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Abstract

Various water quality measurements are used to track pollution sources and assess water environments. As such,
efforts to collect water quality data through field monitoring continue to expand. However, due to the nature
of field monitoring, missing values are often observed as a result of sensor errors, equipment failures, and external
factors such as rainfall or disasters. This highlights the growing importance of managing missing data to ensure
the reliability of water quality monitoring results. This study generated four types of missing patterns for water
temperature, a key indicator of field water quality conditions. Then, four imputation methods were applied. The
methods included two traditional statistical approaches (linear interpolation and polynomial interpolation) and two
machine learning models (K-nearest neighbors (KNN) and autoencoder (AE)). The four missing data scenarios
were defined as follows: short—term missing (Case 1), long—term missing (Case 2), missing around peak values
with rapid water quality change (Case 3), and extended missing periods including both peaks and troughs (Case
4). The results showed that the linear model achieved the best performance for Cases 1 and 3, with RSR values
of 0.26 and 0.76, respectively. For Case 2, AE achieved the highest performance with an RSR of 0.63. In Case
4, KNN (k=3) showed the best result with an RSR of 0.66, followed closely by AE with an RSR of 0.68. These
findings indicate that imputation performance varies depending on the missing data pattern.
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Fig. 2. Synthetic missing data.
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t1,t; © Time points with observed values
z(t),x2(t5): Observed values at ¢, and #,

¢t: Time point with missing values
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Table 1. Hyperparameters of the AE imputation model.

Layer Nodes  Activation
Input - 4 -
Encod Hidden layer 1 4 RelU
N Hidden layer 2 3 RelU
Decoder Hidden layer 1 4 ReLU
Out layer 4 Linear
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Table 5. Performance comparison for Case 4

Imputation method ~RMSE  NSE RSR

Linear 6.31 0.06 0.97
Polynomial (n = 2) 6.11 0.12 0.94
3) 5.81 0.20 0.89

Polynomial (n

TEMP KNN (k = 3) 4.28 0.57 0.66
KNN (k = 5) 4.41 0.54 0.68

KNN (k = 7) 4.44 0.54 0.68

AE 4.44 0.54 0.68

» Linear Imputed o Raw data (missing data) o Raw data

30
' . »
s ey 4 e e b . by 3
d ¥ Eohh 4 oa
o ;“\.‘ Y NI E T IR L | & Gyt
Bep Fegtl, ":z‘ .“!'-.!:.3!.'-'- '..5.’. 'e,{‘.'g
CHERYYRTTY
2008 2010 20:2 2014 2016 20:5 2020 2022 2024
Dat
(a) Linear
» . Polynom\al\mputed o Raw data (missing data) o Raw data
| oted g FAMAEAS hhighy 4
anl gy iipestar A i R B b A G S
SR lf::.,.,uc f’.l;},',v‘?( :é.;:‘o'
10 ‘ g‘ "':',':d{{ llt):‘ ;0 .o .i.j"{ 1 " ::;:’.
SERRE AR B I A O I v 18
0 ¥

2008 2010 2012 2014 2016 2018 2020 2022 2024
Date

(b) Polynomial

»  KNN Imputed o Raw data (missing data) o Raw data

30 . . .| . * ¢ 1 o . N »
259 ﬁ . [ 4 : Y 3
oo AaBAEER AR ‘Ug‘:.?' 15
B ft;'f'."',-’s"'i“,;fu:?s.'-% U
101 J‘;o‘-,l":’: ".-..}" ;;!' HER
CIVEYTN Yy FLE T Yy
2008 2010 2012 2014 DatZeOlG 2018 2020 2022 2024
(c) KNN
) . AEimputed o Rawdats (missngdata) e Rewdata
z:, ? o : . " T o : . H v *
20+ ‘btt"b"‘\'é.‘;"?‘.‘ﬁb'vﬁ
o "I 40 2 o a$ &4 .i 15 i M I _l‘ v 4 ;’ v 2
S 3.':‘;"-.;;“5:.-._'1 f‘.::?;m;egg :.l'“!:’,;
Yy TS N
Srsf:‘;;?i .Y.é‘ § s
2008 2010 2012 2014 Datzeﬂlﬁ 2018 2020 2022 2024
(d) AE
Fig. 6. Imputation performance for Case 4.
Case 4°] A9 KNNO| Aeo] 71 433 HAe=
e o, k7t 321 7492 RMSE, NSE 9 RSRe| Z+zt
4.28, 0.57 2 0.66°02 7P 45t A5 HYct (Table

5). AE= KNNET} tha Yo} GARsE 420 52 Hoj

8.00

676

6.00
5.00

14
o 40
¢ 30
200 169
097 ose
100 gz gae 0% 099 H 084 063 88, 688
o L N
% f % G A B G A
W % % Y T T % Y T %
£ 4\\.5‘ J ﬁd‘ %5 i\-?
/(/)\\ 7 fﬂ v ‘2‘\ v /”]‘ 4
2 g ) 3
Case 1 Case 2 Case 3 Case 4

Fig. 7. Comparison of imputation methods by Case.

RMSE, NSE %@ RSR7} 4.44, 0.54 2 0.68%2 EA 53t
YA Lineare= Atid o2 e 55 B9 9™ Polynomial]
A QA 4F Aol TRt Y Hito] HAdst= 5
Sfo] Yeph FA1E A= WHgstr] Fobe Aoz 74
= (Fig. 6).

Z} Case'd A= B 23 9] RSR k2 Fg. 79 H|wstsict.
RSR a0l 0] 7171848 mqe] gt ko] 94510
ASUES & HSIR-S 9nlohH 2o % 1601 Astedas
grol AAAA =t Linearet Polynomial 712 71 A%5°]
S A9 e Eqpelelct, 24 25, ool 22
=9 1k3st Case 194+ Linear 2 &o] 7 <5 Bt
J5 2 Hole Alog UeyT A7 255 WY Case
204= KNN (k=3)3} AE€] RSRe] 742+ 0.64 9 0.632.2
orst Qo Won HE Yol AZL 13t Case
394+ Linear$t Polynomiale] Aoz £2 452
Uebich, -20] A5akAL sHAsHs 709 Case 4oAE
KNN (k=3)¢] RSR 0.662 7} 953+ A5& Hglow,
ABS] RSRO] 0685 5 WA 40 A o), 25
FRAERE BYF 2yo] AFo] tefehA UehdS €}l Shelth

i,
Nr

>

o|

=45kt (Flg 8) R
19] A Linear 20| 7} 4=t

gA= el S 3 A % 7] A5
tloele] 555 v XPQiES

r

Hﬂ

ofl N =
N
il
M
= 0
8 ot
® e o

L o Uy
o,
ol

st 4= it (Fig 8(a)). Polynomial
ARG 50 A5e HYon, B 7oA E Linear

Hofl A7}t oha Aohe= S B3t (Fig 8(a)). ¥HA
KNN 2 AE 338 283 29 2% Ageld A
EAY @2 gor B T AYYer Fe Hee s
Holx= A& "]71'7‘4 o= 9}012 4 Aot (Fig. 8@). 714 <1
il < mAled 23l AET 7MY
Te Helow, KNNO] T AR 53 A5
, Linear2} Polynomlal-J Ao Airog Tro
“Q%{E} Linear -2 2

doto] Hitshs duejEe] E44 47 2
o2 dAdste] AAAQ] FAE §rYstA] XS

4NN o md
S o 3@ >
tlo Jo KU ki o o T

033 H:l

r_>,: l'm F{E

Journal of Wetlands Research, Vol. 27, No. 4, 2025



7l At (Fig 8(b)). Polynomial®] 3¢ F71=
A = AR B ASEa & F9 Afo
Bk vk maley 7] m3el KNN 2 AE:= 4]
_ir_
<!
o

$
o uu

2

2 Z urdstict (Fig. 8(b)). Case 39| %

-{o|( iy
1o lo

A4 A AZ=gko| d8)l Linear?} PolynomialS &
Elo} AFS Aig oz F sl o, KNNZH AEQ]
A% zatA AAY Ze ghoz Hilsle AL 8918t 4

=2 T
Qi (Fig. 8(c)). Case 4= AHoR 7|7 HF 52
74l A=Zfel sl Linear2}t Polynomial-2 AZA291 #Hs}
FAZ wgska Eshgovl, KNN# AES @A)
FAHASE FAE Htgste] M o2 BS %t AS
gl 4= Ut} (Fig. 8(d).

3.3 EZUIH0| T2 S4 U ¥F A7

= ATl E Hl 7HA 7P B5e ZAN A= Hish

= Linear imputed
4 Polynomial imputed

KNN imputed
% AE imputed

AHE vastgen, A5 f3ol et R Bt 450l
|=2=14
=

E4& B9} Polynomial™= =]
Aol A AstdE ST & Ak

HAl#Y 79 231 KNN# AEE ©7] AZof tisiAle
Linear ¥ Polynomial X3l H|s} @352 4d50] Aot=] 3ot
7] BSol HoliMe g 43 B A5S Bt
KNN 2 AE+= ©<es] 250 AE =rhs o]8sto]
F-8Y5t= Zlo] ofuztf, 7 SAH o

[o2
O

=
fijo

ugg = Ko hE 42
PR 2o EFHo, ol mYPe] Exo] BTkl
Azt Ao 940 Hee fAT 4 A she
& gelo] B 4 9l Aow wetd

5 oo

® Raw data (missing data)
® Rawdata
. i
.
. o . 4
. M
. ..

2007-01 2007-02 2007-03 2007-04 2007-05 2007-06 2007-07 2007-08 2007-09 2007-10 2007-11 2007-12

Date

(a) Case 1

40

= Linear imputed KNN imputed Raw data (missing data)
4 Polynomial imputed AE imputed e Raw data
T
. A% taa
a A,

30

TEMP

L]
20

10

co% oy
® = 2

X, .
ISP

0
2016-07 2016-09 2016-11 2017-01 2017-03  2017-05

2017-07 2017-09 2017-11 2018-01 2018-03 2018-05
Date

(b) Case 2

= Linear imputed

KNN imputed

> Raw data (missing data)

4 Polynomial imputed AE imputed e Raw data
30
L)
we .o o .o - L
25 . - x A ]
T e . . -
. ess o e . N
20 enmne s - deo .
& . ' .
5 . x .o e
(= o * * e o o
5 - .
10 2 ®
.o
. o eee
5 . ces *
.
2009-05 2009-07 2009-09 2009-11 2010-01 2010-03 2010-05 2010-07 2010-09
Date
(C) Case 3
= Linear imputed KNN imputed © Raw data (missing data)
4 Polynomial imputed < AE imputed e Raw data
30 .
.o
e op .o
25 b, .
Tmy .
e o - A " m g - P . P
20 ° x "ea, LR
% . o T e, .
> “ ey . e
= *a “lee e e .
. ® P ok
10 X x x s & 3 2> o
: e -
5 o Aaaant
2009-07 2009-09 2009-11 2010-01 2010-03 2010-05 2010-07 2010-09 2010-11
Date

(d) Case 4

Fig. 8. Detailed visualization for missing data type.
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