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normalized building index (NDBI) and panchromatic brightness value of an
object oriented classification rule extraction. The high vegetation coverage
area of buildings, and through the spatial relationships and distinguishing
feature of collections of buildings independent buildings and villages. The
results showed that Google earth high resolution image analysis and accuracy
evaluation. the results of the extraction based on the overall accuracy of vil-
lage extraction was 83%, the accuracy of extraction of independent buildings
was 70%, according to the L8 remote sensing data, object oriented classifica-
tion method can quickly and accurately extract the high vegetation coverage
area of the building.
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1. Introduction

The built up areas is important components of national and regional geographi-
cal database. Up-to-date spatial information of built-up feature on urban sprawl
is needed at local and regional scale. The location and area of built-up strongly

correlate with urban plan, resource management and military reconnaissance.
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The extraction of built-up information technology has an important application
in urban development planning, electronic information, national defence and
others [1] [2]. The earth observation satellite imagery serves as a promising
source to extract the land use/land cover classes. However, the extraction of ur-
ban built-up from remote sensing data is using traditional human interpretation
way and pixel-based approach. Compared to traditional approach, the extracted
objects by an object-based image analysis (OBIA) approach are more homoge-
neous than by pixels based approach and are closer to a visual human interpre-
tation with high classification accuracy [3]. The OBIA’s results (extracted ob-
jects) can be integrated within vector GIS more easily than classified raster maps.
Furthermore, OBIA approach utilizing a rule based integration and directly
builds into the existing knowledge pool, which can be applied on different satel-
lite images. Recent developments in OBIA based on multi-resolution segmenta-
tion have revolutionized the processing of high resolution sensed data by offer-
ing effective computer-assisted classification techniques that come close to the
quality of manual photo-interpretation, whilst being much faster, cheaper and
more reproducible [4]. Some successful built-up area extractions have been ob-
tained with this approach [5] [6]. Therefore, the aim of this study is to automatic
and quick extract the freestanding built-up area and villages from Chi-
na-Myanmar frontier with high vegetation coverage area using OBIA method
based on Landsat-8 imagery. The local variance method is conduced to indicate
the optimal segmentation scale in OBIA classification. The spectral and geome-

try feature characteristic were selected to establish OBIA classification rules.

2. Data and Method

2.1. Study Area Description and Remote Sensing Data

The study area is located in mountainous area, southwestern of Lincang Yunnan
province near the China-Myanmar frontier (Figure 1). The landsat-8 mul-
ti-spectral and panchromatic images acquired on the 7th March of 2015 were
used with track number of 131-33. The multi-spectral image is 30 m spatial res-
olution with 8 ands, and 15 m spatial resolution for panchromatic image. The
images for experiment was subset with 1024 pixel* 1024 pixel*. The preprocess-
ing steps included radiometric correction and geo-reference with the average
root mean square error below 1 pixel. The high resolution image was down-
loaded from Google earth as the reference data for classification accuracy as-

sessment.

2.2. Object-Oriented Classification Method

The template is used to format your paper and style the text. All margins, col-
umn widths, line spaces, and text fonts are prescribed; please do not alter them.
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Figure 1. The location of study area.

entire journals, and not as an independent document. Please do not revise any of
the current designations.

1) Multi-scale segmentation

Multi-scale image segmentation is a critical procedure that affects classifica-
tion quality [4]. The basic theory is the region merging method. The image seg-
mentation is started by merging a single pixel with the pixel around it in a high
homogeneity. When growing the size of a segment, its SD (standard deviation)
increases continuously, up to the point that it matches the object in the real
world. In numerous iterative steps, smaller image-objects are merged into larger
ones. The segmentation layers are different by setting the kinds of threshold for
different features. The ESP tool calculates the local variance as the mean stan-
dard deviation of objects for each object level obtained through segmentation.
The ESP tool provides a fast estimation of scale parameters for multi-resolution
segmentation in the Definiens software environment [7]. The graphics of the lo-
cal variance are used to evaluate the appropriate scale parameters, relative to da-
ta properties of the scene [8]. The peaks in the local variance graph indicate the
object levels at which the image can be segmented in the most appropriate man-
ner, relative to data properties at the scene level. To assess the dynamics of local
variance from an object level to another, we use a measure called rate of change
(ROC). Scale parameters represented by these break points are evaluated with
regard to their representation of different feature types by using visual assess-
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ment.

2) Image feature

a) Normalized Difference Build-up Index (NDBI)

NDBI (Normalized Difference Build-up Index, NDBI) is based on the differ-
ence in reflectance between two spectral bands. The gray value of city is highest
among the features, as the spectral range from the near infrared to shortwave
infrared. There is a strong reflection of shortwave infrared and a strong absorp-
tion of near infrared at the city surface, which is used to classify the city from the

image [9]. The NDBI was calculated following general equation:

NDBI = Pswir ~ Pnir (1)
Pswir t Pnir
where the py,; and pgyzare the mean surface reflectance in the near-infrared
and shortwave infrared spectral regions.
b) Normalized Difference Vegetation Index (NDVTI)
NDVI (Normalized Difference Vegetation Index, NDVI) is based on the dif-
ference in reflectance between two spectral bands [10].It can be calculated fol-

lowing general equation:

NDVI = Luir — Prep )
Pxir t Prep
where pyrand pyg, are the surface reflectance in the near-infrared and red spec-
tral regions.

As the NDVTI is less than 0, it represents the land surface is covered by the wa-
ter or snow. As the NDVI equal to 0, the bare soil and rock can be identified.
The NDVI can be lager with the higher fractional coverage, as NDVI over to 0.
The NDVI is widely used to predict the crop condition and monitor the vegeta-

tion with its susceptibility to green vegetation

3. Object-Oriented Classification Rules

The local variance method was used to calculate the segmentation optimization
scale in the object-based analyses (Figure 2 & Figure 3). The peaks in the local
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Figure 2. The local variance at multi-scale segmentation.
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variance graph indicate the object levels at which the image can be segmented in
the most appropriate manner, relative to data properties at the scene level. The
results of the ESP tool indicated significant peak within the local variance rate of
change curve at scale parameters of 5.

The NDBI, NDVI and the brightness value of panchromatic images were
used to classify the study area using the object-based analyses. The vegeta-
tion can be classified with the NDVT over 0.2, as the city and bare soil can be
identified using the NDBI and brightness value. The country and freestand-
ing can be separated with the geometrical characteristic and the distance to
field (Figure 4).

Before you begin to format your paper, first write and save the content as a
separate text file. Keep your text and graphic files separate until after the text has
been formatted and styled. Do not use hard tabs, and limit use of hard returns to
only one return at the end of a paragraph. Do not add any kind of pagination
anywhere in the paper. Do not number text heads—the template will do that for
you.

Finally, complete content and organizational editing before formatting. Please

take note of the following items when proofreading spelling and grammar:

(b)

Figure 3. The segmentation results from multi-scale segmentation. (a) Scale = 7; (b) Scale

= 5; (c) Scale = 3.
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Figure 4. The object-oriented classification rules.
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4. Classification Results and Accuracy Assessment

As shown in Figure 5, the number of 149 villages was extracted using ob-
ject-oriented classification method. There are 36 freestanding built-up lands
with average area 7903.75 m’. The overall accuracy of the villages and freestand-
ing built-up lands is 83.33% and 70.59% respectively. The area of freestanding
built-up less than 3600 m” cannot be identified with the limited of the spatial

resolution of the Landsat image (Figures 6-8).
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Figure 6. The classified village overlay in the Google earth (left) and Landsat imagery

(right).

Figure 7. The freestanding built-up at upslope hill overlay in the Google earth (left) and
Landsat imagery (right).
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Figure 8. The freestanding built-up at the top of hill overlay in the Google earth (left) and
Landsat imagery (right).

5. Conclusion

This study proposed a new framework that combines object-level classification
to detect built-up land in the high fraction coverage from high-spatial resolution
remote sensing images. The local variance was conducted to indicate the optimal
segmentation scale of 5 can produce high classification accuracy in object-based
classification. Furthermore, the NDVI, NDBI and brightness value was selected
to establish the classification rules. Most of the built-up area was scattered in the
large area of high vegetation Coverage Mountain, which resulted in the low clas-
sification accuracy using the traditional classification methods. The ob-
ject-oriented method is a robust and fast-way for built-up area extraction in high
vegetation coverage area. Our study can provide the basic data for village plan

and boundary safety.
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