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Fig. 4 Flowchart of extremely randomize trees algorithm
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Table 1 The sample characteristics table of multi-component
mixed solution dataset of COD, BODs and TOC
H4 COD/ B()D;i TOC/
(mge+L 1) (mg+ L1 (mg+L 1)
/M 0.3 0 0.1
1 43 7 B 3.95 2.78 1.58
b DY 4315 % 14 6.8 5.6
R 20 9.7 8
S 4% 9.57 1. 93 3.83
o VEE Al 22 5.81 2.57 2.32
*&2 NO;-N, #E ESHANBRERE

HEEHRAR #% 'TE’E *
Table 2 The sample characteristics table of multi-component mixed

solution dataset of NO;-N, turbidity and colority

B e <mf.%f b, ww
B/ME 7 0. 7
iR asd 9 L. 9
b g 14 ! 13
RRME 15 5 15

S $4%0 11.43 2.7 10. 76

R AE i 22 2.74 1.52 2.43

[S1EN7]

200 samples

N
X
=

>
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0 T T T T T 1
0 200 400 600 800 1000 1200
Wavelength/nm
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Fig. 6 Transmission spectra of multi-component mixed solutions
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L L2 WEERS AN ANB T R 5 R
B R 2 R TR R R BE A R
B, sigmoid BB, SRR L3k 5 JAEHR IERT Bk
1 4% R %L, 7E COD, BOD; Hil TOC £ 4140184 B & 1
HEAT SIS B S5 P P e RBUE . )5 TERT 55k
P R AL, S AR AN 3 iR, Hivh R (ave) F7R COD,
BOD; #il TOC #-F-¥ e 5L,

®3 IERTHERREZBAB LIS
Table 3 Experimental results of IERT algorlthm

using different kernel functions

AR linear  polynomial rbf cosine sigmoid
R?(COD)  0.970 9 0.973 4 0.9516 0.944 6 0.969 0
R?(BODs;) 0.372 3 0.3835 0.3280 0.413 2 0.408 6
RZ2(TOC) 0.970 5 0.974 8 0.9584 0.9484 0.968 6

RZ (ave) 0.771 2 0.777 2 0.746 0 0.768 7 0.782 1

3 3 %, %F COD, BOD; fil TOC ix 3 Fif8#5.
B IE 0 R B R AR F] . B sigmoid A% bR B T B U E R
K, Bk sigmoid pREUIE N TERT 53k i A% sRi 4, T
[ Fif 2 COD. BOD; 1 TOC ix 3 FhiskrryF K .
2.3.2 HMABHGRIRE

R T sigmoid pREME S TERT 583k 19 4% R 4L
sigmoid PRI A= 6 iR,

k(x,y) = tanh(ax'y + ¢) (6)
E¢aﬁﬁﬂ%ﬁﬁm&ﬁywﬁma:mwof* ¢ H—
AEEC, R T A0 3 A 0B n, SE G B B T R 4 W
AEn A2 10, Z8c R0 B 10 PATHE, BERAGEMN
MRS H, 4R sigmoid B o B BE I B IR AT B0 R n (1
ST E REL

H 3% 4 AT A, 24 sigmoid A% bR 40 TE 32 5 40 SE L 5 A 8
B, B PR AR I P R R, M B 0 PR 5 B,

S E R B R, Rk B sigmoid % BR B 32 R B n
N5,

2 5 2 sigmoid B A FE BT E n h 5 B TERFE S8 ¢
THTRERE.

B2 5 AT, Y sigmoid B REAE ER A E n H 5. S8
¢l 6B, SEHE RBOR K, FL IERT 553k #£ 0L sigmoid
BREU E T E n J3 5. S8 c A 6.

2.3.3 MK R P 6 A Sk B

e s BE AL TR B 1 B0 R ms 3% 6 O TERT S5 34 AN [H]
m N R SRR,

HI 3% 6 AT, A9 50 m B 320 B, ¥ HeE R B
K Ptk TERT 58 32 35 UK o A ALY b B 19 4~ 280 m o 320,
2.4 SIGHER
2.4.1 COD, BOD; ## TOC £ A5 Rb Kk Eh &R

3% H COD ., BOD; #il TOC £ 4 43 18 A % W 809 48 i 17
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R4 sigmoid ZEHERBMEM T A n BB ER
Table 4 The experimental results of the sigmoid kernel function when the number of principal components is selected as n
n 2 3 4 5 6 7 8 9 10

R?(COD) 0.998 4 0.999 1 0.999 1 0.999 3 0.998 9 0.998 9 0.999 3 0.999 2 0.998 9

R?(BODs) 0.970 1 0.984 1 0.985 1 0.990 3 0.982 8 0.9851 0.985 2 0.970 1 0.970 9

RZ2(TOC) 0.998 6 0.999 1 0.998 9 0.999 2 0.998 9 0.999 2 0.999 3 0.999 0 0.999 1

R? (ave) 0.989 0 0.994 1 0.994 4 0. 996 3 0.993 5 0.994 4 0.994 6 0.989 4 0.989 6

x5 sigmoid HEHERRASH c THEBER
Table S Experimental results of sigmoid kernel function under different parameters ¢

¢ 0 1 2 3 4 5 6 7 8 9 10
R?(COD) 0.999 2 0.999 3 0.999 1 0.999 0 0.999 3 0.999 4 0.999 3 0.999 3 0.999 4 0.999 3 0.999 3
R?(BODs) 0.988 2 0.988 4 0.987 1 0.989 7 0.990 3 0.988 7 0.991 4 0.988 8 0.988 2 0.989 9 0.988 8
RZ2(TOC) 0.999 3 0.999 3 0.998 9 0.999 2 0.999 3 0.999 3 0.999 3 0.999 2 0.999 3 0.999 3 0.999 1
R? (ave) 0.995 6 0.995 7 0.995 0 0.996 0 0.996 3 0.995 8 0.996 7 0.995 8 0.995 6 0.996 2 0.995 7

®6 IERTHEEAESH m THLRER
Table 6 Experimental results of IERT algorithm under different parameters m

m 20 50 80 120 150 180 220 250 280 320 350
R?(COD) 0.998 6 0.999 2 0.999 2 0.999 6 0.999 2 0.999 4 0.999 4 0.999 3 0.999 5 0.999 3 0.999 5
R?(BOD:s) 0.980 1 0.984 8 0.989 3 0.987 3 0.986 9 0. 988 8 0. 985 8 0.989 8 0.988 0 0.991 4 0. 990 8
R?(TOC) 0.999 1 0.998 9 0.999 1 0.999 1 0.999 3 0.999 3 0.999 5 0.999 2 .999 3 0.999 3 0.999 3
R?(ave) 0.992 6 0.994 3 0.995 9 0.995 3 0.995 1 0.995 8 0.994 9 0.996 1 0.995 6 0.996 7 0.996 5

m 380 420 450 480 520 550 580 620 650 680 720
R?(COD) 0.999 1 0.999 3 0.999 4 0.999 4 0.999 3 0.999 3 0.999 4 0.999 3 0.999 2 0.999 2 0.999 3
R?(BODs) 0.988 0 0.990 1 0.990 4 0.990 0 0.987 8 0.988 6 0.987 7 0.990 0 990 2 0.989 3 0.989 3
R?(TOO) 0.999 3 0.999 2 0.999 3 0.999 2 0.999 2 0.999 1 0.999 0 0.999 2 0.999 3 0.999 3 0.999 3
R?(ave) 0.995 5 0.996 2 0.996 4 0.996 2 0.995 4 0.995 7 0.995 4 0.996 2 0.996 2 0.995 9 0.996 0

Sy, IERT S35 A% e 80y sigmoid e %L, % n 45,
S8 c Ry 6, m Ry 320, BT ML MY LI AR, WA=
P2l 4 ) BLS A 5 TERT 8503 T000 (8 % e A0 TER'T 55 3% A A
SRz, R 7 A LUE d . fE RS T TERT 595 AT o 4 1
EZ MR A BB B COD, BOD; #1 TOC 9% & . X T
IR A 40 AFEA, Hoh 38 A COD M A X iR 2216 2%
DL . 37 ABEAR TOC R IR 25 18 226 DL, e RS #E
7% 38 AFEA BOD; MAHAT IR 2E7E 100 LN .

F 74 IERT 515 4 Fhoxt R B E RS B R
W,

B 7ALFL, T COD, BOD; fl TOC x = Fhig

COD Test Set Result

00{@, , oo
b 4 Ture Value
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>
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25, [ TERT Bk REY R T 4 Fhb 8%, BJ5
MIRZER/NT 4 P E L,
2.4.2 NO;-N, ®E ., CE S A5 REERFRER

FEHC NO;-N, Bz 65 2 240 50 W A0 R & i 17 58
I5 . F TR R DR ot A AN AE B S0 E S S A X L
Bl HAH 5 LR L B B R S 8O0 1. 3 8 AT
PLE . W F NOs-N, MU, X = #4845, IERT H ikl
R[] B T G 0 WP i = A e AR . TR At 4 R L Bk
ZHITIRA W P X — IR AR R SCR B B 2%

BOD Test Set Result

ERT b
E . ;’urevalue ( ) 1 : ' ?
= v
L
] W V¢ T .
S 6 K 2K ® v
E . ° >
£ t i *
B4i 7 é
=
3 |4t e . |
=38 . 2
S 2 | v
2] U .
0] o
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TOC Test Set Result COD Test Set Result
8 (©) o ® IERT 2 ® COD Reletive Error ’
—~ ® Ture Vﬁlue 'Y 0.06 d °
o7 L, o : @
g 61y 0
e 0.04
< °
£ 4 . . gy 20.02 ’
S 3 L ] % Te Q 00 °
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Fig. 7 Test set experimental results of IERT algorithm for COD, BOD;s , TOC multi-component mixed solutions

(a); Comparison of the true value and the prediction value of COD;

(b): Comparison of the true value and the prediction value of BODs ;

(¢): Comparison of the true value and the prediction value of TOC;

(d): Relative error of COD prediction value; (e): Relative error of BOD; prediction value;

(D) : Relative error of TOC prediction value
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Table 7 Comparison of evaluation parameters between IERT Table 8 Comparison of evaluation parameters between IERT
algorithm and 4 prediction algorithms for COD, algorithm and 4 prediction algorithms for NO;-N,
BOD; . TOC multi-component mixed solutions turbidity. colority multi-component mixed solutions
WNARIE  8AR PLS  SVR DT ERT  IERT WPRIME  RAR PLS  SVR DT ERT  IERT
COD 0.9185 0.907 3 0.968 2 0.998 6 0.999 3 NO;-N 0.244 7 0.528 4 0.9130 0.9380 0.983 4
R? BODs 0.057 7 0.126 8 0.358 2 0.9008 0.991 4 R? WA 0.0050 0.1636 0.448 0 0.731 7 0.868 4
TOC 0.9189 0.9352 0.9651 0.9981 0.999 3 @)E  0.6220 0.6716 0.9335 0.9610 0.981 0
COD 2.8668 3.2624 1.118 3 0.046 6 0.024 4 NO;-N 4.571 4 2.8546 0.5263 0.3750 0.1005
RMSE BODs 6.3161 5.8528 4.3018 0.6648 0.057 7 RMSE ME  2.466 9 2.073 4 1.368 4 0.6652 0.326 4
TOC 0.453 8 0.3622 0.1950 0.010 6 0.000 4 @A 2.3926 2.0790 0.4211 0.246 6 0.120 2
2.4.3 FkAeE EHAR %9 IERT &5 4 #F N E & i+ E |t bk

LI R COD, BODs #l TOC £ 414018 4 VA I BUIR4E 1
FNO;-N, phEE | 6 B 22 414018 AV OB IS 48 2 76 [/ — B 4
P B A TSP b R 5 BRI T O T A e AT H AR . S
IR ML R BCE T, A B8 SR IntelCorei?,
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Table 9 Comparison of calculation time between IERT
algorithm and 4 prediction algorithms
Bk PLS SVR DT ERT IERT
WAKIEE 1V HFENE/s 3.1 3.2 3.5 3.8 4.3
RABIEE 21 HFm /s 3 3.1 3.1 3.6 4.1
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Abstract Water is a finite resource, essential for agriculture, industry and even human existence. A good water environment is
an important guarantee for sustainable development. The scientific monitoring of water quality information is the basis for
optimal allocation and efficient use of water resources. The United Nations Environment Program (UNEP) and the World
Health Organization (WHQO) pointed out that national water quality monitoring networks in developing countries should be
strengthened, including improving analytical capabilities and data quality assurance. As an emerging water quality analysis
method, spectral method has the characteristics of “fast response, synchronization of multiple parameters, environmental
protection and pollution-free” compared with traditional chemical water quality monitoring methods. The traditional single-band,
multi-band linear model, relies on the absorption characteristics of water at specific bands, and it cannot be used for multi-
component mixed solutions and has poor universality. Therefore, this paper proposes a non-linear full-spectrum quantitative

analysis algorithm based on IERT. The concentration prediction model suitable for multi-component mixed solution is established
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to use full spectrum information to predict concentration information. We use the COD, BOD;, TOC multi-component mixed
solution and NO;-N, turbidity, chroma multi-component mixed solution configured in the laboratory as the experimental sample,
use the spectrometer to collect the spectral curve of the sample, and conduct the concentration prediction experiment through the
full spectrum data. The experimental results show that for COD, BOD;, TOC multi-component mixed solutions, the
determination coefficients (R*) of this algorithm for the three components are 0. 999 3, 0.991 4 and 0. 999 3. The root means
square error (RMSE) is 0.024 4, 0.057 7 and 0. 000 4. For the multi-component mixed solution of NO;-N, turbidity, and
colority, the coefficient of determination (R*) is 0.983 4, 0.868 4 and 0.981 0. The root means square error (RMSE) is
0.100 5, 0.326 4 and 0.120 2. By comparing the experimental results of this algorithm with partial least squares (PLS),
support vector regression (SVR), decision tree (DT), and extreme random tree (ERT) for the same set of data, the results
show that in the experiment of mixed solution, this algorithm is the best alternative to the coefficient of determination (R*) of
each component. The root means square error (RMSE) has been greatly reduced compared with other comparison algorithms.
This algorithm can use spectral information to analyze the multi-component mixed solution quantitatively. It can effectively
improve the concentration prediction accuracy and reduce the root-mean-square error of the quantitative analysis in the case of
equivalent calculation time. Moreover, this algorithm can provide a theoretical basis for spectral methods on water quality

monitoring.

Keywords Spectroscopic water quality monitoring; Ultraviolet visible spectroscopy technology; Spectral quantitative analysis;

Multi-component mixed solution; Extreme random trees
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