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Abstract: Improvement of the classification accuracy is one of 
the major concerns in the field of remote sensing application 
research in recent years. Previous research shows that the accu-
racy of the conventional classification methods  based only on 
the original spectral information were  usually unsatisfied and 
need to be refined by manual edit. This present paper describes 
a method of combining the image processing, ancillary data 
(such as digital elevation model) and expert knowledge (espe-
cially the knowledge of local professionals) to improve the 
efficiency and accuracy of the satellite image classification in 
hilly land. Firstly, the Landsat TM data were geo-referenced. 
Secondly, the individual bands of the image were intensity-
normalized and the normalized difference vegetation index 
(NDVI) image was also generated. Thirdly, a set of sample 
pixels (collected from field survey) were utilized to discover 
their corresponding DN (digital number) ranges in the NDVI 
image, and to explore the relationships between land use type 
and its corresponding spectral features . Then, using the knowl-
edge discovered from previous steps as well as knowledge 
from local professionals, with the support of GIS technology 
and the ancillary data, a set of conditional statements were 
applied to perform the TM imagery classification. The results 
showed that the integration of image processing and spatial 
analysis functions in GIS improved the overall classification 
result if compared with the conventional methods. 
Keywords: Land use classification, TM, GIS, Expert knowl-
edge.  
 
 

1. Introduction 
 

Earth surface system is the material base human being 
relies on. Its most remarkable landscape characteristic is 
land use / or land cover [1]. With the rapid development 
of computer science and spatial information technology, 
Remote Sensing, integrated with GIS and GPS technol-
ogy, has become one of the most powerful tools  for 
monitoring land use changes. Several methods and pa-
pers exist for land use classification using satellite Re-
mote Sensing data [2] [3] [4]. Previous research shows 
that, improvement of the remotely sensed data classifica-
tion accuracy is the major concern of many researchers 
[5] [6] [7] [8] [9] [10]. In conventional Remote Sensing 
classification methods, Maximum Likelihood (ML) clas-
sifier is most widely used since it takes into account the 
shape, size and orientation of a cluster thus it can usually 
provide the best results. But this classification method 
assumes the training samples to be normally distributed 
[11]. Such ideal situation may not occur in many cases 

especially in mountainous and hilly areas where the im-
pacts of topographic shadows on the remotely sensed 
data were obvious and inevitable. In present paper, in-
tensity normalization of the individual spectral bands of 
the TM imagery is introduced and implemented to 
minimize  the topographic variations. Previous study also 
shows that spectral classification alone is very often not 
sufficient for extracting land use data, the conventional 
classification methods based only on the original spectral 
information were usually far from satisfaction and need 
further improvement by manual edit. By combining the 
ancillary data (such as the digital elevation model and 
the digital historical land use map) and expert knowledge 
of the study area, the classification accuracy can be ap-
parently improved, as demonstrated below taking Langqi 
Island as an example. 

 
2. Study Area and Data 

 
The study area (Langqi Island, belongs to Fuzhou city, 

Fujian province, China) selected for this research is lo-
cated in the southeast coast of China. As an agriculture-
first and hilly island, quantity and quality of the cult i-
vated land is always the major concern of land use re-
lated decision-makers and researchers in this area. 
Available Landsat TM data of this area was acquired on 
23rd September 1999. A sub-image of size 391 pixels 
(columns) by 294 pixels (rows) covering the Langqi Is-
land was extracted for processing. Data available also 
include: Langqi Island land use map (Year 1998, digital 
format, scale 1:10,000) and Langqi Island digital eleva-
tion model (DEM), at 30 m resolution, derived from the 
scanned topographic map of the study area (20 m con-
tours, scale 1:10,000). 
 

3. Data Processing 
 
1) TM Image Processing and Maximum Likelihood 
Classification 
 

The subset Landsat TM image covering the area of in-
terest was firstly geo-referenced using control points 
from the 1:10,000 topographic map of the study area (In 
order to combine data from different sources for further 
analysis, all data should be converted or registered to the 
same coordinate system, in this research, the Gauss-



Krüger map projection with Beijing 54 coordinate sys-
tem was chosen). All the spectral bands, excluding TM 
band 6, were used. To minimize the topographic effects, 
Shrestha et al. put forward the formula for spectral bands 
normalization [12] and in present study it was adopted 
and edited as follows:  

 
NBi = 255(OBi/ΣOBi + C)    i = 1 to 6   (1) 
 

Where OBi is the original spectral bandi and NBi is the 
newly created band normalized by total intensity (C is a 
small enough number, e.g., 0.01, to make sure the nu-
merator will not be divided by zero). The constant 255 is 
used to fit the data in a range of 0 to 255. The resulting 
bands have the characteristics that the sum of any pixel 
values is 255 due to normalization. After normalization 
of the original bands, it can be assumed that the TM data 
is nearly normally distributed. The ML algorithm is then 
applied to classify the TM image. The classification in-
volved in the identification of paddy field, dry land, 
vegetable field, orchard, forest, residential areas, water 
body, and sea beach. The classification results were 
checked by a set of testing pixels collected from field 
survey, showing 88 percent accuracy for water body, 80 
percent accuracy for forest, 76 percent for sea beach, 74 
percent accuracy for orchard, 73 percent for residential 
area, 68 percent for vegetable field, 67 percent for paddy 
field and 62 percent for dry land (Table 1). As shown in 
Table 1, water body got the highest classification accu-
racy while the cultivated land (including paddy field, dry 
land and vegetable) got the lowest one. It was found that 
classification of cultivated land was only about 66 per-
cent correct since some of the testing pixels were mis -
classified as orchard (mainly) and other land use types. 
The results clearly demonstrated the difficulty in classi-
fying cultivated land and orchard. 
 
Table 1. Accuracy of the ML classification results . 

Land use type Accuracy (%) 

Paddy field 67 

Dry land 62 

Vegetable field 68 

Orchard 74 

Forest  80 

Residential area 73 

Water body 88 

Sea beach 76 

 
2) Improving Cultivated Land Classification 
 

To explore the relationship between each land use type 
and its corresponding spectral features and to improve the 
classification accuracy of cultivated land, the ancillary 
data, i.e., the historical land use map of Langqi Island 
(Year 1998), the DEM and the NDVI were introduced 
and the following steps were taken: 

Step 1: Firstly, the Langqi Island land use digital map 
(in vector format) was converted from coverage to grid 

by using the ARC/INFO command POLYGRID. Sec-
ondly, GRIDIMAGE command was used to convert the 
grid into the specified image format (in this  research, 
ERDAS IMAGINE’s img file format was the choice) 
[13]. Thirdly, the newly created land use image was geo-
referenced into the Gauss-Krüger map projection with 
Beijing 54 coordinate system. Fourthly, the cultivated 
land use image and the orchard land use image were ex-
tracted from the geo-referenced land use image by using 
the conditional statements such as “EITHER (land use 
map image pixel value) IF (land use map image pixel 
value = 10) OR 0 OTHERWISE ” in the ERDAS IMAG-
INE environment. Fifthly, the extracted cultivated land 
use image and orchard land use image was used as mask 
respectively to subset the geo-referenced TM image (be-
fore normalization). Therefore, we got the multi-spectral 
images (containing all the 6 bands, i.e., TM band 
1,2,3,4,5 and 7) for cultivated land and orchard and the 
spectral features of these two land use types could be 
explored and found. That could serve as spectral knowl-
edge for further processing. 
 

Step 2: Except for the spectral knowledge discovered 
from previous steps, the intensity normalized difference 
vegetation index (NDVI) was also generated from the 
spectral bands in the near-infrared and red portions of the 
spectrum (Landsat TM bands 4 and 3), using the follow-
ing formulae which was incorporated in the ERDAS 
IMAGINE’s graphical model library named 
“vge_ndvi.gmd ” [14]: 

 
Ni = (TM4 − TM3) / (TM4 + TM3)    (2) 

 
NDVI = 255 [Ni − Min (Ni)] / [Max (Ni) − Min (Ni)] (3) 

 
Where formula (2) was used to calculate the original 

values of the intensity normalized difference vegetation 
indexes of each pixel of the image while the formula (3) 
was used to convert the fractional values returned from 
formula (2) to integers and make  them fall into the range 
of 0 to 255 (i was the number of the pixels of the image). 

By overlaying the land use map imageries (generated 
in Step 1) with the NDVI image, experiments were con-
ducted to find the NDVI threshold value ranges for dif-
ferentiation between vegetation and non-vegetation (K1 
to K2) and between cultivated land and orchard land (K3 
to K4). These threshold value ranges were also to be 
served as spectral knowledge.  

During the field survey, it was noticed that cultivated 
land (especially the paddy field and vegetable field) of 
the Island generally did not develop at elevations higher 
than 20 m above mean sea level (confidence level = 0.85) 
while the orchard usually grow on the elevations higher 
than 20 m (confidence level = 0.75). The confidence 
level was decided by the local professionals and had 
been tested through random samples testing. 

By combining all the knowledge discovered from the 
steps mentioned-above, some conditional (“IF, THEN, 
ELSE”) and logical (“AND”) statements were put for-



ward as follows: 
 
IF NDVI > K1 AND NDVI < K2 
THEN Land use = “vegetation” 
ELSE land use = “non-vegetation” 
 
IF NDVI > K3 AND NDVI < K4 AND DEM < 20 m 
THEN land use = “Cultivated land”   
 
Where (K1, K2) was the NDVI threshold value range 

for differentiation between vegetation and non-
vegetation while (K3, K4) was the threshold value range 
for “Cultivate land” and “Orchard”. 

 By using the above conditional statements, the over-
all classification accuracy of the cultivated land and or-
chard were improved to 73% and 78% respectively. 

 
4. Conclusions 

 
Maximum Likelihood (ML) classification could pro-

duce good results with the assumption that the distribu-
tion of its training samples was normally distributed. To 
minimize the topographic effects on the classification of 
TM imagery in hilly area, the method of normalization 
of the individual bands by total intensity was introduced 
and then the ML algorithm was applied. Integrating mu l-
tiple approaches yields better results than just only one 
method. This research has advantages over the tradi-
tional methods of land use classification by integrating 
the ancillary data (e.g., historical land use digital map 
and DEM) and expert knowledge into the image classifi-
cation process. Therefore, the overall classification accu-
racy was considerably improved. 
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