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Abstract

Current watercourse morphology pattern recognition heavily relies on traditional geometric fea-
ture methods, which struggle to fully leverage topological information. When samples are limited
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or morphologies are similar, their generalization capability and accuracy are constrained. However,
existing research lacks methods that integrate topological structures with multiple features and
utilize data augmentation to enhance classification stability. This study constructs a graph structure
incorporating topological, geometric, and attribute features based on OpenStreetMap and national
river data from the Basic Geographic Information Database. It combines graph neural networks
with data augmentation techniques to identify watercourse morphology, aiming to establish stand-
ardized graph structure data, design a GCN classification model, and introduce rotation and mirror-
ing augmentation strategies. Experiments demonstrate that the enhanced model achieves an over-
all recognition accuracy of 82.6%, a significant improvement over the initial 78.06%. Braided and
networked water systems are easily identifiable, while parallel and radial systems are challenging
to classify due to limited samples and morphological similarity. The accuracy rates across all sam-
ple groups follow a normal distribution, validating the method’s stability. This research provides a
new pathway for automated water system recognition and can support applications such as water-
shed planning.
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Figure 1. Schematic diagram of hydrological system structure extraction
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Figure 2. Graph structure representation
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Table 1. Adjacency matrix
&=L MEXARR

F5 K& ID 4K R ID K PR NS
1 1 2 0.16828 112.3765
2 1 3 0.16828 112.3765
3 2 4 0.12476 146.8364

Table 2. Entity attribute table
F2 LFRMR

g HIH/K R ID 4iRKF& ID S H
1 1 3 0.18221 0.12526
2 1 3 0.15124 0.7251
3 2 4 0.13452 0.4165
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d AR AERFELE s

A e {0 NAREHERE, IS AIRERSE R P BRI SR Y B LSRR, JEN
JE S IR ST SRR

TERFESR I S A A S0P B, BT AT s BT 7 RG-S 1 as. @l s h ek, xf
ANRIRFEL A (075 s O PE . Betweenness HHU P RIS REUE B AR R) AT T SCUELLEL,  DASRZE H
I LA I RRE R G, TR X 23 M B BB RO R AR 1T s R o 0 P R 3R T T NRIE 15 B
BRI AT HHR M

WEFE R 7 — AN T K 25 A1 9 2% (Graph Convolutional Network, GCN) 5 & 4» 8RR , 1% R8T £
E SRR BRI AT S A E R, EIME RS 2R B T SR AR R B EHE
TR ] AR A«
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WHFCR M TR SR 5 e i s R IR LT R ALk AT 2802 5], fEIIESE LTS
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TSR VAL . 2258 B ZRIG, GCN BERAERIUGRHEA LIk 3] T 78.06% AIHERA R, /RIL T IZHELAE
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AR Praf A 2 A In b e AR 5 N TR Ab 2, UIHRBR RO U L34k, &
BB ETTR RS S AN 5 HLR A AR A BUERRRUK S GRS R R, V)E
BRI TIREE 2 IR 0 FAR S5 3 T AR S8
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FeA L o (B BHRREEIS @ NIR), e Ja BT s A XN

7 hifh = (0 +¢)mod360° (3)
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RS HIEHESE: FARARFEARBR N — K, A SeR(nirE 5 SZIE A 58 B RO i, S
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AN RGN A BRI R A R R RN E DR R KA, A O R T AN E K
FRILESA TR -
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JARAELTAL B . A StandardScaler {2 T Il ZREE BRI G HMEAN Ty 22, FRT BB 4R (A5 I 254
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TR K RRHE R RAERE I AZ AL RE . TR AREARTT SR — A0, & IFERIEE R RS — Bk
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i SHIE LT ER .
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