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Table 1 Wetland classification system PO EEAE SR R A 3 2,
W ] LR i1 MNDWI SOk b L 5
Wetland  Wetland types Description EFH TR, 20 - e L ’ T\ ¥
EESETY QAT L 1 ol B T X 3B RSO3 s SR NDVI, ol (iR 4 K
Natural ¥t Rivers Including permanent rivers, seasonal or indi- ﬂguj:i% ':F‘ ﬁ%‘ ﬁ 5'% . %)th:% ﬁE EJ‘ LA ﬁ ;‘“ﬁ ﬂﬁﬁ%‘ j\jf_}
wetland rect rivers
i SR IS BT 8 3
ek sk O TLATD S A RO LA, t e
Wz FHERZl FITE , — 2 U i B 39 5 89 A
Flood plains  Includes river }l)efelichd ﬂ(;)oded ldu:ng the wet %éﬁ\% . zﬁﬂ \]E 5, jt g ﬁ ,fuﬂgﬁ H E*ﬂﬁ jt , }:FZ
season , seasona ooded grasslands NS b% ™ . “u - k-H—P\ . e ElJ—p“rEl
L A AL Ak R }&ZBL{EE ; (Tr{znazjr\ ik, JKJ'E Hﬁj}ﬂ:/ L I: ﬂk%ﬂﬂ
I Lakes  Permanent freshwater lakes composed of fresh % o l)iélﬁl\‘{ﬂiﬁx E/‘J Hﬁ‘ﬁﬁﬂfﬂm Iﬂ E(J i‘mj@éﬁl\% %‘
nater —E TR, PHFPCR AT RIS R ik ) 1)
N V] e S S VA VR N T3 N P
i Swamp L2 LA BRI FO LSRR B DX A I 0, VAR D 5 —
mp wetland dominated by herbs ] /
NTIRH e T H 7 RS /N 8 AW EK X FEAPARRL , — e A LE /K PR BRI , A e P HA R A 9
Artificical  Reservoir Artificially constructed water storage area of b B ’ij][] 5 7J(12|§[§/\JEE% SFAE AT LB B S
wetland and pond not less than 8 hectares
2.3 REWITE
AKPHRAG  RUKP AN F I A0 A T R -
Aquafarm Constructed wetland for aquaculture CART y&%ﬂ\]‘% EB Breiman j:/iEé ll:lj E(J #*EP E’%%
/T K SR E AT AR, A O R AR 1o 4 T 2% 1 A it
Artificical Artificial river wetland dominated by water or s N N /. w N .
Al Al e vetlnddominate by Oy g 4 5] A (RS A A — SR
Ak, AR5 18I EIR AT, BRI R BRI R
R2 FHESBERTEAR
Table 2 Feature parameters and formula
FHIE AR/ AR Ui
Feature Formula/ Description Explanation
ek A YA — 1k K A MNDWI = (P green = Poir)
Ny 844 Modified NDWI reen + Psuir
o Eﬁ%;;;ﬁ (Poen o) P P P« Prea ST P ISV BE ST SV B I
ectral — = St EIL I EL Ak 5%
feature Normalized Difference  NDVI = (Prir =Pred) LLAMNBE B L LT BE I U
v " (Prir +Prea)
egetation Index
JEARFFAE  THIAR A= i 4 RAZ X B BE 3R B
Shape feature Area T A & The total number of pixels that make up the object
TR XTR 1 5 0006 AR BE, 10 S B, B IR 4 KL
2S¢ § =P R
Shape Index 4 JA Describe the smoothness of the object boundary, the more
broken the boundary, the larger the shape index
i R cigy (5) . eiigs () JEWN I ZAEEHORSE B
Length/Width Y=, c N ,eig; (s) > eig, (s) etg, (s) , eig, (s) is the characteristic quantity of the co-

IR

Rectangular Fit

P50 52 45 R /NI EG A AR Bk ) REL T B TS RO JEE
The degree to which the image object matches the

rectangle of similar size and scale

variance matrix

FFAEMEERL0,1]

Characteristic value range [0,1 ]

i\ NEGIRIEA, p(i.j) A HRBEFE e v (]t B

SUHARE T @ B
[ . 1 AN . o
Texture . Hom; = Z Zp( i,j) # —————— i and j are the gray value of the image, and p(i,j) is the
Homogeneity ’ == 1L+ (i-)) i i
feature J frequency at which the gray matrix appears at the same
time.
CIE[3a3-2" Dup A% e 2L B IVATS Y ]
HIbRFR  SHMNRER X5 [l 4FAE o FIR— MBI GG HAARDE BN R IRR,
Topological ~ Relation to neighbor The positional relationship or relative orientation Represents the relationship between an image object and
relation objects characteristics between image objects or the entire  other adjacent image objects.

image can be described.
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Fig.3 Decision tree model of wetland extraction
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Remote Sensing Classification of Wetlands based on Object-oriented
and CART Decision Tree Method

YAO Bo, ZHANG Huai-qing, LIU Yang, LIU Hua, LING Cheng-xing

(Research Institute of Forest Resources Information Techniques, Chinese Academy of Forestry, Beijing 100091, China)

Abstract; [ Objective | Beijing was taken as the research field to discuss the extraction methods for classification
of multi-type wetlands in large areas. [ Method ] Object-oriented multi-scale segmentation algorithm and spectral
difference segmentation were used to segment the Landsat8 OLI image, and stratified sampling method was used
to generate random training samples and validation samples by Google Earth high-definition image and manual in-
terpretation results for 2015. Subsequently, CART Decision Tree was constructed to extract wetland information
by combining spectral, shape, texture features and topological relation. The results were compared with maxi-
mum likelihood method and object-oriented and nearest neighbor method. [ Result] Using object-oriented and
CART Decision Tree, the total accuracy of the results was 88.05% , and the Kappa coefficient was 0. 844. Com-
pared with the object-oriented and nearest neighbor, the overall accuracy and Kappa coefficient showed less
difference, but for some wetland types, such as rivers and swamp, the accuracy increased by 10% to 20% ; the
total accuracy was nearly 30% higher than that of the maximum likelihood classification, and the Kappa coeffi-
cient increased by 0.355. [ Conclusion | Object-oriented and CART Decision Tree is a fast and effective method
for wetland classification in the areas with wide distribution, multi-types and quantities of wetland.
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