F185F1H2024E1H

;/T‘ fﬁ — gi é j& Vol. 18, No.1 Jan. 2024

CHINESE JOURNAL OF ENVIROMENTAL ENGINEERING

@ http://www.cjee.ac.cn @ E-mail: cjee@rcees.ac.cn G (010) 62941074

DOI 10.12030/j.cjee.202308113  H&4325%5 TU991.22;TP181  SCHkbRIFES A

/NFEAHHE T 3T K-Means R IRIEL 52 > 1)
TR BE B2 T

FHAL F— MR, KA EF, BEMS, R E!, Yl
1 AEdb e R KR 5ok B TRE 2B, dbE 1022065 2. L B EIRER FP ALK 55 BB B A BRA R, LA 100085;
3T HKWOKERFRITEAA, )11 750004

W E ONT OGRS TN AR P MR R, 4R BT K-Means RIS LA > 19 PAC BB TNk, &
Se, MR K BRI 2 MREIESR A K-Means JRISIGK T4 R 3 28, FIHAEHEEN 3 2K BUEERE f B ZR4E A
Mik4E; HK, T Bagging B 2E >80, M H SZEEmEHL. BEHLEM . Adaboost, GBDT, Catboost, XGBoost
M LightGBM 3 7 Fiaf ] 28240 1) PAC $m 42 s USSR (KM-Bagging); e, DAMRJITTHEZA7KT 2021—2022 4
138 47 B0 M B T I6AIE . S5 20, KM-Bagging BRI X /NEEAS Y PAC #E8 HAA B m WG B, R? 4t 0.8,
MAPE /N 5%, R 6 4~ H 1 9 A~ H B B SR 0N PAC $ini, & A 500 WO i RS . RS B BRSNS L
TS5 5 AT g oK K T & Az 5228 B Y PAC BN REAR S 2% . R | 4EMY H M IEIR TN PAC Fisg, FOlRg B2
BES T B TR MY ZER, WK SEBR PAC SR HERTBhHE T o WIFFT 5 X /INEEAR SR T (0 TR EE 24 70 45 i 8 5 7
MEAZSZ M.

KHEIE  IRERZGET; AMVEEAREEE Bagging FERF 2] ; K-Means 2%

TREER KA BN ) 2 IR Z —, IRBELYRIBIIR A IR EEECR | $RTHEAOK R
B, SCPUHRBE LB B PR BN T2 K A3 20 A T A A K 2 e e BT
B,

1R GE BTRBELG TN B 22 R T BE AR IR 1 2 06 FED, HAT I Tl 5 A2 A T4 RS54
WP BRG0P AR, R N TR REBORIARE, il gk sh i bLas s TR 2 1
FTIREE LT, 5K P21 2 Stacking 5 BHFFRHERRESBOME T vk, IHRIAK 2817
3ARRY 15x10° R BAR A T IE . LIN 855 R a] PSR A A 5l ESIA T FITERMES, XK 11 4R
6x 10" ZKHGEA 27 > Ml . XIERAF S DU i BP #h A AR EER N2 s i ik, I LA
ARHIXBELG7K T 31x10% ZBHEHA T HBFIIIE . LA RIFFE R S B TR T e 91 R 78 AR A Bl 1 T e
(. SR, TRRAE DT AL B B M R B B RR, 1 220K) ISERRiaf Tal B U Se e rh AR B4
P AEAMELL AL 7 TR I 2R, X SIS BB RS BRI, Toe b T 208
o [FIF, TREELGFRIBN RS2 E AR BT AR R, ARG AN Z e e BE IS 7R A B 4
R, XHEBER B R AR AR AT BBt -t M R SRAAUK AT B 2 S EOK AR I, ik
BRI FL 9, REENE R 2SI . XERRDK BRI T 2 S Wi B T2
B A BRI, SR A RO DR S e h o JEAN R K B RS

SR I R REA T SR S IR B T Y7 > 4%, TEd i/ IMEAS TN Rz AL RE 1 Tl RE5 TR BAT R4
AR K-Means SERJE—MOCIE 750k, RRAEARIEHE 2 R ERe R R o3 A 2500 R, Sy
TR/ IR TR 2GR A B IE , AOTFEHH—Fh K-Means JRISAE SN~ HRBE 2y i Tl

WisBE: 2023-08-29; EAHHE: 2023-12-14
E2E&TH: EBRAKBEILS BT H (52030003)
F—1EE: T A (1999—) , W, @KL, sjwang2020@163.com; RIEE/EH: M % (1980—), H, i+, #H iz,

xiaofeng@ncepu.edu.cn


mailto:sjwang2020@163.com
mailto:xiaofeng@ncepu.edu.cn

182 ok L B ¥ W 18 %

ke, WIEEAOK BEES TER03E, 45603885 R Ty 2Rl i e il Ze4E . A Bagging 7
AL PR I 280 PAC SR AR, -5 A H R R MR T X Fe oAl . RS 4 SR ] Sl VR
B T AR TREHE 2 s SRS
1 MR5EZE
1.1 HERE

AT IR BRI TN RLAK), KIE ST H B, B/ EERE R R AV oK) FK, K
J R SRR BT AN IR e P 2 Ak T2, SREE T 2021 4F 12 H—2022 4F 12 H B7K 5t H K EL
W, KT TSR SR 1 PR, R PAC #in& h 3 HAR, JFKEE . JFK pH(E . /K
ULV HKIREER] PAM MR 6 MR AN

R LE

|

ssok O8Ok T e B FEED
I T .
|

iR [ ok

JEOK ki
JFKpHIE

KR ¢ pACH I ¢ PAMER I K
T

1 TITERIEMBIERES

Fig. 1 Processes and data collection points

1.2 HUEMAIE

TR AR R A A RIR 22 RN N RS R RAE oL, PR AR A e v
FIGINE, T T AP DU 5 Sk sty . b EE B ER AR A 1) SR 3o NN SRR AT S
S 2) STEIEEYE, PSR RBERGS 3 HEPRAEEEITRMC; 3) R KR/ MEIT—1k
ROV XA I T — LA, JHBRENRRE . 2SRRI 1095 4.
1.3 TSR

PAC B AR e R S TR B R ST Y, BRI A 2= > 2
R, BARmAREME 2 s

V) BARERN3o A TARRAEYIZRN Beehs 48 0 A 2y i, XA s i Eds Seik K s gy
XK, M THEAL >, K-Means RISE R F T IOhR B8R /0 R o B 22 580k, Refg il AWk
UL RIS, (1S R/, B2 K 2. BAARTRRCRS . nIfipetam . nifs ek
FOMEERES . B4, R K-Means RISHEFIK M 57K 2 ANMRFEXT KB 02E, 28 B0 Rk
M R s HR, SRS Z T R 80%:20% 1 LM AL B (BRI - A SREEFNINALE , Hak
TrE RIS SR BB Th At 80% AUMIIZREE, Har 20% Hnite. 7o/ MEASHET, ML TREH
LIS s 1o W wrd Y i W =it = A SO RN D =0 D e N [ K E i ) 3 G 3 A ' s U i B S
HIREASHRAS B2 I 808

2) SERE>] o SRR R R A I R A AR B R A S AR s, W LR AR 2T AT
PL43-h Bagging. Boosting A1 Stacking!™, v, Bagging 777k JEFUEFH A BhAE L Bcs T5dE 1
R, TEATHELINGE SR, B2 2B B B A S5 R . Bagging 7k REIE SEIAS 2% )
AT RS, AR R 2ZEY . 2 SR R AR i ST ORI B N 3R, BERRMERA
e HL2E S R 2 ) A A B A A B I FAs R

K A B A AR AT 0 bl YR B 7 AN B8 748 o S RE I 5 AL (Super Vector Machine,
SVM). Ffi#LZEM (Random Forest, RF), Adaboost, GBDT. Catboost. XGBoost 1 Light GBM 3t 7 Ffiz£>]
AT . SVM TEff TR /INEEAS | AR 2 M RN e A R ) ) B b AT A RICR Y. RF, Adaboost
GBDT 45 HAM 6 i 8RB SR sl ST s, W (BRI S Ak, RIS Pt B R4
FIALERRE IR B 7 A 2 2R BENEEIENE ) KM-Bagging BRI PAC #E R 2 iz R



%1 FAASS . EARBEE T 3T K-Means SRS FIEE 27 > BOTREES 245 Tl 183

il |
[ JEAKMEE | JEOKpHAA . K. iaE . KR I

AT
TR : PAME IR . PACEI&E I
|
I [ HEAR ] [ 109541 I
\ - - - - - __ ____ )
) ce T T T T T T [
R isk B 1) RS 2) BRAEHAD ) A1k |
SIS IZIZIZIZIZZZZZcz
F | Wik E Ko 1 09541 :
L KeMemsEX JL wuE. ki |
:| 1 [ 1 | m | kmsx |
B s b |
Lo oo Jw] [l m] e |
: . ~ J A J I
| INZRHE8TO4 (80% )  MIXAE2194 (20% ) Jl
| iggesrent |
|
s TAEL [TR2| | 3| | P44 [T | | T2Ee| | 47| ooy I
g | ] [P [P (7] 7S] [ [ |
s E ek ipized :
i BaggingfE I |
____________________________ )
MR e | | wormimermse | [ ovssisemare ||

- — Y -

El2 REMERIE

Fig. 2 Process of model construction
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Table 1 The range of changes in each variable after preprocessing
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Fig. 3 Normalized distribution of variables
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Table 3 Comparison of the prediction results of PAC dosage
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Fig. 5 Comparison of PAC dosage prediction results with different dataset partitioning methods
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Research on coagulation dosing prediction based on K-Means clustering and
ensemble learning under small sample data
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Abstract A PAC dosage prediction method was proposed to address small sample size issues in coagulant
dosage prediction. The method was based on K-Means clustering and ensemble learning. Firstly, Water quality
was divided into three categories using K-Means clustering based on raw water turbidity and water temperature.
The training and test sets were then extracted from the data using stratified sampling. Secondly, a PAC dosage
ensemble prediction model (KM-Bagging) was constructed based on the Bagging ensemble learning algorithm.
The model consisted of seven learners: Support Vector Machine, Random Forest, Adaboost, Gradient Boosting
Decision Tree, Catboost, XGBoost, and LightGBM. The method was validated using operational data from a
water supply plant in Yinchuan City from 2021 to 2022. The results showed that the KM-Bagging model had
high prediction accuracy for small sample sizes, with an R* exceeding 0.8 and MAPE less than 5%. When 6- and
9-month daily monitoring data were used to predict PAC dosing, the model was suitable for cases where
monitoring time was short and high accuracy was not required. The predicted results can be used as a reference
for adjusting the PAC dosage when there was a sudden change in raw water quality. When one year of daily
monitoring data was used to predict PAC dosing, the prediction accuracy met the requirements for engineering
applications and provided auxiliary guidance for actual PAC dosage in water treatment plants. The results of
study can provide reference value for modeling coagulant dosage prediction with small sample data.

Keywords  coagulation dosage prediction; small sample data; Bagging ensemble learning; K-Means
clustering
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