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Application of Decision Tree Method in Remote Sensing Geological Mapping
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Abstract: The decision tree is an effective and accurate method in remote sensing classification. We use this method to classi-
fy the remote sensing data—ETM -+ (enhanced thematic mapper plus), which covers most of the area of Minhe County,
Qinghai Province. The acquisition date of ETM+ is October 29, 1999. We get digital elevation model (DEM) data from 1 :

250 000 topography map of Minhe area. The format of DEM is Maplnfo exchange format #*. mif which converted to
geography coordinate. After primary treatment of the raw data, the DEM data is derived from the contour line. The ETM-+
scenes are rectified using the DEM and sun-illumination model. NDVT and other three indexes from Tasseled Cap transform
were calculated from RS data. All these indexes are stacked with five RS bands. The target objects are selected. The sam-
pling of the target object is based on visual observation. First, false color composed imagery is essential, and the sampling
process is interactive. The digital information of the target object is derived from the program, which compiled by IDL.. The
decision tree model was calculated by Clementine 7. 2 software suite. About 10% raw data were used to validate the accuracy
of the model. Meantime others were used to build the model. Ten iterative numbers and 75% trim radio are the suit parame-
ters for this model. Then we get the most suitable layer and numerical value for distinguishing different target objects. For
instance, distinguishing Tertiary red clastic and loess’s best layer is band 1 and band 3. In the next step, we import the mod-

el to Envi 4. 0 and classify the raw data into different target objects. After some basic treatments, for example clump and
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assign class color, we get the final result map. The map is contrasted with 1 : 250 000 geology map of Minhe area and a-
chieved the accuracy of classification. The result is that the decision tree method is better than traditional classify methods.
Another conclusion is that the rules from decision tree could help geologists to gain a appropriate geological conclusion.

Key words: decision tree; interpretation of remote sensing; geological mapping.
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él— E, Rule 9-estimated accuracy 100% [boost 99.8%)]
GREENESS <=-75.442 398 [Mode: cloud] (863.388)
WETNESS<=-62.456 497 [Mode: loess] = loess (161.39, 1.0)
g WETNESS >-62.456 497 [Mode:cloud] (701.998)
': NDWI<=0.506 763 99 [Mode: cloud] = cloud (504.581, 1.0)
NDWI>0.506 763 99 [Mode: snow] = snow (197.417, 1.0)
GREENESS>-75.442 398 [Mode: forest] (2 151.605)
B4<<=0.046 374 001 [Mode: water] =D water (388.77, 1.0)
g B4>0.046 374 001 [Mode: forest] (1 762.835)
N B3<<=0.131 35 [Mode: forest] (1 538.264)
BRIGHT <<= 130.534 79 [Mode: forest] (896.636)
L B3<<=10.076 725 997 [Mode: forest] = forest (602.254, 1.0)
B3>0.076 725 997 [Mode: rock] (294.382)
|: NDVI<=-0.135417 [Mode: forest] =y forest (52.784, 1.0)
NDVI>-0.135417 [Mode: rock] = rock (241.598, 1.0)
BRIGHT>130.534 79 [Mode: crop] (641.628)
GREENESS<=-41.478 996[Mode:rock] = rock (255.484, 1.0)
g GREENESS>-41.478 996 [Mode: crop] (386.144)
B2<=10.096 414 998 [Mode: rock] =) rock (20.348, 1.0)
L B2>0.096 414 998 [Mode: crop] (365.796)
|: B7<=10.126 881 [Mode: crop] = crop (355.732, 1.0)
B7>0.126 881 [Mode: rock] = rock (10.064, 1.0)

— B3>0.131 35 [Mode: laterite] =y laterite (224.571, 1.0)

1

Fig. 1 Model of decision tree extracted from sampling data

, . ETM+

N .ETM+ ), ,

30 m, s
, Paul (2001) least mean
square methods , ; ;

’ ’ ’

;(2) ’

30 m ,Envi 4.0

PPI 3 (3)

. DEM
ETM+ ) DEM
ETM+ ,

: (D



757

(Clark and Swayze,

(
b
b
b
2 Ay b
Fig. 2 Diagram of decision tree classification ’ 2 ’
. b
( N ) B ’ ’
2 H A A} A b
N b
. b
; N
. b
b b
(C5.0 ) ’
. C5. 0 b
b
a; >a (ai ~ LXe4
b
) b b
b b d
;wiai+wd+l>07 wW; ’
A N b ’
NP-Hard

(Heath et al. ,1993).

=

(IsoData) (

Fig. 3 Contrast between true color composite and IsoData unsupervised classification images
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Fig. 4 Classification diagram of decision tree
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