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Abstract

With the advancement of urbanization and industrialization and the intensification of human activities,
river water environments have been increasingly threatened. Water quality pollution is characterized
by multiple sources, pronounced spatiotemporal heterogeneity, and complex driving mechanismes,
making water quality prediction a critical requirement for effective water environment manage-
ment. To analyze and predict the spatiotemporal distribution patterns of key surface water quality
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indicators, this study developed four machine learning models, including Random Forest (RF), Ex-
treme Gradient Boosting (XGBoost), Decision Tree (DT), and Adaptive Boosting (AdaBoost). The co-
efficient of determination (R2), root mean square error (RMSE), and mean absolute error (MAE) were
employed to evaluate model performance. The results indicate that the predictive performance of
the four models followed the order: RF > XGBoost > DT > AdaBoost. Among them, the RF model ex-
hibited the best performance, with Rz, RMSE, and MAE values of 0.985, 0.042, and 0.024, respectively,
demonstrating superior prediction accuracy, stability, and generalization ability. The RF model ef-
fectively captured the complex nonlinear relationships among water quality indicators. The find-
ings highlight the advantages of ensemble learning models in handling nonlinear processes and mit-
igating overfitting, suggesting that the RF model represents an optimal approach for spatial predic-
tion and assessment of river water quality, thereby providing robust support for dynamic water qual-
ity simulation and water environment management.
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1. 518

TR R R AR B RGPS5 R B IR R —[1]. WRASURIMIK,. KHE
MBS EBERISRUE IR, IRV SRR ISR L AES R e 4k R 77 H R 55 %
AR, S EARTRERBENAEE ARG RS AN ETILR[2]. ARifi, ELFPIER
JEAN N T B 5 BE (AN, 3 FEF e 5 ) FAT 9 RhRT i /K A4 i B S T e R SR B [3], TR
B4k I R L AE ARV AR LE A A I K AR BRI I ) B KBk 2 —[4]. SutEm, bR H
S PRI N L DRI T A AR A HEE L W S SRR DL S RN SR R 2, Pk
T K FRIE R 4% 5 K PR B A B R A M AR 52 1R [5]

MABRRERE, REHMBRRE R PR AE S, KEFSELN 14 12 kmé, EH P ARE
BRI BIR KRR E B, AN A b ERK YRR B 04 0.3% [6] [7]. Ak, AxBRKZIELE = (i A b
FEASE AT, AN [ [ SR X 2 ) 2 5 86 25 o K R G 0 Ry 21 2 N 2Rk S T I 10 58 R A BR 1M il
(8] [9]-

SN M I 2R 0 P R A v 2 R 7K A R R B A T RE[10] o SR, F T 7K i it B A 35 () JR 2
BNASVERN AR P AR REAE , T30 7K 5 FRAR A TR0 A7) T I e KPR [11]-[13] o 3K — i R3S R M 0 s 2 B) 2 2%
(RIS 23 (O AR Mk — 25 DRI [14], X P36 fr /K SOE@ME . 2% (8190 4 4544 DL S A4 3h it 2L [FIE F
FraRzl, HAh RS GRS SRS G P [16] 0 4T /K0T i5 A Jek 2 v 1 v JEE AN A 5 1k DA Bt
Fe A FEE IS 2 TN 5 SR AN WS, ik 75 i e R A 28 200 1 7K o a0 B A | R R MR AN RSP AR ARFAE (1 T ¥

B 7 7K 5 TRUNU ASS B 5 7 T A 20 A, (ELPE 5] R S5 [ AP BV R F ity b, 5 AR EDK
ISRFE RSB AT T ik S AN, JEIUR T — @ AU [17]. 2010 4F, ZRiE w25 [18] K44 Gily
[ 7577 I AR #5) 5 BP #H & M S5 A, 0TS IR iR 4 (DO) IR BE EAT 7L, $2 7 1 1
DIKEFE . 2018 47, J& S 55 [19]4& 5 T itk A (5 0GB 73 A (IGRA) 5 K AT HHTE 12 W 28 (LSTM) R 7K 5 Tl 77
2, AR IIZ TR R 8 0 2 R A TR bR 2 8] (1 22 J0AH DGRBS (0] PP BIREAE, L7000 R AL T 3 — 5
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B

TEEEF AL, 2022 4, MK ESE[20]00 % [ RGN il B IRNHZRE R 30 F BB (ARIMA) FI T
PEOGH ST (GRU) M 2H & TR Y, 76 22 TR /K 0 8 Ar P00 o R 0 HH B i RO R 2 s [T, SR PR i 2
B LightGBM X 7K S PPAN SE AT TN, o R 0t A R O REZRY 14 e

AR, WA N TR AEBARRITE K e, Bs SRR 8 R B A A S M /K R 58 2 G i A g o 22
FB. FEHLARM(RF). BAEMEI(GP). = FIH(SVM). AN LML ML (ANN). £ o2k 7] 13 (MLR)
A% T A 2 ASOR HE 2 R SR (ANFIS) S5 73, )iz B FH I It K B 4Dl T e 7 e [21] . 5% 4i4¢
TR AL BT AL R A R L, HLAS 2% IR A IE 5 6 T LB AR AR A, BRI R AT SRR
BE[22], RN ELE AER h S ST NI S H AR 2 RIS OC R o Ak, AR T RPN, Bl
A R B AR A RE T, AR G RIOK IR bR Z ME MBI G R, I i TS B
[23].

2. MMEHE
2.1. FR5ARL

AHIE G i 7K 5T 5 R T o [ AR AS AR M - &, IR S B AT N 2 A [ E I DT T . A
FrflfE DO, BODs. COD. CODwmn NHs-N Fl TP. e REFMHR N H RE, BFHE G 2015~2022 (%
1). FEEHE PR H 5IEY G, L3R1T 96 A RREA, RIRH TR i) e S Al 4 . AE R R i
R, 25 8 2K 5 2 E AT S 2 RN [R) P B RRAE, Dy e (5 St e, SR FH 35T I8 TRD IO (R A4l 43 07 1,
MEAEREHLIRE . AR 5, T MR 80508 J5 0K 5T 80% IR AE I ghEE, I TREIRIIZG S S5k,
FIRE 20%MFEAVE RNBSTIREE, FHFRRIPERE VP . 12050 77 X ORI S 204 72 i) ) b B )1 25
82, MBS R SRS B TR RN SR, ARAE TP AS 45 5 0 2 00 P Fl m] S

Table 1. Descriptive statistics of concentrations of different water quality parameters

= 1. FRIKBetrRE R 45t

KB e bR B A {E (mg/L) 5 /ME (mg/L) FH A (mg/L)
DO 20.7 0.87 7.12
BODs 11.8 0.2 1.75
COD 54.4 2 8.6
CODwn 9.32 0.3 2.42
NHs-N 7.35 0.01 0.27
TP 0.546 0.001 0.07

22. MIRF*

KT $E % (Water Quality Index, WQI) & —F F T L5 & PR K B A /K FUIR B0 (9 8 B 57 7 vadid
X 2 BUK R S HGHATARAEAG . BRI A — A AL B, % 5 2% 0 s I B 3 A o s — I B e, DURBIOK
PRI o B ) B AR KT [24] 0 WQI HREE 5% /K TR F b 5ot HE A4 /K 5 ) B8 B P AN [FI AR, i inAUbR
4S5 1) BT AR B B 2 45 A TR B[ 25] o 1T IETE SRR i M 1 [, A 3L T 2 S E0UKVE
PriR R 25, AEAS RIS TA) L 23 (A B M 00 vy -2 1) 8 7K IR 90 B A AT EEE[26]. WQI Y THEL A 5
Wrr:

P!
Z ::1Wi

WQI =
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Hor, WQI Roni KR iE8, n AZ 5V IKR SR, w oS KRS EIORE, et
TR IR DL I ARRT ELEE, o S T NS EURKI 73 16580 T T 3RAE SR 55 A B 7K 5 b e 2 18] B A 5
FERE o 3% ST S 2 K0 10 70 48 08 5 2 T SEINR B SAREREZ R A5G &R, SRAZE IR — e AR5

Ci
G =510
Hr, CONEE I MK SESEIARIE, S, R R K AR AERRAE, K35 (HbRKIAEE & hrifE) (GB
3838-2002)#fiE . 24 C, < S, B, g EHEML, RFKFIRGRE: 4 C, > S B, o EHEZ R, KBUKAEG
YA M INEE [25] 0 ik ARt (00T 25 & VAN 45 SR ISR, T8 6 g, B B BRME(n 100), DLEER WQI i
SRR A e] L [26]

AT TINATIT AR 32 B R KK R AR R I 25 0 AR, ABIE 7000 Sl R 32 T ST P BE AL AR AR (RF)
BT, AR BR A H2TH(XGBoost)« kM (DT) HT H 38 b 31 5 (AdaBoost) -

RF j& H1 Breiman 2001 [27]F2 i B — M B HLAS 2 > 00k, e — M R R il 2] O ik, e 2
AR TR TR TR0 5 SRR B T R B R PR R o HLAZ O B HE H B KA (Bootstrap Aggregating), FH TR AR
77, DLRARHIET 2 AR BEALE B, DU T & U (R ) 2 AR (28] X BEAEA AR LR R R &
YRR B S (B R I BRI B, TR A VA N R IR B AR BB [29] [30]. Boost &2 JE T
HE RS > Ju B (ensemble meta-algorithms)iaig, A% 0 HARFE THE 71555 1 S RO Tl 68 1 [31]. 7EME
2] iR, Boost 77 v I A RLBEARASE L (0 22 57 25, AT S 50 AR T 1 R [32] . Wk SN
(Decision Tree, DT) A& HAR AR VA N AESHUR B 2 2 J715[33], %S5 il i H 4 NRFAE 25 a1 K1) 2
THAESMXIE, F& XML R S5, NI SLInt 22 JEL 6 R ZIE[34]. KL,
TSIz N T 5328 [RIA 20 A A H S0 4 T A6 2Rk [35]

SR TR VP A AL S A R F T 12 R, ARF 9 8 T 28 BRIk 78 3R 15 199 4 b (out-of-fol d) Tl 485 SR it
1T RGN . HAATS, AT =M AR EDAfEbR: o8 RE(R?Y). Y7 IR Z (RMSE) 1P
BgastiR 2 (MAE) [36] [37]. L, R? FH i s ALt A Ais 7 22 1 il e R i, JLEEYE N 0 & 1,
HBR R SR G R B LF: RMSE 5§ MAE S BLTIIME 5 W0E 2 8]k 22, Hoh RMSE % 53
SEONRIUR, 1T MAE U B8 SR A B8 A2 i (1P R 22 Ak 11 [38] . TERLAL PP AR rh,  DUZRARIR B 1 77 o
—EHHE A NI UE SR, R F T UIGR, AT 5 B0 S b S WA AR A S s 2 A1 T R SR SR 1 T
REJTo VAN SR AT 250kE S 1 I [) 7 21 50 (R s Il R, AN T T T A A M RE AR AR TR B 5 T AT 55+ 11
AR RS .

3. &Rt
3.1. HEF%F BB AT

ROVEVANEE R, S A BTN M R0 22 5 Il T HAE R AR R G B & R 2 R . AT
Ft PR MK PERE U HES A RF > XGBoost> DT > AdaBoost (/4] 1 f14¢ 2). RF HERILE PUIGHE b5 448 T
FUABAR AR, 3 32 B PR T AR pl A ) S5 B W UARF A IE R B o AL e 8 G Rl 92 2 A8 & 2 1] R JE 2ok
7, RERIEROGE A RPUE, SRS R AERZEE[29]. XL RF BEIE YL . 2R
T S S5 PR 1 2 7K 2R 50 T R v R B AR s 1003

FIF 4 FRALAE5: ST RO /K T HE B AT R0 A 00 ) 25 SR an V] 2 B o BEATLAROMASE 284 17 T 00 4 2 5
EANE RO, RS B, 8 RE 7 FIME AL T y = x EZRRIWI . AR4E 4 FhbL a5 IR
A TOUINAE AL S 0T LG B (] 3) T LA HE BB AL AR MR ASE B 7 S5 T 7K Joit 2 50D 7K o i 25 Fn il o B R B 17
PERE
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Figure 1. Comparison of prediction performance of four machine learning models on the test set
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Figure 2. Regression fitting plots of test-set predictions for four machine learning models (the red dashed line represents y = x)
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Table 2. Evaluation of prediction performance of four machine learning models
7= 2. 4 ThHJLRR 3 AR BUTIUN M RE 1T AR

R R2 RMSE MAE
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i Ao B £ T 0.981 0.048 0.019
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Figure 3. Comparison between observed and predicted water quality values using the Random Forest model
3. BENLARMARBY K BT SE PR E S FUME ST EE

BT RF ASAY ik S50 0000 {85 M0 7K 55 4 5 (WQU R B ) 2T 45 AR i A B 171 47 P Bz, i )3 L 7
#i 2015~2022 £, WQI {E N R/K BUBMAEE LR & fabn, AU M s R BUIR DU % . BAAKE
K 230 W S R P B BOB AR RAE . FEIAG R BL(2015~2016 4F), SEFRME S TRINE M WQI PRI i &3
I RIS, I WQI — FEHZI 4.0, RUIFTFLIXAEIZIN 12 P71 7™ B AR5 e dift . RF BB RERS AL
I AT B2 — B B R BARFALE S B A LTSS, (RN B WQI WL (¥ R B2 A7 — RE AR A, Xt Bt
TR (0 G SRR AE AR I SR ACR IR A A T AT ST I £ L J= PR

H 2017 ke, RGHEAMMFER B, WIE 5 FE R WQI 2I7E A VLl N 3 5h (4 0.5~1.5),
Hp sl FEWT 08 . WQI a1 I PR R K AR E EAR Bk, X — AR AT e S TTIX 5 e fill £
it RN 5 e A2 B R TARE R FRSEEBE B DI 50 AEBEANBEFURT BN, RE BEAAE 2 4 138 A 3 A v 45
Wi P2 I8¢ 1 77 T 2 I Sk P LI A g, T 45 SR A5 O D0 M A e A A H B e ) By R — 51,
VLR RE 5 A 207 1 F EBK AR A HOTE AR BN 0 S5 AL o SR, 5 30 20 40 RUSE e I s B B (fn 2019 4
AN 2021 £EH = O 22) LA RO A i 5 e A ARG IR ARAF A, X R adt— b fk = 1), ]
SIS F RTINS, BSO8R A A DU SR R R A TS e AR Rz AR T . BT, R
WA R RE AR 7K 5 S e L& v (7 5 oA s (K T w] Sk, [RI A B i) 1 4t x il o =
PEFIIT FEAT X P it (R A 220 . 2016 42 5 WQI SBeBIE R & 25 PR AR — 20 9 IX ORI 516 B 6
TR, IR AR ROK B RS 5 PR (] R AR K A
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3.2. RBEFRYESARKMEHEE

SRE RE R R AT e 7 T A DU AG e, (E LA AR BTN _E AN 2 5 /5 I AL B o 2R PR 3 22
JRT RE FISERCF LML, RIS X 2 AR S TN 25 RO Bk IR i AR e 1, XA — e R by
SIS A, AT H) 558 RT3 A1 2 A S v L AR O BRI o X oK R Ak SR B W 2 (i A5 7
AT MR Wi AR PR B T 5, A A 5%

BERFIZ— AN, ARRIIF T AT 5 18 5N T HAT X 1k (1 250t 5w o 5, 207 %k [m] 9 AR MK (Quantile Regres-
sion Forests, QRF){F o RF (U3 L2, BEMEA T 2% 170 A I AN Rl 20 (R 880, 82w K s A2 B i) b R R AE s
A WEAEAL - b4k, % H bR S AT 0 U 4 5 Box-Cox A8 4 AT A R AR AU (i 25 PE AN 53 J7 72 1) 7,
T3 e AR 0 et ik 2 AR RO WA L BE FT o SR G R R TR, A AR DR AR A e 1 0 T A P P )
I, B PR TR K i A2 A R PN BE 7T -

4, gig

ot IR AL 28 2 S] A ——RF. XGBoost. DT F1 AdaBoost—— ) PERELEAL 45 B R B,  R-BEALLE Fi
W FE PARAE R 22 (32 1) Hor, RF AR I AL, 2 R2.RMSE 1 MAE 4371124 0.985.0.042 #1 0.024,
S B R TR RS B S5 AR 8 . XGBoost i1k 2, R?740.981, RMSE 4 0.048, MAE 4 0.019, A
HERITRIGE /7, ABA4E—F0E ERRAK T RE MY, DT BAY(R2 = 0.967) KM RS M XS rh &k, ¢ BH L B b &5
e A AR Lk M o6 R OF HIAEAE— 2R . M2 T, AdaBoost £ % Bl 55(R* = 0.932), " REHT
LT M P SO URR, 7R B T A 5 5 R B A SR SE A ST (RF 5 XGBoost)
(PRI Z 0 T 3 — BB R R TR AR T L, R AR AR B R 2R M 56 KA A T T R A
SRIOEH o L, DUS R FEA] DR RF R AUAE Sy 7K 5 2 18] F50i 43 ) e AR Y, AT R BE RS 1 A R 41
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