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1
Table 1 Data types and description of predictve factors
Predictive factors ~ Abbreviation ~ Data format Discription
SOL L5
LDU L5 (1996)
GEO 5 (
)
ELE LS (10m )
SLP
ASP 5
—0°~ 45 315°~ 3600
—45~ 90 216~ 315
—90~ 133 225°~ 210
—135~ 25
—36r <Z
PRO (0~ 255) >
255, H 0,
PLA (0~ 255) 255,
; 0,
UCA (0~ 255) R R R
PCi~ PGy (0~ 255) PC,— ;PCr— 3 PC3—— ; PG—
13
oM
oM s 211 R oM
2
21 oM
PC4 PCz PC3 PCI
OM 2 )
PCs PCy
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Fig 2 Structure of all hindscape factor classification tree for soil OM prediction (the data in Fig. 2 are variables used for
predicting soil OM albng the tree)
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Table 2 Sol OM level on different topographic units

oM
OM ( >9%)
) Dominating OM Other OM levels and
frequencies(only > 9% were
listed as follow)

Topographic unit
level and frequency

2)

Criteria of topographic unit

4(70%) 3(22%)
3(50%) 4(25%) ; 6(25%)
3(44%) 4(34%);2(15%)
4(100% ) —
3(56%) 4(25%); 5(19%)
4(75%) 3(25%)
5(67%) 4(17%) 5 6( 17%)
3(65%) 4(16%) ; 2( 14%)
2(57%) 3(21%); 1( 14%)
3(80%) 2(20%)
2(67%) 1(17%); 3(17%)
1(71%) 3(14%) ; 6(14%)
3(50%) 5(25%); 4(13%) ;6( 13%)
2(100%) —
3(75%) 2(25%)
1(73%) 2(18%); 3(%%)

ELE:

ELE< 50m
ELE: 50~ 64;PRO< 106
ELE:50~ 64; PRO 2106;SLP< 2
ELE: 50~ 64;PRO: 106~ 110; SLP 22
ELE: 50~ 64;PRO: 110~ 119; SLP 2
ELE:50~ 64; PRO: 2119 SLP >2
ELE: 64~ 100, PRO< 106
ELE: 64~ 100, PRO >106
ELE: 100~ 206;SLP< 5
ELE: 100~ 206;SLP >5;PRO< 122
ELE: 100~ 206;SLP >5;PRO >122
ELE: 2206; PRO< 110; PLA< 145
ELE: 2206; PRO< 110; PLA >145

ELE: 2206;PRO >110; ASP= 1

ELE: 2206, PRO >110; ASP= 2,3, 4, 5, UCA< 2

2206, PRO 2110, ASP= 2,3, 4, 5, UCA 22

1) oM

2) ELE, ;PRO, ; SLP, s LA, ;ASP,

21(>4%) 203% ~ 4%) 3(2% ~ 3%) 4(1% ~ 2%) ¥ 0.6%~ 1%)
; UCA,

6( <0 6%)
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Fig. 4 Predicted Soil OM Map ( This map shows that the white ™
pitches in the previous map are filled up with the information 20
obtained through the classification tree using all the topographic 10 ’
variables) ’
B OM
3
Table 3 Crosstabulation of reference vs classes predicted with the classification tree
oMY Reference (%) (%)
Soil OM 1 2 3 4 5 6 Sum Producer’ s accuracy ~ User s accuracy
1 5 3 0 0 0 0 8 83.3 6.5
2 0 12 3 0 0 2 17 66.7 70. 6
1 2 30 1 1 1 36 83.3 &.3
4 0 1 2 34 1 0 3 94.4 8.5
5 0 0 1 1 2 0 4 50 30
6 0 0 0 0 0 3 3 50 100
6 18 36 36 4 6 106 — —

1) OM  : I(> 4%) 2%~ 4%) 2%~ 3%) 4(1%~ 2%) 5(0. %~ 1%) 6( <0.6%)
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SOIL ORGANIC MATTER MAPPING
BASED ON CLASSIFICATION TREE MODELING

Zhou Bin Xu Hongwei Wang Rerr chao
(Institute f Agricultural Remote Sensing and Irformation Technol gy A pplication,
Zhgiang University, Hangzhou 310029, China)

Summary

Based on the case study of Longyou County, Zhejiang Province, an approach was introduced to deduc
ing and expressing spatial distribution of soil organic matter. This is a kind of data mining method or clas
sification tree modeling method, which assocides soil OM content with same extensive easily observable
landscape attributes, such as landform, geolagy, landuse and remote sensing mages, thus transferring the
soil OM-related infomation into a clear, quantitative, landscape factor associated regular system. This sys
tem can be used to predict continuous soil OM spat ial distribution. By analyzing the fadors such as eleve
tion, type of the rodk, type of the soil, PC4, PC,, land uses, PC;, PC;, upslope contributing area, slope, ex
posure, plane curvature and profile curvature, the classification tree can predict distribution of soil organic
matter levels. Among the factors, elevation, type of rock, type of soil, landuse, PC, and PG, (two indexes of
vegetation coverage) are considered as the most important variables for predicting soil OM. Results of the
predidion show a quite close relationship between soil OM contents and types of the landscape sorted by
the classification tree with an accuracy of 81. 1%.

Key words Daa mining, Classification tree, Soil OM, Spatial prediction, Landscape modeling



