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ABSTRACT

Land cover classification information plays a very important role in various applications. Airborne Light
detection and Ranging (LiDAR) data is widely used in remote sensing application for the classification of land
cover. The present study presents a Spatial classification method using Terrasoild macros . The data used
in this study are a LiDAR point cloud data with the wavelength of green:532nm, near infrared:1064nm and
mid-infrared-1550nm and High Resolution RGB data. The classification is carried in TERRASCAN Module
with twelve land cover classes. The classification accuracies were assessed using high resolution RGB data.
From the results it is concluded that the LiDAR data classification with overall accuracy and kappa coefficient

85.2% and 0.7562.
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I. INTRODUCTION
With the increasing demand for basic human
needs, the information of land use and land cover
is important. This information of land cover
classification is wused for effective selection,
planning and implementation of
schemes[1l]. Recent advancement in
sensing technology used to collects both aerial and
satellite data in repetitive basis and the remote
sensing information together with GIS helps to
generate various models of land  cover
classification. LiDAR is one of the advanced data
sets used for the land cover classification. Light
detection and ranging (LiDAR) shows enhanced
spatial properties (elevation) [2]. The elevation
information is used separate various land cover
features [3]. For the classifications of LiDAR data
studies have been conducted. For the classification
of LiDAR point cloud data mostly use two types of
classification techniques object-based
classification and supervised classification. In

land wuse
remote

object based classification the spatial parameters
like elevation, size, shape etc.,[4] and threshold of
indices were used[5]. In supervised classification
the LiDAR point cloud data was segmented and
classified using supervised classification
algorithms like support vector machine[6], k-NN
algorithm|[7], artificial neural network classifier|[8]
are used. In this study classification is done using
Terrasoild (Terrascan, Terrascan, Terraphoto, and
Terramodel).

II. DATA AND STUDY AREA

Data

In order to reconstruct both a three-dimensional
model and a segmentation of semantic classes for
an urban scene a data fusion contest has been
organized by the Image Analysis and Data Fusion
Technical Committee (IADFTC) of the IEEE
Geosciences and Remote Sensing Society (GRSS),
the Johns Hopkins University (JHU), and the
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Intelligence Advanced Research Project Activity
(IARPA). In Data Fusion Contest 2018 are acquired
by National Center for Laser Mapping, NCALM on
February 16, 2017 between 16:31 and 18:18 GMT.
The sensors that are used in the acquiring data are
an Optech Titan MW (14SEN/CON340) with
integrated camera (a LIDAR sensor operating at
three different laser wavelengths), A DiMAC
ULTRALIGHT+ a very high-resolution color imager
with 70mm focal length, An ITRES CASI 1500 (a
Hyperspectral imager).

Study area

The study area that is taken for the present study
is part of Houston city which is in the U.S. state of
Texas. It is in southeast Texas near Galveston Bay
and the Gulf of Mexico.

The data
Multispectral-LiDAR point cloud data at 1550 nm,
1064 nm, and 532 nm; Intensity raster from first
return per channel and DSMs at a 50-cm GSD,

used in this study are

Hyperspectral data covering a 380-1050 nm
spectral range with 48 bands at a 1-m GSD, Very
high resolution RGB imagery at a 5-cm GSD. The
image is organized into several separate tiles.

Figure.2, Airborne LiDAR data

I1l. METHODOLOGY

The methodology of the present study includes
classification of Lidar point cloud data. For the

classification the land cover classes considered are
Ground class, low points, Residential buildings,
Commercial buildings, Low vegetation, medium
vegetation, high vegetation, roads, soil, fly-over,
parking lot, metallic objects, stadium, power lines,
railway track and open spaces.

Classification of LiDAR point cloud data

The classification of LiDAR was carried out using
Tarascan model. The prior to the classification
noise present in the data was removed manually.
After the noise removal the ground and non-ground
points were classified using ground routine. The
non-ground points are further classified into
various land cover classes using routines available
in the model. Building routine was used to classify
residential and commercial buildings. Roads were
classified using centerline method, elevation from
the ground used to classify vegetation. Likewise,
other landcover classes were classified using
different routines and manually using terra photo
model [17]. The accuracy assessment was carried
out in ArcGIS[3].

IV. RESULTS AND DISCUSSION
In this study Spatial classification of LiDAR data
was performed using TERRASCAN using macros
containing routines form some classes. The result
of classification is shown in fig 3.,

Classification of LiDAR point cloud data:

The classified image of LiDAR point cloud data
was able to distinguish limited LULC features.
Macros with in-built routine classes are used to
perform the classification. Some of the classes are
manually classified using Terraphoto model. The
misclassified points are also corrected in various
classes like residential buildings, commercial

buildings, high vegetation etc, other than these
land cover feature can have performed power line
classification. Without manual classification most
of the points were misclassified due to the lack of
required spectral information.
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Figure.3,.calassified lidar data

Tablel., User and Producers accuracy

ground | producer | user
truth accuracy | accuracy
Ground 65.71 65.71 100.00
Below
ground 100 100.00 41.67
Low
vegetation 90 90.00 87.80
Medium
vegetation 78.75 78.75 100.00
High
vegetation 66.66 66.67 84.21
Residential 96.9 90.91 56.18
Commercial 83.33 83.33 76.92
Roads 85 85.00 68.00
Railway line 57.5 57.50 100.00
Parking lot 68.57 68.57 54.55
Open
spaces 70 70.00 100.00
Power lines 100 100.00 100.00

m ground truth

® producer acc

user acc

Figure.4, Chart showing producer and user

Tablel, presents the Ground truth points,
Producer accuracy and User's accuracy. From the
chart it is overserved that Producers accuracy for
below ground, residential, and power lines are
showing maximum accuracy while ground points,
medium vegetation, railway lines, open spaces and
power lines are showing maximum accuracy in
User's accuracy. The overall accuracy of the spatial
classification is 85.2% and kappa coefficient is
0.7562..

V. CONCLUSION

This paper presents a work flow for LiDAR point
cloud data classification using Terrasoild modules
mainly Terrascan. The main goal of this paper is to
classify the LiDAR point cloud data into maximum
number of classes using only macros available in
Terrasoild. Most other previous studies use small
number of generic classes like buildings, roads,
water bodies etc., While in this study we used 12
classes for finer classification. But the classes like
railway lines, open spaces and High vegetation
needs more. Our future work will be focusing to
Fusion of LiDAR point cloud data and
hyperspectral data and classification of integrates
data using various methods like Object based
classification, SVM classification etc.,
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