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A Study on Forecasting Model Development of Water Quality
Concentration for Watershed Management Using Deep Neural Network

- Focusing on the water treatment power plant -

Sang Min Lee

Department of Ecological Engineering, Graduate School,

Pukyong National University

Abstract

This study developed the ‘deep neural network(DNN)" model combined
with several non-linear functions part of neural network algorithm to
predict BOD in inflow sewage the day that can overcome the limitations of
water treatment power plant(WTPP) applied in the past mechanistic and
statistical methods and the complex inflow characteristics behavior. To
estimate DNN model, this study developed multi linear regression(MLR)
model using stepwise method and principal component analysis(PCA) each.
And using derived variable as a days ago and two days ago water
charactersitic. It has related because of continuity of sewage. In result,
DNN model used derived varible has the highest predictive power. Also,
DNN and MLR model’s prediction are increased when used derived
variable. Through this sutdy, derived variable as past water characterisitc
are verified to forecast BOD and make a basis to use DNN model in

WTPP.
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Fig. 2. Structure of ANN
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COD, SS, TN, TP, fF%(Q), W& (E.colD¥ 7174 dlelEl 71(T), %
TEP)S TF MY FdA grsiglr. gRE dHolHe HAAY
(Preprocessing) & o= 2d 7S 93t g2 AR H At}

3. dlole HA g
M7 dlolE dEjel wel dSF=Ho] A gekzit) qkek FH foly
A(Training dataset) W Hlo]g B3x9o] B9, o]4X(Outlier) o]
O A A7 ZASHA "ok = 1xd e dHiolHE 34 B
of A} Al Bt A7t EAE & A3 thE 34 (Multicollinearity)

TAZE 2D 5 do veeAddold, AWy 3 duAdol A B4

o] fFAFke] dlolE A Al EAF @ I AAS F4 el AR TA
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A)(Principal component analysis: PCA)
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4, A BA(Correlation analysis)

E A= 20159 1€ 195E 202049 99 3047149 B Al 37) &5
tf

A A4S o2 F 2100702 €= BOD, COD, SS, TN, TP, %,
A, A5 7] golHE ntg oz Ay BAS Adstgh Ad BA

o7+ SEAEAEY W b yojs AAAS(Pearson  correlation

coefficient)& AF&359tt.  Ioj& AT, F o] EEA
(Covariance)S Z}7Fe] Tw+¥xle] Fo® i ztoes + 13 -1 Alol9

g% 23 &9 FRBAE A 00 MRS F WS 1 ARAA L

EASA etz Bad £ 9lvkd] 3.0).

cov(X,Y)

0x0y

Poy = (3.1)

o714, cov(X, Y) : Covariance of X and Y
ox . Standard deviation of X

oy . Standard deviation of Y
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f(w) Initial weight / Gradient
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! Global minimum cost : f_,(w)

L

W

Fig. 8. Gradient descent to find optimal weight

(3°%

®] 714, wir1 : new weight
w; - before weight
i:ith value, 1 =1, 2, 3, -, n
f() : error function

a . learning rate
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X = o Twin (3.3)

Lmax ~ Lmin

o] 714, X : normalization value
x . measured value
Xmax . Maximum value in measured values

Xmin - mMinimum value in measured values

DNN R do] sh52 HbE 8140 uj x| Alo]=(Batch size) Z4do] I g

shth W% S50k Hom ol 93] ol FolAA @ vpa Aol W

AR, W R 04 HA o] Uskgel s BFe sro] ALt
HAF FAZ BYE 5 gk wlA Apol=, DNN =l HEXE @

A2 ougth ©, MR WA Alol= Fr)e] AHe glonE AMg
Z}e] Aot oy 29 Apgks vluske] AA s o(Fig. 9).
Batch Size

I

------ | Training Dataset

Fig. 9. Training dataset with Batch size
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(2 3.4). =3, mde AgES AAsr] A8 A" AFAST

(3.4)

(3.5)

o] 714, n : the number of values

1 - ith value, 1 =1, 2, 3, -
yi - measured value
y; . average of measured values

y; . output value by predicted model
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1% A BODS ©o]& A BOD 343

S

Dataset information in A WTPP

Table 1.

Q E.coli
COD SS TN TP
(E03)  (E04)

BOD

8.43 1.18 4.64 12.35

4.00

130.66 34.76

142.46  80.52

mean

29.02 1444 3256 6.90 1.21 1.39 7.03 16.82 8.68

std

66.00 11.24 1.24 5.08 1.30 0.00 -10.20

45.20

70.10

min

7.52 7.70 0.00 5.20

3.23

72.60 112.00 30.23

128.10

25%

8.28  9.20 0.00 13.40

3.81

78.60 120.00 33.55

136.40

50%

8.97 14.08 0.20 19.40

4.40

85.20 140.00 38.43

145.20

75%

309.60 217.70 400.00 78.18 14.75 14.46 96.00 264.10 28.30

max
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Table 2. Pearson correlation coefficient in A WTPP variables

BOD COD SS TN TP Q E.coli p T

BOD 1.00 0.79 0.64 0.55 0.57 0.02 0.37 -0.06 -0.20
COD 0.79 1.00 0.63 0.60 0.64 -0.02 0.30 -0.07 -0.12
SS 0.64 0.63 1.00 0.54 0.57 0.16 0.51 -0.03 -0.01
TN 0.55 0.60 0.54 1.00 0.67 -0.01 0.27 -0.07 -0.08
TP 0.57 0.64 0.57 0.67 1.00 -0.05 0.30 -0.06 -0.06
Q 0.02 -0.02 0.16 -0.01 -0.05 1.00 0.19 0.29 0.49
E.coli 0.37 0.30 0.51 0.27 0.30 0.19 1.00 -0.01 -0.00
p -0.06 -0.07 -0.03 -0.07 -0.06 0.29 -0.01 1.00 0.16
T -0.20 -0.12 -0.01 -0.08 -0.06 0.49 -0.00 0.16 1.00
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= Table 49} #t}h B 3t 29 BOD WMs2 Fig. 129 &t} 20154
HH 2016¥97F4] 150~250ppml. 2 3= S Holtl 1 o5& AHA
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Table 4. Dataset information in B WTPP

Q E.coli
BOD COD SS TN TP P T
(E04) (E04)

mean 168.62  82.10 @ 98.44 36.05 3.47 8.51 7.63 4.60 12.35

std 39.85 13.96 2564 5.63 0.69 123 2.62 16.77 8.68

min 53.40 4190  34.00 15.68 1.46 521 0.76 0.00 -10.20

25% 141.05 7290 84.00 32.77 '3.06  7.60 6.10 0.00 5.20

50% 162.40 80.60 94.00 36.05 3.46 849 7.30 0.00  13.40

75% 195.33  90.10 109.25 38.88 3.84 9.26 8.90 0.20  19.40

max 315.60 182.00 346.70 71.41 9.74 12.89 23.51 264.10 28.30
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Table 5. Pearson correlation coefficient in B WTPP variables

BOD COD SS TN TP Q E.coli p T
BOD 1.00 0.82 0.21 0.27 0.50 -0.61 -0.23 -0.05 -0.08
COD 0.82 1.00 0.37 0.41 0.56 -047 -0.19 -0.02 -0.09
SS 0.21 0.37 1.00 0.26 0.44 -0.07 0.03 0.10 -0.04
TN 0.27 0.41 0.26 1.00 0.50  -0.17 0.02 -0.04 -0.08
TP 0.50 0.56 0.44 0.53 1.00  -0.44 -0.08 -0.02 -0.12
Q -0.61 -0.47 -0.07 -0.17 -0.44 1.00 0.21 0.28 0.33
E.coli -0.23 -0.19 0.03 W O2F F-0.08 0.21 1.00 0.02 0.33
P -0.05 -0.02 0.10 -0.04 -0.02 0.28 0.02 1.00 0.16
T -0.08 -0.09 -0.04 -0.08 =0.12 0.33 0.33 0.16 1.00

30-

300-

H0-

BOD

150-

100-

500

5

Day

1500

Fig. 14. Daily SS in B WTPP
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Table 7. Dataset information in C WTPP

Q E.coli
BOD COD SS TN TP P T
(E04) (E04)

mean 113.34  75.18 147.75 33.31  3.36 7.57 17.45 4.60 12.33

std 28.80  15.06  33.97 5.20 0.64 1.40 2.90 16.77 8.68
min 50.10 = 34.00 43.00 0.70 043 51.01 7.00 0.00 -10.20
25% 90.00  65.20 133.00 30.45 3.00 6.61 16.00 0.00 5.20
50% 113.60  73.60 151.00 32.89 3.25 7.19 17.60 0.00  13.40
75% 13650  83.00 159.30 3549 @ 3.68 8.17 19.20 0.20  19.30

max 188.50 196.80 370.00 5853 7.41 13.63 31.00 264.10 28.30
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Table 8. Pearson correlation coefficient in C WTPP variables

BOD COD SS TN TP Q E.coli P T
BOD 1.00 0.36 0.30 0.31 0.19 -0.45 0.14 -0.14 -0.14
COD 0.36 1.00 0.41 0.55 048 -0.33 037 -0.16 -0.14
SS 0.30 0.41 1.00 0.60 0.48 -0.33 0.50 -0.14 0.01
TN 0.31 0.55 0.60 1.00 0.75  -0.37 054 -0.18 -0.24
TP 0.19 0.48 0.48 0.75 1.00 -0.24 0.55 -0.13 -0.11
Q -0.45 -0.33 -0.33 -0.37 -0.24 1.00 -0.34 0.43 0.39
E.coli 0.14 0.37 0.50 0.54 0.55 W -0°34 1.00 -0.21 -0.17
p -0.14 -0.16 -0.14 -0.18 -0.13 083" 4 -0s21 1.00 0.16
T -0.14 -0.14 0.01 -0.24 -0.11 0.39™, =0QFLZ 0.16 1.00
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ol gH5s 8, AAl AS Al AAYE =& HYsta 7FSHE AL
skl el s @A AddelthFig. 17). f+9 BOD 5= 1%
DNN 229 F+%Z Table 1022 YeRJ ST}

1

Fig. 17. (a) Before dropout (b) After dropout

Table 10. Structure and variables for DNN model in A. B, C WTPP to
predict daily BOD

Number of nodes

target .
variable Input variables Input Hidden Output
layer layer(I~V) layer
ithout
ot coD, SS, TN, TP,
derived BOD . 8 256 1
. Q, E.coli, P, T
variable
BODy-1, BOD;-3, COD,
with

A CODt-1, CODy-g, SS, SSi-1,
derived BOD 18 256 1
SSt—Zv TN7 TNt—ly TNt_ZY TP)

TPi-1, TPi-2, Q, E.coli, P, T

variable
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of
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Table 11. Dataset without derived variable in A WTPP

MLR model Input variables
Using Stepwise method COD, SS, TN, Q, E.coli, T
Using PCA PCs 1 ~ PCs 6

Table 12. Dataset with derived variable in A WTPP

MLR model Input variables

BOD;-;, BOD-2, COD, CODy-, ,COD-2, SS,
TN, TNi2, TPi-1, TPy, Q, E.coli, T

Using PCA PCs 1 ~ PCs 12

Using Stepwise method
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Table 13. Comparison models in A WTPP

Forecasting model e RMSE
Original prediction method 0.632 20.71
DNN without derived
) 0.762 13.63
variable
MLR without derived
) ) 0.712 15.60
variable(Stepwise method)
MLR without derived
] 0.700 15.68
variable(PCA)
DNN using derived
. 0.797 13.23
variable
MLR using derived
) ) 0.775 13.55
variable(Stepwise method)
MLR using derived
0.736 14.74

variable(PCA)
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Table 14. Dataset without derived variable in B WTPP

MLR model Input variables
Using Stepwise method COD, SS, TN, TP, Q, E.coli, P, T
Using PCA PCs 1 ~ PCs 6

Table 15. Dataset with derived variable in B WTPP

MLR model Input variables

BBOD-1, BOD;-2, COD, CODy-1, ,COD-2,
SSi-1, TN, TPy, Q, E.coli, P, T

Using Stepwise method

Using PCA PCs 1 ~ PCs 13

_5‘]_



T3 AFH 22k 1S Table 167 Fig. 192

Kol
=

R?9} RMSE

=
T

groll

DNN Eelo] 7pd Hojxt

The

i

el

A

0|
HH

o] 71& A EEY o5 WHEG

ol
=

zn
j}
Anch =

of

I

w I DNN Zelo] MLR &

4 Bk

AReE F7HEe el

I

il
ey
ﬁe

o]

(g

DNN EdHt) ¢F 8% 7/jAd ASS HS

14 @2 MLR 2Bt} o 15% 714

]

g %71

-

~Z 2~ d A~
TEHF

9] BODS COD7}f

=
=

Z 2} o]

d

=
T

s
o

@A dEEn 5o 4% FA Utk v, 1)

My e 7t

=0
B 2

uf PCAETF 6.4%

=] ©
SAE

)
A

[e)
oy e

A

al

EjAle] A5 &

_52_



Table 16 Comparison models in B WTPP

Forecasting model R® RMSE
Original prediction method 0.813 18.62
DNN without derived
) 0.822 18.29
variable
MLR without derived
) ) 0.744 21.04
variable(Stepwise method)
MLR without derived
) 0.784 19.13
variable(PCA)
DNN using derived variable 0.901 13.12
MLR using derived
] ! 0.890 13.58
variable(Stepwise method)
MLR using derived
0.826 17.11

variable(PCA)
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Table 17. Dataset without derived variable in C WTPP

MLR model Input variables
Using Stepwise method COD, SS, TN, TP, Q, E.coli, P
Using PCA PCs 1 ~ PCs 6

Table 18. Dataset with derived variable in C WTPP

MLR model Input variables
BOD¢-1, BOD-2, COD, CODy-;, COD¢-g, SS,
SSi-1, SSi—2, TN, TNy, TPy, Q, E.coli, T
Using PCA PCs 1 ~ PCs 11

Using Stepwise method
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Table 19. Comparison models in C WTPP

Forecasting model R? RMSE
Original prediction method 0.532 22.35
DNN without derived
] 0.522 20.22
variable
MLR without derived
) ) 0.160 28.05
variable(Stepwise method)
MLR without derived
) 0.301 24.73
variable(PCA)
DNN using derived
. 0.849 11.53
variable
MLR using derived
] d 0.832 11.98
variable(Stepwise method)
MLR using derived
0.817 12.51

variable(PCA)
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Table 20. BOD prediction in A WTPP while precipitating

Forecasting model R? RMSE

Original prediction method 0.654 21.03

DNN using derived

. 0.762 14.62
variable

|l.i| ..ulLl...LI,m, I

7 100103106109232 115718121124 127

l‘.

5 &

| ‘ | \
L.“ Hltl hlllulm |!;LMLILH,H\L“”\ |‘il.‘|,\
1 38,37 40 23,86 290562 55758 61 64 67 70 73 76 79 82 B

28 5

; InLIL»JL\h!J\L\nnt..J\i.‘.Jhi‘.\
1 4 7 101315 19 22 8 3

Ll

mBias DNN m Bias_Original

Fig. 21. Bias of predicted values in A WTPP while precipitating
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Table 21. BOD prediction in B WTPP while precipitating

Forecasting model R? RMSE

Original prediction method 0.812 19.81

DNN using derived
0.920 13.34

variable

120

100

Eh.]“l‘nnh it ‘.AI i MMJ{L\L MIIJ‘|W|U||M|,‘EHAIH|||\m\Ihﬂ“hjl‘.ilm‘lthlh
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Fig. 22. Bias of predicted values in B WTPP while precipitating
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Table 22. BOD prediction in C WTPP while precipitating

Forecasting model R? RMSE
Original prediction method 0.665 19.58
DNN using derived
. 0.832 12.64
variable
60
50
40
30
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Fig. 23. Bias of predicted values in C WTPP while precipitating
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Table 23. Outlier prediction in A WTPP

Forecasting model R® RMSE

Original prediction method 0.132 72.84

DNN using derived

. 0.482 38.69
variable
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Fig. 25. Bias of predicted outlier values in A WTPP
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Table 24. Outlier prediction in B WTPP

Forecasting model R® RMSE
Original prediction method 0.037 55.00
DNN using derived
. 0.534 22.81
variable
100 = =
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E,ﬁ s b
40 = A
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o ., — Fa
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-ag
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Fig. 26. Bias of predicted outlier values in B WTPP
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