 3860 41043 5041 4634 2888
Zn (mg/kg)  96.52 1225 30977 4589 3920 4498 1049 860 8.85 1324 1035 1264 696 6.68 3.88
Cr (mg/kg) 2939.19 23810 1614804 17990 11840 25215 58561 32075 65404 158927 1419.05 151617 199.68 16790 137.96
Hg (mg/kg) 4323 35.10 2459 18225 12130 17648 7376 4820 9613 12497 7465 15076 12000 10220 7196
Li (mg/kg)  0.08 0.05 0.10 1124 029 1549 017 0.08 0.22 0.37 0.17 0.41 0.05 0.05 0.03
Al (mg/kg)  36.19 32.70 1920 2863 2570 1130 4280 3795 2044 4287 3940 1737 4823 4793 2811

N = number of sediment samples, Med = median, Std =

HA A SRS S8 BE

= =]

=2 ™

WAE ETABSIET $AY fo42 p.05E 7]
=

%7
Fo

=
ol
1
ol
=

o
2
=z
X

ox

file
ol k)
i

oli

ok

N 2
N

3

A

o fm
o2 X

Mo . Jm nE
oo
L
i rE
N
e J

]
roh
]

s
A

>~
o

Ehs
1%

TR (Multi-variate
Analysis of Variance, MANOVA)& 435}t

MANOVAE Z9-f5et EHE egdo] EHEo| 7]
A= 9 B dal SALZE ] SPSSE ©]-85t3
th. MANOVA &3 & A¢ulz] ANOVAR 459
A5 AZF(post—hoc test)& st ZF 2 AE T &5
2

Hli stk BAA A4 SRE S8 nE

Ehs
.

IN]
w
ro
e
I
3

SVME o AL

Standard deviation

sto] A g Rl ol AMEShs Edolth(Liu &
Lu, 2014, Kabilian & Selvi, 2016). 3] 2 A=
TN EA FZo {835 LDAS HolH ] ATt A
Aoz 22 A 4% 45& Hole Aoz dux
SVME AR5t tHBelousov et al.,, 2002; Yu & Yang,
2001). BEFmdoli= Table 1o FAE 187 B4 5
JHHSE slo] 0 QY ERE Sk, RE 4

nEdstad. 7ASEEE
AL A7]e] w2t F 4709 class
A, FS-A] A, BIFA] AT
2 FEstE EREER AE5iQlth 7 B2 0 o]
AHE 27 ole] A9 dlolEl(2917/)E o]-85to] 55—
Ng& Fogsta, eHde] BFHor EAfcts a4
o] HlolH(657)E #F EIAES HolHE ARE-ste
& Al&e] diste] @

S
4
AL o8 0PN B HsAS B

olz

v}

[e)
=
=
[e]

L

Lo
o

o]¢] A1¢ 9] HlolHE 80:2002 Yo 5-fold WA}t
2 o|got¥ o™ (Joseph et al., 2022), AR 71H
stolwutetn| el S 2| 48kstth. SVM-2 Gaussian 7|
o|-gste] FAstglon, stolmuietn|E = Ayt

Ea—J
T=

Journal of Wetlands Research, Vol. 25, No. 4, 2023



310
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Spatial Analysis
Prepare Input Data

Land-use reclassification

Calculation of land-useareal
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% Monitoring Point
p = River
x = Lake
© Watershed

Multi-labeling of data
(Five classes: MM, IC, UB, AG, and IW)
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Multi-label SVM classifier

Machine learning Output

Probability
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R

Fig. 2. Procedure of the multi—label classification modeling

Table 2. Criteria of the data classes for the multi-label classifier
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oz FAH
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Fig. 3a @ 3b: LDAS o] &3t
o 2 4= biplotd e

olgo] tigt EXHES] BHF EF FITE 79.5%, Fl
scorex= 68.0% (FUX 69.5%, 67.0%) 24 =2 5% A
5= YErch APHE9F 95% AlF|ErdS vl weh Ayt 5
FEFTAN} AR, 21 FFeAl 2 OHARA] EHE

Class Criteria for class label

Metal Mines (MM) radius

Sampling sites with presence of mines in the corresponding watershed within 1.0 km buffer

Industrial complexes (IC) the 1.0 kia buffer radius

Sampling sites with presence of industrial complexes in the corresponding watershed within

Urban (UB)

Sampling sites where the fraction of urban areas in the corresponding watershed within 1.0
km buffer radius; the fraction value is above Q2 of all the data

Agricultural (AG)

Sampling sites where the fraction of agricultural areas in the corresponding watershed within
1.0 km buffer radius; the fraction value is above Q2 of all the data

Industrial Wastewater
Treatment Plant (IW)

Sampling sites with presence of industrial wastewater treatment plants in the corresponding
watershed within 1.0 km buffer radius
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Fig. 3. (a) LDA score biplot for the training dataset; (b) LDA score biplot for the validation dataset; (c) Classification results by LDA
for Composite area—A; (d) Classification results by LDA for Composite area—B
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Fig. 4. (a) Confusion matrix of the validation dataset in SVM; (b) Confusion matrix of the test data (composite area) predicted by
the trained SVM; (c) Classification results by SVM for Composite area—A; (d) Classification results by SVM for Composite

area—B
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Fig. 5. Confusion matrix of the multi-label classification test result
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