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Land cover classification using LIDAR intensity data
and neural network
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Abstract

LiDAR technology is a combination of laser ranging, satellite positioning technology and digital image technology
for study and determination with high accuracy of the true earth surface features in 3D. Laser scanning data is typically
a points cloud on the ground, including coordinates, altitude and intensity of laser from the object on the ground to the
sensor (Wehr & Lohr, 1999). Data from laser scanning can produce products such as digital elevation model (DEM),

digital surface model (DSM) and the intensity data.

In Vietnam, the LIDAR technology has been applied since 2005. However, the application of LiDAR in Vietnam is
mostly for topological mapping and DEM establishment using point cloud 3D coordinate. In this study, another appli-
cation of LiDAR data are present. The study use the intensity image combine with some other data sets (elevation data,
Panchromatic image, RGB image) in Bacgiang City to perform land cover classification using neural network method.
The results show that it is possible to obtain land cover classes from LIDAR data. However, the highest accurate classi-
fication can be obtained using LiDAR data with other data set and the neural network classification is more appropriate
approach to conventional method such as maximum likelyhood classification.
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1. Introduction

Intensity image is often used to create black and white
orthogonal image. Given the spectral profile of the ligh
LiDAR around the wavelength from near-infrared and
infrared, intensity image similar to spectral image of remote
sensing image in the thermal band, infrared and near infrared.
Orthogonal images that are generated from intensity image is
not similar to black and white aerial photographs or panchro-
matic satellite images. Therefore, using LiDAR intensity
images to establish the map should be supplement to this data
source to obtain information on the ground. Furthermore, one
advantage of the LIDAR intensity is that this ease the problem
of the object’s shadow as that of optical remote sensing
images (Yan & Shaker, 2010).

LiDAR intensity image is also used in other application

such as determining the level of flooding. From the intensity

image and LiDAR elevation data, it is possible to determine
the extent of flooding under the trees in the river basin area
(Lang & McCarty, 2009). LiDAR intensity image can also be
used to determine the flow and age of lava (Mazzarini ef al.,
2009). The LiDAR beam, which passes through the canopy to
the ground, enable the determination of the routes in the
mountainous terrains (White et al., 2010).

Although used in many different applications, intensity
image is usually used in the classification and identification of
land cover (Antonarakis et al., 2009). In the world, a series of
studies were performed to determine the land cover based on
intensity image and elevation data (Tymkow & Borkowski,
2008). However in Vietnam, the application of the intensity
data has not been much interest. In this paper the possibility of
using intensity data for the land cover classification, the most
appropriate classificiation methods, and the most usable data

sets are defined.
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2. Land cover classification methods
using the intensity image

2.1. The LiDAR data and other data sets

used in land cover classification

Intensity image was used to classify land cover map in
many different studies. Intensity image is used in combination
with remote sensing image with equivalent spatial resolution.
The intensity images were interpolated from the point cloud
for resolution of 0.5m - 1m. Thus, the remote sensing images
used in combination with LIDAR intensity data for land cover
classification are high-resolution images such as QuickBird,
IKONOS, etc. (Barbarella et al., 2004).

In addition remote sensing images, one of the data obtain
during the LiDAR point scanning is RGB image with high
resolution. This is often used along with the intensity image
and elevation data in the land cover classification map (Diez
et al., 2008; Tymkow & Borkowski, 2008). Several studies
use both panchromatic images and intensity image in combi-
nation with elevation data for the land cover classification
(Hosomura & Kanazawa, 1998). Even some researchers used
the ground image addition to the classification process to
improve the accuracy for classification (Hu, 2006)

One problem in using intensity data in determining land
cover is the noise of the LiDAR signal. The relative data is
often noisy that does not reflect the true nature of the ground
reflection (Yan & Shaker, 2010) so it is required that the noise
should be removed using the filter techniques before perfor-
mance the classification process. The noise filter must be per-
formed within the data processing of LiDAR point cloud
obtained.

2.2. Methods of land cover classification
using LiDAR intensity data

The conventional land cover classification methods such as
the maximum likelihood method and the minimum distance,
can be used for data combination of LIDAR intensity data and
the different elevation data between DSM and DEM. In addi-
tion, some secondary data may be used for land cover classifi-
cation as LiDAR point density, change surface model, etc.
(Tymkow & Borkowski, 2008).

Decision tree classification method is one of the methods

that has the advantage in land cover classification from
LiDAR data. Since the LiDAR intensity data is often classi-
fied in combination with elevation data, which most of objects
are classified based on the difference between the elevation of
DEM and DSM (Garcia et al., 2009). However, classification
by decision tree method will encounter some difficulties when
using the intensity image because the separation of gray scale
of multiple objects on the ground in the image is not clear so it
can lead to the error.

Because LiIDAR data is 3D data so we are able to identify
some object on the ground-based blocks such as the buildings,
trees, etc. In addition, we may combine with data from other
remote sensing data to build more secondary data as texture
data to identify objects on the ground (Sasaki et al., 2011).
Classification method using feed-forward neural network also
can be used for land cover classification, in which the output
value of neural in output layer must have value 0 and 1, and
the input value is the gray-scale of the bands. All of these
methods will be considered and tested in this study to define

the most appropriate one for land cover classficiation.

3. Experiment of land cover classification
using intensity LiDAR data

3.1. Data and the area of study

The study area is located in Bacgiang City in Vietnam.
Experimental area is about 1km x 1km with flat terrain, this
area also has a variety of features as residential areas, agricul-
tural areas, the Thuong river, and many lakes, trees. The study
area was scanned by LiDAR system with AIC digital camera
and LIDAR Harrier56 scanner to build the geographic infor-
mation database at the scale of 1/2000 together with the
DEM and DSM in 2007.

In this study, the input data includes intensity image in Bac
Giang city with resolution of 1 meter (Figure 1 (a)), panchro-
matic World View 1 that was taken at the same time with res-
olution of 0.5m (Figure 1 (b)), DEM and DSM with resolu-
tion of 0.5m (Fig. 1 (c) and (d)) and RGB image with resolu-
tion of 0.25m. All of the images were taken on VN2000 coor-
dinate system, zone 30, center meridian 107000. The images
were mosaiced into one file and intensity image resolution

was increased to 0.5m by using nearest neighbor gray scale
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Figure 1. (2) LIDAR intensity image with resolution of 1m, (b) World View panchromatic image with resolution of 0.5m, (c) DSM with resolu-
tion of 0.5m (d) DEM with resolution of 0.5m

interpolation and RGB image resolution was reduced to 0.5m
by using nearest neighbor interpolation.

In addition, the cadastral map 1:1000 of the study area is
used as the reference data for accuracy assessment. It showed
that the intensity data still contains a lot of noise values need
to study to eliminate for the classification can be achieved
with higher accuracy. For example, observe Figure 1(a) we
can see that at the location on the water of Thuong river, in
accordance with the theory of intensity then the gray-scale
value should be very small, aproximate 0. But there are some
pixels with very high gray scale values, even up to 255 on §

bit images. However, the noise filtering of the intensity is

beyond the scope of this study, so the usability of intensity

. . .. Figure 2. RGB image was taken at the same time LiDAR scaning
1mage was assessed using existing data.
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3.2. Experiment
After field survey and examination of the properties of
reflection and elevation data, there are six types of land covers
identified such as houses, asphalt roads, water, grass and low
trees, high trees and bare soil. To evaluate the usability of the
reflectvie intensity LiDAR images in remote sensing image
classification, land cover classification was implemented with
the existing data sets as follows:
- Land cover classification only base on intensity image
- Classification base on intensity image and elevation dif-
ference image between DSM and DEM
- Classification base on intensity images, elevation differ-
ence image between DSM and DEM and panchromatic
World View image
- Classification base on all existing data including intensity
image, difference elevation image between DSM and
DEM, panchromatic World View image, and RGB image
To evaluate of classification algorithm, it is necessary to per-
form empirical land cover classification using different classifi-
cation algorithms such as minimum distance, maximum likeli-
hood, neural network classification method. The land cover
classification is combined between decision tree classification
method and other methods. First, the classification was per-
formed by dividing objects into two groups: high height fea-
tures (group 1) and low height features (group 2). The high
height features include houses, and high trees classes. The low
height features include water, grass and low trees, road and bare

soil. After field surveys and using RGB image with resolution

Figure 3. The Objects with low height (white) and the objects with
high height (black)
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of 0.25m to evaluate, it is possible to classify that the low height
features have height above the ground < Im. And the features
with height > 1 m will belong to group 1. Based on the above
criteria we can identify the features of group 1 are the black
areas and the features of group 2 are the white areas in the
Figure 3.3. Figure 3.3 will be used as a mask for the land cover
classification and two groups will be classified separately.
Through the survey properties of gray scale of the group 1, the
roof layer consisting of two groups with different spectral profile
as tile roof, metal sheet roof and the concrete roof. At some loca-
tions of group 1, due to the DSM, manufacturers have used all the
measured points of reflective impulse group except the last group
to interpolate the DSM. At these locations, even the water class
has height values of greater than 1. Therefore, the objects of
group 1 will consist of the following land cover: tile roof, con-
crete roof, water, trees, bare soil. And the land cover of group 2
will consist of river water and lake water, dry bare soil and wet

bare soil, and grass (which include the vegetable and crops).

3.3. Results

* Determination of the appropriate classification
method

To evaluate the appropriate classification method for the
LiDAR data, three classification methods were used such as min-
imum distance, maximum likelihood and neural network.
Classification results from these three methods are shown in
Figure 4 (a), 4(b) and 4(c). Evaluting the classification result
based on a combination of data including intensity image, eleva-
tion data, panchromatic image and RGB image, it is showed that
the results of classification using minimum distance classification
is less accurate than other methods, which there are some areas of
Thuong river classified as house class.

The error matrix for each classification method result in Table
1, Table 2 and Table 3 also shows that the neural networks classi-
fication method produced land cover classes with the highest
accuracy.

Based on these results, evaluation of different data groups such
as LIDAR intensity data and elevation data, LIDAR intensity data
elevation data, and panchromatic image and LiDAR intensity,
data elevation data, panchromatic image and RGB imageare was

implemented based on the neural network classification method.
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Figure 4. (a) Classification of group 1 using minimum distance method, (b) Classification of group 1 using maximum likelyhood method, (c)
Classification of group 1 using neural network

Table 1. Error matrix of classification using minimum distance method

Reference
Class Tree Water Tile roof |Concrete roof| Bare soil Unclassified
Unclassified 0.00 0.00 0.00 0.00 0.00 0.00
é Tree 98.37 18.18 0.00 0.08 0.00 36.89
é Water 1.22 71.53 0.37 1.09 233 18.20
% Tile roof 0.00 10.23 89.14 2.26 0.00 19.24
o Concrete roof 041 0.00 0.46 84.49 5.06 17.39
- Bare soil 0.00 0.07 10.03 12.07 92.61 8.28
All 100.00 100.00 100.00 100.00 100.00 100.00
Table 2. Error matrix of classification classes using maximum likelihood method
Reference
Class Tree Water Tile roof |Concrete roof| Bare soil Unclassified
Unclassified 0.00 0.00 0.00 0.00 0.00 0.00
é Tree 100.00 0.35 0.00 0.08 0.00 33.09
é Water 0.00 99.65 23.00 1.42 0.00 28.75
'% Tile roof 0.00 0.00 70.84 3.10 0.39 13.59
&} Concrete roof 0.00 0.00 0.83 93.80 73.93 22.17
Bare soil 0.00 0.00 5.34 1.59 25.68 241
All 100.00 100.00 100.00 100.00 100.00 100.00
Table 3. Exrror matrix of classification using neural network
Reference
Class Tree Water Tile roof |Concrete roof| Bare soil Unclassified
Unclassified 1.01 0.14 0.82 0.17 35.75 2.88
_§ Tree 98.99 0.00 0.00 0.00 0.00 32.04
é Water 0.00 99.86 0.00 0.00 0.00 23.64
'2 Tile roof 0.00 0.00 92.88 427 0.25 17.48
O Concrete roof 0.00 0.00 0.27 88.54 0.00 17.33
Bare soil 0.00 0.00 6.02 7.03 64.00 6.63
All 100.00 100.00 100.00 100.00 100.00 100.00
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* Determination of the best data set for the land cover
classification
After the classification based on neural network classifica-
tion method for the group 1 and 2, Tables 5, 6 and 7 are the
error matrix of the land cover classification classes deter-
mined from different data sets include:
Group A: Intensity data and elevation data (Table 4)
Group B: Intensity data and elevation data + Pan image
(Table 5)
Group C: Only include RGB image (Table 6)
Group D: Use all types of data to perform classification
(Table 3)
For group 2, the classification was also performed as group
1, we use four different data sets include:
Group A: Intensity data and elevation
Group B: Intensity data and elevation + Pan image

Group C: Only include RGB image
Group D: Use all types of the data to perform classification

@

including intensity image, elevation data, RGB image and
PAN image.

Figure 6(a), 6(b), 6(c) and 6(d) are classification results
from using data sets A, B, C, and D. The error matrix for the
four cases are in Table 7, Table 8, Table 9 and Table 10 to

evaluate the classification accuracy of the different data types.

4. Analysis and evaluation

The results of the classification will give the highest accura-
cy when using aggregate data, including intensity image,
LiDAR elevation data, panchromatic image and RGB image.
With the two groups of the land cover layers (group 1 and 2),
the accuracy of classification when using all types of data are
reaching very high of 93.7% and 90.3%, respectively. If the
intensity and LIDAR elevation data is used only, then the
accuracy s relatively low with only 69.2% for the group 1
and 48.2% for the group 2.

Figure 5. (a) Classification of group 1 using intensity image and LIDAR elevation data, (b) Classification of group 1 using intensity image, eleva-
tion data and panchromatic image, (¢) Classification of group 1 using RGB image without intensity image and panchromatic image

Table 4. Error matrix of land cover classification using intensity data and elevation LiDAR data

Reference
Class Tree Water Tile roof |Concrete roof| Bare soil Unclassified
Unclassified 1.01 0.14 0.82 0.17 35.75 2.88
é Tree 94.55 0.00 15.78 2.68 0.25 33.97
é Water 0.00 99.86 0.00 0.00 0.00 23.64
'% Tile roof 444 0.00 83.39 97.15 64.00 39.52
C Concrete roof 0.00 0.00 0.00 0.00 0.00 0.00
Bare soil 0.00 0.00 0.00 0.00 0.00 0.00
All 100.00 100.00 100.00 100.00 100.00 100.00
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Table 5. Error matrix of land cover classification using intensity data, elevation LiDAR data and panchromatic image

Reference
Class Tree Water Tile roof |Concrete roof | Bare soil Unclassified
Unclassified 1.01 0.14 0.82 0.17 35.75 2.88
é Tree 95.25 0.00 15.60 3.10 1.25 3431
é Water 0.00 99.86 0.00 0.00 0.00 23.64
'2 Tile roof 1.92 0.00 75.36 44.52 0.00 22.81
o Concrete roof 0.00 0.00 0.00 0.00 0.00 0.00
Bare soil 1.82 0.00 8.21 5222 63.00 16.37
’» All 100.00 100.00 100.00 100.00 100.00 100.00
Table 6. Error matrix of land cover classification using RGB image
Reference
Class Tree Water Tile roof |Concrete roof| Bare soil Unclassified
Unclassified 1.01 0.14 0.82 0.17 35.75 2.88
é Tree 98.99 041 0.00 0.08 0.00 3215
é‘ Water 0.00 98.48 94.53 0.75 0.00 40.39
'% Tile roof 0.00 0.97 438 10.71 5225 6.52
o Concrete roof 0.00 0.00 0.27 88.28 12.00 18.07
Bare soil 0.00 0.00 0.00 0.00 0.00 0.00
All 100.00 100.00 100.00 100.00 100.00 100.00

Figure 6. (a) Classification result of group 2 base on reflective image and elevation data, (b) Classification result of group 2 base on intensity
image, elevation data and Panchromatic image, (¢) Classification result of group 2 base on RGB image, (d) Classification result of group 2 base

on intensity image, elevation data, Panchromatic image and RGB image
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Table 7. Error matrix of land cover classification of the group 2

Reference
1 Class Road Lake water | River water Grass Dry bare soil | Wet bare soil | Unclassified
Unclassified 0.00 14.62 0.00 0.00 0.00 0.00 1.89
= Road 0.00 0.00 0.00 0.00 0.00 0.00 0.00
'g Lake water 0.00 81.64 43.97 0.00 0.00 2.76 23.16
sé River water 0.32 0.50 1.89 1.24 0.00 0.96 1.05
& Grass 99.28 0.56 16.00 89.17 100.00 2.09 40.04
© Dry bare soil 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Wet bare soil 0.40 2.68 38.14 9.59 0.00 94.19 33.86
All 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Table 8. Error matrix of land cover classification of group 2 using intensity and LiDAR elevation and panchromatic image
Reference
Class Road Lake water | River water Grass Dry bare soil | Wet bare soil | Unclassified
Unclassified 0.00 14.62 0.00 0.00 0.00 0.00 1.89
= Road 52.68 0.00 1.15 217 5.05 0.07 6.50
'é Lake water 1.84 73.24 0.00 1.38 0.00 042 10.00
5% River water 0.24 8.71 82.55 373 0.00 10.90 26.76
=§ Grass 35.01 0.00 1.12 74.46 72.67 20.50 28.45
“Drybaresoil | 895 0.00 810 226 2111 0.00 552
Wet bare soil 1.28 3.42 7.07 16.00 1.18 68.11 20.89
All 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Table 9. Error matrix of land cover classification of the group 2 using RGB image
Reference
Class Road Lake water | River water Grass Dry bare soil | Wet bare soil | Unclassified
Unclassified 0.00 14.62 0.00 0.00 0.00 0.00 1.89
= Road 93.53 0.00 66.03 0.00 51.64 0.00 3234
'JE Lake water 0.00 85.38 0.00 0.00 0.00 0.00 11.04
EE River water 3.28 0.00 2546 0.00 404 0.00 7.65
é Grass 0.08 0.00 0.00 90.27 0.84 0.00 15.85
© Dry bare soil 3.04 0.00 8.52 8.90 29.52 0.18 7.04
Wet bare soil 0.08 0.00 0.00 0.83 13.96 99.82 24.19
All 100.00 100.00 100.00 100.00 100.00 100.00 100.00

The accuracy of classification is improved with supplement
of panchromatic image to LiDAR data. The accuracy of clas-
sification increased significantly in group 1 to 72% and the
accuracy of group 2 classification by 21% to 69%. The RGB
image can also be used to classify land cover with relatively
high accuracy up to 73% with the group 1 and to 68% with
the group 2. However, if RGB image is used as the only

source of data for land cover classification, the classification
accuracy of each class is not similar to the others. Some class-
es have very high precision while other classes are so low.
This can be seen clearly in Table 9, while the road surface is
classified with an accuracy increased to 93%, the accuracy of

classification for dry bare soil is only 25%.
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Table 10. Error matrix of land cover classification of the group 2 using RGB image, LIDAR data and panchromatic image

Reference
Class Road Lake water | River water Grass Dry bare soil | Wet bare soil | Unclassified

Unclassified 0.00 14.62 0.00 0.00 0.00 0.00 1.89

= Road 55.80 0.00 0.00 0.00 0.00 0.96 5.84
% Lake water 0.08 85.38 0.00 0.14 0.00 7.89 12.87
;:-) River water 5.52 0.00 99.82 0.05 0.00 0.00 27.74
é Grass 0.32 0.00 0.00 94.05 0.50 0.00 16.50
© Dry bare soil 38.29 0.00 0.18 5.49 98.07 0.00 14.25
Wet bare soil 0.00 0.00 0.00 0.28 143 91.15 2091
All 100.00 100.00 100.00 100.00 100.00 100.00 100.00
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using Vietnamese LiDAR intensity data for land cover classi-
fication and the most appropriate classification method for the
data. The accuracy assessment showed that the intensity
image can be used for land cover classification. However, the
remote sensing data and RGB image should be used as sup-
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(similar to infra-red spectral band) compared to the remotely
sensed imagery, therefore, the information obtained from that
may not enough for many land cover classes.

Intensity image enable higher accurate classification, espe-
cially for land cover objects which is cannot be detected by
classification using optical remote sensing image such as the
land cover under the high canopy. The neural networks algo-
rithm prevailed over the conventional classification such as
minimum distance, maximum likelihood in classification of
land cover using LiDAR intensity. It is possibly due to the
variation in the spectral features of the data where the non-
parametric machine learning classification work better than
the parametric algorithm.

Intensity LIDAR data contains much noise that the accura-
cy of the classification process is much reduced, So it is nec-
essary to use algorithms to remove noise in the processing of
Intensity image generation to ensure effec of the data obtained

during LiDAR scanning.

Antonarakis, A. Richards, K., & Brasington, J., (2009),
Object-based land cover classification using airborne
LiDAR, Remote Sensing of Environment , pp. 2988-2998.

Barbarella, M., Lenzi, V., & Zanni, M., (2004), Intergration of
airborne laser data and high resolution satellite images over
landslides risk areas, ISPRS Congress Istanbul 2004,
Proceedings of Commission IV (p. 945 ff), Instanbul:
ISPRS.

Diez, A., Arozarena, A., Ormefio, S., Aguitre, J., Rodriguez,
R., & Saenz, A., (2008), Fusion and Optimization of
LiDAR and Photogrammetric Technologies and
Methodologies for Cartographic Production, ISPRS
Congress Beijing 2008 (p. 349(j). Beijing: The internation-
al archives of the photogrammetry, remote sensing and
spatial information sciences.

Garcia-Gutierreza, J., Gong,alves-Secob, L., & Riquelme-
Santosa, J. C., (2009), Decision trees on LiDAR to classify
land uses and covers, IAPRS Conference on
Laserscanning09 (pp. 323-328), Paris: ISPRS.

Hosomura, T. K., & Kanazawa, K., (1998), Optical image
data fusion by using intensity operation on HSI transforma-
tion, Geoscience and Remote Sensing Symposium
Proceedings, IGARSS 98 (pp. 1318 - 1319), Seattle, WA :
IGARSS.

Hu, J. S., (2006), Integrating LIDAR, Aerial Image and
Ground Images for Complete Urban Building, Chapel Hill,
USA.: 3DPVT.

437




A& 3A, A 299 Al 45

Lang, M. W., & McCarty, G. W., (2009), LiDAR intensity for
improved detection of inundation below the forest canopy,
Wetlands, pp. 1166-1178.

Mazzarini, F., Pareschi, M. T., Favalli, M., Isola, I., &
Tarquini, S., (2009), http://www.earth-prints.org/bit-
stream/2122/2364/1/898.pdf. Retrieved from http://www.
earth-prints.org.

Sasaki, T., Imanishi, I., Ioki, K., Morimoto, Y., & Kitada, K.,
(2011), Object-based classification of land cover and tree
species by integrating airborne LiDAR and high spatial res-
olution imagery data. Landscape and Ecological
Engineering .

Tymkow, & Borkowski, (2008), Land Cover Classification
Using Airborne Laser Scanning Data and Photographs,
XXIst ISPRS Congress, (p. 185ff), Beijing.

Wehr, A., & Lohr, U., (1999), Airborne laser scanning-an
introduction and overview, ISPRS Journal of
Photogrammetry & Remote Sensing, pp. 68-82.

White, R. A., Dietterick, B. C., Mastin, T., & Strohman, R.,
(2010), http://'www.mdpi.com/2072-4292/2/4/1120/pdf.
Retrieved May 2011, from http://www.mdpi.com/.

Yan, W. Y., & Shaker, A., (2010), Radiometric calibration of
airborne LiDAR intensity data for land cover classification,
The 2010 Canadian Geomatics Conference and
Commission I, ISPRS, (p. 153), Alberta.

(42 2011.08. 17, AL 2011. 08. 18, AAEE 21 2011. 08. 19)



