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ABSTRACT 
 

This study attempted to develop an extraction 
model of spectral values of land objects into land 
use/land cover classes on remote sensing image 
in the provision of land database for planning, 
evaluation, and monitoring in agriculture and 
forestry. This study employed an Isodata method 
and Knowledge-Based Systems (KBS) using the 
Landsat 7 ETM+ image in the coverage area of 
117,799.06  ha, and the SPOT 5 XS image in the 
coverage area of 113,241.37 ha in Palu, Sigi and 
Donggala. The study found two image models 
labelled as AR4-50 and SBP-AR4-50. The 
separability image AR4-50 model has an average 
capability for separating land object pixels which 
are statistically 1811.98 to 1972.08 (moderate-
good), with the class accuracy of land use/land 
cover using the image homogeneity model of 
SBP-AR4-50, which is totally (confusion matrix) 
72.15% -87.17%, the accuracy level of land map 
generator for agricultural land/forestry is in good-
excellent category on the Landsat 7 ETM+ and 
SPOT 5 XS images. 
 
Keywords: Image, Class, Land Use, Model, 

Separability, Homogeneity 
 

INTRODUCTION  
 

Remote sensing image has a great benefit 
for the development of agriculture and forestry. In 
the planning, evaluation, and monitoring for the 
spatial dimension, the remote sensing image is a 
primary data source for the forest and land 
resources potency data collection. In addition, it 
assists in rapid and accurate monitoring for the 
development of agricultural and forestry land use. 

The types of remote sensing images are 
widely used in agricultural and forestry sectors 
today, including Landsat 7 ETM+ and SPOT 4 & 
5 images. The two types of images have 
moderate to high resolution (Landsat; 15 m, 30 m 
and 60 m, and SPOT 5. 2.5 m, 5 m, 10 m and 20 
m). These could be used for the forest and land 
resources mapping, particularly in land use/land 
cover mapping and vegetation. 

Moderate sensing resolution in land 
use/land cover mapping such as Landsat 7 ETM+ 
presenting a lot of spectral bands has been 
widely used. However, it seems to have less 
optimal capability in extracting the types of 
natural and crops vegetation, and the types of 
open area on the dry/wet land on a specific use. 
This image capability would greatly decrease 
when it is used in very diverse natural forest 
vegetation species in the digital  classification 
process, either in guided or unguided 
classification method. On the other hand, 
Richards and Jia (2006) point out that SPOT 5 XS 
image (multispectral) with a 10 meters spatial 
resolution is often considered less detail at the 
scale of 1:50,000 in providing land use 
information.  

According to Kamal and Arjasakusuma 
(2010), the low level of land cover classification 
accuracy using moderate resolution 
hyperspectral image is partly due to the coarse 
image resolution which brings about many mixed-
pixels, and to the similarity of spectral of some 
objects leading to misclassification. In addition, 
Lu et al. (2011) argues that the problem  of mixed-
pixels for moderate and coarse resolution image 
is the challenge in land mapping. A traditional 
image classification method of pixel per pixel is 
ineffective in coping with mixed-pixel problems. 
The sub-pixel-based method is also ineffective in 
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separating the pixels of one land cover from 
another one. 

Based on the description above, a study on 
the characteristics recognition and the extraction 
of spectral values of Landsat 7 ETM+ and SPOT 
5 XS images-based land objects is developed. 
The study was conducted in Palu valley and the 
surrounding area (Palu city, Sigi  and Donggala 
Regency, Central Sulawesi). 
 

This study aims to develop a model for 
extracting spectral values of image objects into 
land use/land cover classes in order to provide 
land database for the purposes of planning, 
evaluation, and monitoring in the field of 
agriculture and forestry. To achieve this objective, 
the study uses Landsat 7 ETM+ and SPOT 5 XS 
images. 

This research is expected to be useful for 
the development of science, particularly in 
preparing alternative method for identifying and 
classifying remote sensing image-based land use 

in the field of agriculture and forestry. In addition, 
it is also expected to encourage the emergence 
of new ideas and innovative research that could 
develop the science of remote sensing in 
agriculture and forestry.  

 
MATERIALS AND METHODS  

 
Remote sensing images used are Landsat 

7 ETM+ image, path/row: 114-61, recorded in 
May 26, 2003 and SPOT 5 XS SWIR image, 
path/row: 308/352, recorded in July 23, 2011. 
This study took place from January to June 2013 
in the Computation and CTFM (ex. Storma) 
Laboratory, Faculty of Forestry, Tadulako 
University. The  study sites involved Palu, 
Donggala and Sigi, Central Sulawesi. 
Geographically, the area is situated in the 
coordinates of 119° 47 '47.68 "E - 120° 2' 8.76" E 
and 0° 41 '10.41 "S - 1° 5' 1.68" S, as shown in 
Figure 1. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 1. Map of  Study Site 
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The study was carried out in three phases 

of image processing, namely the pre-modeling 
(geometric and radiometric correction); modeling 
(soil index analysis, optimum index factor/OIF, 
Principal component analisys/PCA, the modeling 
of image bands, and unguided classification 
(Isodata), knowledge-based classification (KBS); 
and post-modeling phase (model accuracy 
testing through ground check). The equipment for 
image data processing and map, as well as field 
survey used Geographic Information System 
(GIS) and Global Positioning System (GPS) 
programs. 

In the pre-modeling phase, geometric and 
radiometric image corrections were carried out in 
order to obtain a corrected image of geometric 
errors and problems in the appearance of objects 
on the image such as blurring the image, and the 
likes. In the modeling phase,  image processing 
was carried out as follows: (1) the analysis of a 
single band of 6 bands (1,2,3,4,5,7) on the 
Landsat 7 ETM+ and 4 bands (1,2,3,4) on the 
SPOT 5 XS; (2) the preparation of land indices of 
the two bands using image algebra operation 
(arithmetic) by reducing band5 and band3 on the 
Landsat 7 ETM+ and band4 and band2 on the 
SPOT 5 XS images; (3) the search for the highest 
OIF (Optimum Index Factor) value as the result of 
the combination of three band images, and the 
correlation between the two bands on the 
Landsat 7 ETM+ and the SPOT 5 XS image; (4) 
the preparation of combined band752 image on the 
Landsat 7 ETM+ and band432 on the SPOT 5 XS 
image, followed by arithmetic image operation; 
(5) the turning over of the axis/principal 
component analysis (PCA) on both types of the 
images; (6) the modeling of new transformation 
(AR) on both types of the images in joint operation 
of the new image, i.e. the land index image, the 
image of PCA with the highest OIF value, as well 
as the image of band752 on the Landsat 7 ETM+ 
image and band432 on the SPOT 5 XS image; (7) 
the search for the number of the best land object 
classes of the three group classes (25 classes, 
50 classes and 75 classes), followed by the 
image object separability testing using 
transformed divergence (TD) integrated with the 
types of interpretation of land use/land cover; (8) 
the modeling of land object class into a class of 
land use/land cover using knowledge-based 
systems (KBS).  

In the post-modeling phase, the accuracy 
model testing was carried out by trying out a field 
verification (ground check). In this testing, 
confusion matrix and kappa method was used. In 
the accuracy testing, the criteria used were land 
use/land cover classification results in agriculture 
and forestry by seting up the limit of success 
model of ≥80%.  

Accuracy assessment determines the 
quality of the map extracted from remotely 
sensed data (Foody (2002); Congalton and 
Green (2009) in Kindu, et al. (2013). According to 
Congalton and Green (2009) in Kindu et al. 
(2013), an error matrix or confusion matrix is a 
common practice employed for assessment of 
classification accuracy. The matrix compares 
information obtained by reference sites to that 
provided by classified image for a number of 
sample areas. Accordingly, overall accuracy, 
producer’s and user’s accuracies, and Kappa 
statistic were calculated from the error matrix. 

 
RESULTS AND DISCUSSION 

 
Statistical Image of Model Input  

The statistical analysis results of land index 
image (LI53) on the Landsat 7 ETM+ and LI42 on 
the SPOT 5 XS images show that spectral pixel 
values of IL53 ranged from -188 to 87, the mean 
value was 17.99 and the standard deviation was 
28.69, while the IL42 ranged from -59 to 153, the 
mean value was 30.89 and the standard deviation 
was 28.63. 

The analysis of the three band 
combinations to find a band combination with the 
highest OIF value showed that composite image 
of band145 or band541 had the highest OIF value 
(57.79) out of 20 composite image bands tested 
by using the Landsat 7 ETM+ image. These 
results are relatively similar to study by Dwiyanti 
(2009), where image of band145 had the highest 
OIF value (54.41). The coefficient values 
between the two bands were band14, having 
lower coefficient value of band34, band34 lower 
than band24 (respectively 0.59 <0.65 <0,68). 
Furthermore, on the coefficient value of band54, 
coefficient value of 0.82 and band52 of 0.72 was 
obtained. The coefficient value seems to provide 
a significant effect to the composite image of 
band145. The composite image spectral values of 
band145 were the minimum-maximum values (0-
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255), the mean (75.81-86.47), and the stdv 
(35.34-45.06). 

The Principle Component Analysis was 
undertaken in the composite images. The 
variance contribution value of PCA1 (axis I) was 
81.67%, PCA2 (axis II) was 13.31%, and PCA3 
(axis III) was 5.02%. The calculation of vector-
eigen values showed the values of variance-
covariance of the composite image of band541, i.e. 
the biggest variance value of band5 in PCA1 
compared with band4 in PCA2, and band1 in 
PCA3, respectively 0.665> 0.518>0.129. It is 
explained that band5 in this PCA determined the 
new primary axes direction on the elipsoide 
pixels. In addition, on the SPOT 5 XS image, 
band123 composite image was used, followed by 
the PCA as performed on the Landsat 7 ETM+ 
image. The SPOT 5 XS image had a spectral 
value of band123 and band432 composite image, 
i.e. the minimum-maximum values (0-254), the 
mean (48.75-63.93), the stdv values were 41.98-
53.75. 

In relation to the composite image of 
band752 results on the Landsat 7 ETM+ image and 
composite image of band432 on the SPOT 5 XS 
image, an image arithmetic operation to find the 
absolute value of the spectral image was 
conducted. The inclusion of band7 (far infrared) 
combined with band5 (middle infrared) and band2 
(green) on the Landsat 7 ETM+ image resulted in 
a statistical absolute value image which is 
relatively similar to the original composite image. 

 
Results of Modeling AR4-50 Image 
There are two models of image analysis: 
The first model is the model for the land object 
characteristic analysis system identification of the 
image data which has the capability of extracting 
classes of object land pixels. This is a model of 
transformation image data of AR-4 labeled as 
the separability AR4-50 image model. 
The second model is the class analysis system 
model of land use/land cover type which has the 
capability in combining land object pixel classes 
into a homogen land use classes. This is a model 
image data classification labeled as the class 
homogeneity SBP-AR4-50 image model. 
Separability AR4-50 Image Model: 
On the transformation model of Landsat 7 ETM+ 
and SPOT 5 XS images, two new transformation 
models (AR) were produced: 

 
TM of AR-4 (Landsat 7 ETM+ image) = 
(PCAband145 U Absband752 U band IL53) …..1) 
Remarks: 
TM of AR-4: The transformation model  

 
TM of AR-4 (SPOT 5 XS image) = (PCAband123 
U Absband432 U band IL42) ........... (2). 
Remarks: 
TM : The transformation model  
 

On the model of AR4 Landsat 7 ETM+ 
image, a linear regression model of three layers 
of image were obtained:  
Layer 1:Image of PCA band145: YPCA145 = 1.528 x  

+ 44.72 
Layer 2:Image of Absband752: Yabs752 = 0.968 x + 

6.03.                 
Layer 3:Image of IL (band5 - band3): Yil53 = 0.988 

x - 166.9…. 3) 
 

On the model of AR4 based on the SPOT 5 XS 
image, a linear regression model of three layers 
of image were obtained:  
Layer  1:Image of PCA band123: YPCA123 = 

1.717 x - 1.717 
Layer  2:Image of Absband432: Yabs432 = 

0.992 x - 0.992              .......  (4)  
Layer  3:Image  of IL (band4 - band2): Yil42 = 

0.828 x - 59.82 
 

Modeling analysis results of the class number (25 
classes, 50 classes, 75 classes) on Landsat 7 
ETM+ image using Isodata models produced 
linear regression models: 
yclass25 = -39.86 x2 + 95.48 x + 1909  
yclass50 = -56.63 x2 + 149.3 x + 1879........  (5)  
yclass75 = -50.48 x2 + 129.5 x + 1898  
 

The results of land object segmentation 
analysis (visual interpretation) revealed that the 
50 classes of model on the Landsat 7 ETM+ had 
the capability of extracting land cover class of 
84.64% out of 1,310,348 pixels or study area of 
117,931.32 ha. Of the two other groups of the 
class number, the 25 class and 75 class groups 
only had the capability of land cover class 
separation of 66.47% and 80.92%, respectively. 
Furthermore, the use of 50 classes group on the 
SPOT 5 XS image only has the separation of land 
cover classes of 71.29% out of 11,324,137 pixels. 
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Table 1. Model AR4-50 Test on Landsat 7 ETM+  Image, in 2003 and SPOT 5 XS Image, in 2011 

No. Parameter 
AR4 Landsat 7 ETM+, 

2003 
AR4 SPOT 5 XS, 

2011 

1 Class Number ( RGB 123 image: (Input) 50 classes 50 classes 
2 Classified Object: (output) 44 classes 50 classes 

3 
Mean 
Approach 
(Mean) 

Principal axis; 
Automatic 

Stdv. 9.96 12.38 
Min; Max;  

Mean 
7; 50; 
24.92 

1; 50; 
22.04 

Statistic 
Convergence 

Result 

Iteration 6 0.896 0.847 
Initialize 
Mean 

0.937 0.917 

4 Pixel Pair  Per Band Combination 946 1,225 
5 Separability pixel   

a Layer 1 (Red) 
TD BMS 1,114 1,316 
TD BAS 1,972.08 1,971.99 

b Layer 2 (Green) 
TD BMS 509 1,306 
TD BAS 1,951.49 1,982.28 

c Layer 3 (blue) 
TD BMS 10 -2,131 
TD BAS 1,817.64 1,811.98 

6 

Percentage of Pixel Class 
Extracted based on the Object 
Interpretation (Pixel number on 
Landsat 7 ETM+ image: 
1.310.348).  Pixel number on 
SPOT 5 XS image: 11.324.137) 

Type of 
Land 

uses/Land 
Cover (%) 

84.64 71.29 

Remarks: BAS = Best Average Separability; BMS = Best Minimum Separability. TD = Tranformed 
Divergence. 

 
TD is measurement technique of separate 

level between class pixels.  Table 1 shows TD BAS 
Band Reddadn Band Green (well separated), while 
TD Band Blue  (moderately separated). With Criteria:  

 
Homogeneity SBP-AR4-50 Image Model 

The SBP-AR4-50 image model is an 
advanced model of the AR4-50 model, modeled by 
using a knowledge-based system (KBS) with the 
purpose of integrating several different spectral 
classes (it is actually similar land use class) into a 
specific class by a logical conditioning. The logical 
conditioning is meant to be appropriate with SBP-
AR4-50, i.e. to make a logical statement if ... and... 
then. According to Danoedoro (2012), the process of 
merged classes is commonly incorporated into the 
post-classification module and operated by a logical 
conditioning. Further explanation is that this method 
could produce a new classified image or land cover 
maps with fewer class number, but it is more 

informative in describing variations in land cover in 
the study area.  

Image model of SBP-AR4-50 could simplify 
the number of 50 land classes generated by the 
Isodata method to be simple, flexible and applicable 
land use classes. As a simple model, it could shorten 
up to 14-15 land object classes. As a flexible model, 
it is easily modified to fix its purposes. As an 
applicable model, it could  be directly utilized by the 
users. The Image model of SBP-AR4-50 has a 
merging capability of more class objects into a few 
number of classes. 

Principally, the model of SBP-AR4-50 tries to 
change the spectral class pixels into a new class of 
pixels presented as a land use map. The 
classification results indicate that the pixel land cover 
classes were not entirely converted into land use 
classes because the dominance of the land in the 
study area covered the body of water, bare soils, 
grasses, shrubs and bushes. In addition, cloud cover 
and shadows cannot be incorporated into the land 
use classes. Thus, the model of SBP-AR4-50 
presented two groups of class attributes as the 
output. 

The model of SBP-AR4-50 worked with the 
pixel class groups of the Landsat 7 ETM+, the SPOT 

TD <=1.600 : not separated 
TD 1.601-1699 : poorly separated 
TD 1.700-1.899 : moderately separated 
TD 1.900-1.999 : well separated 

 TD 2.000 
: perfectly separated (Jaya, 

2002) 
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5 XS images in clusters, the standard deviation with 
relatively small values (9.96 to 12.38), the 
homogeneous color composite image, the pixel 
values separability of moderate-good category, and 
the various spectral classes number (44-50 classes). 
The model of 50 spectral classes resulted in some 
relatively similar spectral class objects, but different 
spectral values formed more than one class. The 
model of SBP-AR4-50 summarised the number of 
spectral classes into less number of land use and 
land cover classes relevant to the land use type 
attributes defined in the system. 

 
Results of Accuracy Test Model  

Homogeneity SBP-AR4-50 model on the 
Landat 7 ETM+ image uses 50 samples of field 
checks that could result in an overall accuracy of 
87.17% by using confusion matrix and Kappa 
(0.8649) method, while the SPOT 5 XS image 
generated an overall accuracy value by using 
confusion matrix of 72.15% and Kappa (0.7072).  
The results achieved by the Landsat 7 ETM+ image-
based SBP-AR4-50 data show that the pixels in the 
sample area had been well classified because its 
accuracy level (more than 80%)  was the limit defined 
in this study. These accuracy results were relatively 
similar to those of Abellera’s study (2005) using a 
knowledge-based systems / KBS) taken from the 
Landsat 7 ETM+ image in the mapping of the land 
cover surface, i.e. 86.2% (the result of confusion 
matrix). He further argues that the accuracy of more 
than 85% could be considered satisfactory. 
Furthermore, the accuracy results obtained by using 
SPOT 5 XS image were smaller than the limit set out 
in this study. These results are relevant to Richards 
and Jia (2006) that the image of the SPOT 5 XS 
(multispectral) with a 10 meter spatial resolution is 
often considered less detail in providing land use 
information in a scale of 1:50,000. 

Martínez and Mollicone (2012) explain that 
when analyses were support by high (10-30 m 
Landsat image data) or very high (<10 m) spatial 
resolution remote sensing data, good results were 
provided with overall accuracies above 87% in the 
identification of key elements where soil 
characterized land use classes. Furthermore, from 
the results of the study by Manandhar, et al. (2009), 
it was explained that applying post-classification 
correction (post-classification correction/PCC) using 
ancillary data and knowledge-based logic rules could 
increase the overall classification accuracy on 
Landsat-TM imagery of 2005 map from 79% to 87% 

of maximum likelihood classification (MLC) results on 
exraction land use/land cover (woodland, 
pasture/scrubland, vineyard, built-up, water-body). 

Regardless of Richards and Jia (2006), the 
low results obtained from the SPOT 5 XS image was 
also due to the large land object covered with clouds 
and shadows. As a result, there were some spectral 
pixel values of land which could not be separated 
from the clouds and shadows, particularly in the 
application of the SBP-AR4-50 model. In addition, in 
the case of  field sample selection, there were some 
sample points that were not used because the 
sample was covered by the clouds and shadows. 
This condition might be a contributor to the low 
accuracy. 

However, based on the result of the producer’s 
accuracy and user’s accuracy on the use of 
agriculture and forestry, it seemed to be relatively 
effective to be used to produce land use class maps 
for dryland agriculture such as mixed plantations and 
coconut plantations. This is because the value of the 
accuracy test results of the producer’s accuracy was 
about 100% and the user’s accuracy was about 
79.07% - 82.41%. Similarly, wetland agricultures 
such as rice fields and marine fisheries in the 
category of the producer’s accuracy ranged from 
75% to 100%, and the user’s accuracy ranged from 
80.83% to 100%. The result was relatively higher 
than that of Huang and Jensen’s (1997) study 
investigating the accuracy of the land classes (water, 
die vegetation, spikerush, mixed vegetation, 
broadleave trees and open area) by applying three 
methods, namely the expert systems, maximum 
likelihood, and Isodata using the SPOT image with 
user’s accuracy results of 74.16%, 65.07% and 
61.24%, respectively. 

Sutanto (1994) provides the criteria for the class 
accuracy of test results in the following ranking: 
>80% (excellent); 60-79% (good), 40-59% 
(moderate), 20-39% (poor); < 20% (very poor). 
Referring to the above criteria, the model shows that 
the results achieved by the SBP-AR4-50 using the 
data of the Landsat 7 ETM+ image were included in 
excellent criteria, while those using the SPOT 5 XS 
image resided in  good criteria. 

By considering the results achieved by the 
SBP-AR4-50 model, it indicates that this model was 
classified into relatively good to excellent to be used 
in the classification of land use/land cover in 
agriculture and forestry. The following are the results 
of image analysis using the SBP-AR4-50 model on 
the Landsat 7 ETM+ and SPOT 5 XS image. 
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Figure 2.  Land Use Class Result of SBP-AR4-50 on the Landsat 7 ETM+ Image, in 2003 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3.  Land Use Class Result of the SBP-AR4-50 on the SPOT 5 XS Image, in 2011 
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CONCLUSION AND RECOMMENDATION 
 

The use of the separability-homogeneity 
AR4-50 image model on the Landsat 7 ETM+ was 
included in an excellent category, while  that on the 
SPOT 5 XS image resided in a good category as a 
model in the classification of land use/land cover in 
agriculture and forestry. 

The separability-homogeneity AR4-50 image 
model is expected to be one of the development 
models of many previous models that could be 
considered in the remote sensing image data 
processing, particularly in agriculture and forestry. 
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