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Abstract

To extract urban river information accurately, this paper proposes an object-level feature and XGBoost-
based method for urban river extraction. The methodology comprises the following steps: first, the NDWI
index is applied to GF-1 imagery for pixel-level water extraction; subsequently, the extraction results are
formed into water body objects, with object shape features calculated to construct a sample set; then, the
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samples are labeled and used to train the XGBoost algorithm, where hyperparameter tuning is performed to
adapt the algorithm to the actual sample characteristics; finally, the trained XGBoost algorithm is employed
for river object extraction. Experimental results demonstrate that this method effectively minimizes inter-
ference from urban shadows, and successfully distinguishes rivers from lakes, achieving a river extraction
accuracy of 90.91%.
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1. 518§

B SR T AR I, IR TR AR T AR S RGN H B R A, IR T PSR T KRR IR DA K
JE BRI A 35 B A A A RO PRI . HERR IR BUS TR AE S, XTI K SR L DL R A AR AR
TR REE,

TEAEG T, B KRS B3R EU 70T LA A ISR S0 A8 4 BNE T R [1]. HorpolkilbfeEik
HNEAREMERH NDWI[2]. MNDWI [315F5 40, %0716 R, (& AT 6 Bl KRR AESEEL, SR
e[ {3 3 H R L A R FE IS AT AR RS ) — N, R TE S MR R, A0 LR IR K AT
TEo SR ENE R EAFEIE T RBM . FET X A EE THRE R AR 8715 IEFk, BB LS ) HkAE
TE R G AR 2 N, KRS BRI TR R R . RIS T BT R SR BT LA TR K R
TEIRAS BARECTVE[4], Beisl > BISER KR SR BU R s XA PE AR H T 25 T ARHT SR 288 11 2o SR BT [X S A 7
IE[5], FRIIBETIG S, JDLGEC BSTRIE DL T e 7S 52 . (FX BB 7K 22 0GR R TE 1R R R /K AR SR S 1
Yoy b, TERTERIR G R A S R B IER SR K .

BEE B B AR o HRR IR T, ARG A N HERS, (B TR E AT, CHSENT X, 2
UGS R AAAEAETE Z M, R RPN A IE R T 2 PR . Bk, A28 HEHE T R KA
W, — SO TRR RIS G185 — 7, BRI KT G AT i — B 1 25, RS T4 e
AT R K . Huang 842 H T — MG = - W RRENL RS STHESL[6], Jedt TR ZIRBUKIE, FET LA
SR, PSR BEMLARAR S HLES 25 2] i AR S AL AT 402, SBL T 0 52 2 I T e DX /K A 1 v s
PEEURI 220 Li 258 TREHLARAR 2 288 10 507 ER[T], KRS R T KBS BT Rl . 51
HORIRE o A m 4R T 2 T IORS AKARA BATR RRAE () Hb R KA 43 2877 VL8], I FH BEHLAR MRAR A N Xt R 2% 53
A%, I THFICIX A 10 K2 18] 73 3 () Hb R KR ST RORE AR A R o 3R T VR FEACK T BENLARAR AT 202,
HAPUE A WM. SR DR E A RR M. RIMAM AR, BTaE%. HEn T, K&
MIFREON AR /NTRRE RS, /N IR KA TITTE KRR Gerf, 38 2 AFEHIA . K /Kt &5 HoAth K A4x
B WA RIECEA 5 RN, FEARSEINE A1 . XGBoost [9]7E fEALFERE A A 77T, LU BEALAR PR
HEARSA, Hi, A SCHR TR RPEE S XGBoost M ISR, PR HERAR, TR KR
B, ARSEATR A TARES 2L, MG KRN RFEA IR, H N XGBoost HVEAT ISR, MM HFRMEE R, H MK
PRIEAS KGN, K AR AR TR H K .
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DRYR T i ORI 22 TR T 5, O A 7K Ao GO AT SRR B2 e AL FE . AR B ATV o
0 ZMEAR R (10T A5 55, AR N — RN T 2119 ~1 052K, D93 AT BETH R KA PR AATE F RIS 7K AR TR A AR
THE I RN, K 3000 77 K AR 7K b BRI EEAT SRk, BE78E i 31 B SRR A AR K/

2.3. RIFFITRBIFAELZEL

SRS BOK AT RAFEITAL . I RTTKER, LR ARG, FORRAS LR R 2. Wi
TR SRR RAR B, IR A 2 BT A SR PRFAE AT YA 7K 1A 5 3 52 L AR DAL - ST 7K 2R
FALE, ATEAE SR E, ST KR I — R RGE T R, AL Skl R BRI P A L
Kt R AR, IR, AR URRERUKR S HAOKAR . RIRBOE BT HE— 2D ], Si e
ERFAR BRI, FE KA RITUARFFAL, BRI SR Z 5

FESRIU AR AR NS Skt b, SRR /NMER AR /NMER, L 2, tHRHKARS S ETHEA(A), L5
(BL), H/MMERTZHIHER(A, ) FK(BL, )« KEE(L, ) FEE(W,, ), BARSR/INMERFIEAR(r).

(@) KEZ LIRS F/NMEIE (b) RIS e/ NME IR
2. FHEZ B AR BEER

=PRSS FAHERR, GEA RN GITRES 55 WA P . 2RAWIEK T AR KNG,
A2 ARG E8], KT 8 MNMEFE, W& 1.

=1 REH
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[ (Area) A=nxu FoR XA MR R ER LR AN E R IR .
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11 544 ¥ (Border Length) BL=h, +b, WA LA LT (0 K i

TE K Fa % (Shape index) sl =BL/VA B LA BT (300 R4 BE B AL TR AR 1P 5 AR
1545 %(Boundary index) Bl =BL/BL, #tt R A KT SHMMER G2 MBIHAL, HR SRR S HR R .
% 5% (Density) D=Ar Fent RIARRR LURNME R AR
% 2} & (Compactness) Com=A, /A For Nt R B NIMEF AR R DA R .
K H (Length/Width) R =L, /W, TR B NMESE A B 58 RE I LAY o
AU fb(Normalization) A :ﬁ %%N%ﬁ%ﬂbﬁi%%d\ﬁ%ﬁ%ﬂﬂ@i%[‘%wﬁﬁjﬂﬂ‘%ﬁﬁm%%d\ﬁ%ﬁﬁ
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2.4. XGBoost E ki

W B A E 32 T+ (Extreme Gradient Boosting, XGBoost) 574 [9] /& HH Chen 57546 £ $& F1 e 58 A% (Gradient Boosting
Decision Tree, GBDT)[P &1l 2 48 19— Fh SRl ST RAY, H = BLUE O R — DA I — AN B R S m,  FH DA
THE AT — RSB 1 TR0 25 R 5 B SAE 2 (R A5 22, AT AN Wi/ INASE 28 () F0 1% 22 [11] « XGBoost 7E4% 4t 16 £ 12
FHEEFLA FFEAT 7 H bR R 25000 TR U A AL B L 5 v AR RS 45 8 2 o SR DA RO A R i ) AL B A D T s, A
HARER e E . CR AR M7 T W BT
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1) K2 (Precision): & T AirT i %o S e Aff 12k 5

2) A (Recall): & 0T G4 ERA R i LA
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5) Kappa Z%: ER 7)SREG A SLER 73 80— Bk AR -
3. KB5S
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