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ABSTRACT: Multispectral LiDAR systems either in the form of separate multi-sensor or true multispectral
sensors are currently emerging in the market. The multispectral LIDAR sensors operate at different wavelengths
that allow recording a diversity of spectral reflectance from land features. This capability improves and extends the
applications of LIiDAR data. In this context, an improvement of land cover classification is presented from
multispectral airborne LiDAR data acquired by the first commercial multispectral airborne LiDAR sensor, the
Optech Titan. The sensor operates at three wavelengths; mid-infrared (MIR): 1550 nm, near-infrared (NIR): 1064
nm, and green: 532 nm. In this paper, three intensity images were first created from the collected point clouds at
each wavelength, as well as the digital surface model (DSM). A maximum likelihood classifier was then applied to
each intensity image separately, combined three-intensity images, and combined three-intensity images with DSM.
An urban area, covering Oshawa, Ontario, Canada, was tested to classify the terrain into six classes namely;
buildings, trees, roads, grass, soil, and wetland. The classification results were validated using 200 randomly
selected reference points. The classification results showed that using single intensity image from wavelengths
1550 nm, 1064 nm, or 532 nm leads to overall classification accuracies of 34.0%, 48.5%, and 41.5%, respectively.
The overall classification accuracy was improved to 65.5% using the combined three-intensity images. Moreover,
the overall classification accuracy was increased to 72.5% by incorporating the height LIDAR data (i.e., DSM
image). In further investigation, a radiometric correction model has been applied to the intensity data to improve the
classification accuracy. The overall classification accuracy was improved to 69.0% from the combined three-
intensity images and 78.0% by adding the DSM. The results achieved are promising and indicating that the use of
multispectral LIDAR data can improve the land cover classification accuracies.

1. INTRODUCTION

Light Detection and Ranging (LiDAR) systems usually operate at near-infrared wavelength (1064 nm), and they
acquire range data from the sensor to the Earth surface. In addition, the LiDAR systems record the strength of the
backscattered energy reflected from the Earth surface either in the form of discrete intensity values or as full
waveform. Currently, multispectral LIDAR sensors are emerging in the market. These sensors acquire multispectral
data at different wavelengths. This allows new applications from LiDAR data, in particular using LiDAR data for
land cover classification (Yan et al., 2015) and retrieval of biophysical and biochemical vegetation parameters
(Wallace et al., 2012). Recently, many experiments have been conducted using laboratory-based multispectral
LiDAR systems at wavelengths of 531, 550, 660, and 780 nm (Woodhouse et al., 2011), or 556, 670, 700, and 780
nm (Wei et al.,, 2012; Shi et al., 2015) for vegetation applications. Other studies have been conducted using
multispectral LIiDAR data collected by Terrestrial Laser Scanning (TLS) platforms for measuring the three-
dimensional structure of forest canopies by two lasers with wavelengths of 1063 nm and 1545 nm (Danson et al.,
2014) and discriminating leaves from woody material in forestry area from data collected at two wavelengths of
1064 nm and 1548 nm (Douglas et al., 2015). Few attempts have been conducted using different airborne LiDAR
systems by combining different flight missions of the same study area (Briese et al., 2012; Wang et al., 2014).
However, it was difficult to use the intensity data came from different missions because those flight missions were
conducted at different time.

Teledyne Optech, one of the world leading LIDAR sensor developers and manufacturers, has developed the first
commercial multispectral airborne LiDAR sensor, named “Optech Titan”. Optech Titan offers the possibility of
multispectral active imaging of the environment at day and night, and thus facilitates new applications and
information extraction capabilities for LIDAR. Optech Titan’s standard configuration includes three active laser
beams operating at wavelengths of 1550 nm, 1064 nm, and 532 nm (Titan Brochure and Specifications, 2015). That
allows capturing discrete and full-waveform data at three independent channels. By combining the multispectral
LiDAR data collected by the three different wavelengths, a higher reliability and accuracy of information retrieval
can be achieved comparing to the single-wavelength LIiDAR systems. Few studies have been conducted for
analysing the multispectral LiDAR data collected by the Optech Titan. Geometrical classification procedures were
used to classify the LIDAR data. In addition, spectral patterns for different classes were explored and showed that
the intensity values could be potentially used in land cover classification (Wichmann et al., 2015). Three spectral



indices have been derived from the intensity values of the three channels, and tested for land cover classification
and land-water discrimination (Morsy et al., 2016).

This paper aims to investigate the use of the multispectral LIDAR data, collected by the Optech Titan sensor, for
land cover classification and explore the effect of applying a radiometric correction model to the intensity data on
the classification accuracies. Section 1 of the paper introduces the research problem and motivation. Section 2
discusses the work methodology followed by section 3 describes the study area and dataset. The results and
discussions are illustrated in section 4 with conclusions presented in Section 5.

2. METHODOLOGY

The workflow of this research work is shown in Figure 1. The research follows the following steps: a) generating
1m resolution raster intensity images from LIiDAR point clouds of the three channels and the DSM, b) training
signatures are identified for different classes, c) the maximum likelihood classifier is applied to each intensity
image separately, to the combined three-intensity images, and finally to the combined three-intensity images with
DSM, and d) 200 checkpoints is randomly selected to assess the overall accuracy.

In further investigation, radiometric correction model has been applied to the intensity data to improve the
classification accuracy (Yan et al., 2012). In this context, a radiometric correction approach based on radar range
equation is used to remove the system and atmospheric attenuation that affects the recorded intensity data (Yan and
Shaker, 2014). Equations (1) and (2) provide the radar range equation, which is used to convert the LiDAR
intensity data (P;) into the spectral reflectance of the ground feature (p). The same classification process is then
repeated after applying the radiometric correction to the study area.
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Where P; is the transmitted laser power, D- is the aperture diameter, R is the range, f; is the laser beam width, 7y

is the system factor, n.m is the atmospheric attenuation, o is the target cross section, A is the projected target area,
and @ is the reflection angle.
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Figure 1. The research workflow



3. STUDY AREA AND DATASET

The study area covers 550m x 380m, and it is located in Oshawa, Ontario, Canada, containing six feature classes:

buildings, trees, roads, grass, bare-soil, and wetland. An aerial image of the study area from Google Earth® is
shown in Figure 2.

The Optech Titan sensor collected 3D point clouds from flying height ~1000m with scanning angle of £20°. The
data is acquired and stored in LAS format with multiple returns (up to 4 returns) for each channel. The LAS data
file contains xyz coordinates, intensity values, return number, total number of returns, scan angle, and GPS time. In
addition, the trajectory data file, which contains time-tagged xyz coordinates of the sensor location, is provided for
radiometric calibration of the intensity data. Figure 3 shows the LIiDAR intensity raster images generated from the
intensity data of the three individual channels (wavelengths) and the DSM raster image created from the elevation
data. The three intensity images from the three channels are combined together and with DSM (Figure 4).

Figue 3. LiDR images of the study area: a) intensity from 1550 nm, b) intensity from 1064 nm, c) ihtnsity from
532 nm, and d) DSM.



Figur 4. Left: combined three-intensity images (visualized as: 155 nm in red, 1064 nm in green and 532 nm in
blue), and right: combined three-intensity images with DSM (visualized as: DSM in red, 532 nm in green and 1064
nm in blue)

4. RESULTS AND DISCUSSIONS

The classification results from combined intensity images and three-intensity images with DSM are shown in
Figure 5. The classification of intensity data from individual channels leads to overall accuracy of 34.0%, 48.5%,
and 41.5% from wavelengths of 1550 nm, 1604 nm, and 532 nm, respectively. The overall accuracy is improved to
65.5% and 72.5% when using the combined three-intensity images and incorporating a DSM generated from the
elevation data with the combined three-intensity images, respectively. The classification results have proven the
benefit of using multispectral data rather than single intensity data, where an improvement of 17.0% is achieved.
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Table 1 and Table 2 provide the confusion matrices of using the combined three raw intensity images without and
with DSM, respectively. The results show that the use of LIDAR height data (e.g., DSM) has improved the overall
accuracy by 7.0%. That is clear in Figure 5, where some tree pixels are misclassified as wetland class, but they are
correctly classified when DSM is considered. Although the combination of intensity data with DSM has achieved
good accuracies, some grass pixels are misclassified as soil class at the south-west part of the study area.

Table 1. Confusion matrix of the combined three raw intensity images

Classified points Reference points Total User’s
U Buildings Trees Roads Grass Soil Wetland row Acc. (%)
U 0 0 0 0 1 0 0 1
Buildings 0 14 1 5 1 0 0 21 66.67
Trees 0 8 29 2 5 8 0 52 55.77
Roads 0 1 2 12 2 1 0 18 66.67
Grass 0 0 3 1 60 3 0 67 89.55
Soil 0 5 2 3 3 12 0 25 48.00
Wetland 0 0 10 0 2 0 4 16 25.00
Total column 0 28 47 23 74 24 4 200
Producer’s Acc. (%) 50.00 61.70 52.17 81.08 50.00 100.00

Overall accuracy: 65.50%, overall Kappa statistic: 0.554



Table 2. Confusion matrix of the combined three raw intensity images with DSM

Classified points Reference points Total User’s
U Buildings Trees Roads Grass Soil Wetland row Acc. (%)
U 0 0 0 0 1 0 0 1
Buildings 0 19 0 6 1 2 0 28 67.86
Trees 0 6 43 0 10 3 4 62 69.35
Roads 0 1 1 13 2 3 0 20 65.00
Grass 0 0 1 1 55 3 0 60 91.67
Soil 0 2 2 3 5 13 2 27 48.15
Wetland 0 0 0 0 0 0 2 2 100.00
Total column 0 28 47 23 74 24 4 200
Producer’s Acc. (%) 67.86 9149 5652 7432 54.17  50.00

Overall accuracy: 72.50%, overall Kappa statistic: 0.640

A radiometric correction approach is used to correct the intensity values collected from the three different channels.
Figure 6 shows the classification results from combined three-intensity images and combined three-intensity images
with DSM after the radiometric correction approach is applied. The classification results after radiometric
correction of the intensity data leads to overall accuracy from individual channels of 38.0%, 46.0%, and 52.5%
from wavelengths 1550 nm, 1604 nm, and 532 nm, respectively. The overall accuracy of using the combined three-
intensity images is improved to 69.0%. The classification results further increased to 78.0% when the combined
three-intensity images are used with the DSM.

Generally, the classification results have been improved after the intensity data is radiometrically corrected. An
improvement of 3.5% for combined three-intensity images and 5.5% for combined three-intensity images with
DSM are achieved as shown in Table 3 and Table 4. In particular, the radiometric correction has improved the
classification results of hard classes (e.g., buildings, roads, and soil) rather than soft classes (e.g., trees and grass).
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Table 3. Confusion matrix of the combined three corrected intensity images

Classified points Reference points Total User’s
U Buildings Trees Roads Grass Soil Wetland row Acc. (%)
U 0 0 0 0 1 0 0 1
Buildings 0 20 4 6 1 1 0 32 62.50
Trees 0 2 29 0 4 4 0 39 74.36
Roads 0 0 2 13 2 0 0 17 76.47
Grass 0 0 2 2 58 3 0 65 89.23
Soil 0 5 5 2 5 14 0 31 45.16
Wetland 0 1 5 0 8 2 4 15 26.67
Total column 0 28 47 23 74 24 4 200
Producer’s Acc. (%) 7143 61.70 56,52 78.38 58.33 100.00

Overall accuracy: 69.00%, overall Kappa statistic: 0.603



Table 4. Confusion matrix of the combined three corrected intensity images with DSM

Classified points Reference points Total User’s
U Buildings Trees Roads Grass Soil Wetland row Acc. (%)
U 0 0 0 0 0 0 0
Buildings 0 23 2 0 1 1 0 27 85.19
Trees 0 2 41 0 8 2 0 53 77.36
Roads 0 0 0 18 2 1 0 21 85.71
Grass 0 0 2 2 55 3 0 62 88.71
Soil 0 3 2 3 8 16 1 33 48.48
Wetland 0 0 0 0 0 1 3 4 75.00
Total column 0 28 47 23 74 24 4 200
Producer’s Acc. (%) 82.14 87.23 7826 7432 66.67  75.00

Overall accuracy: 78.00%, overall Kappa statistic: 0.715
5. CONCLUSIONS

This paper investigates the potential use of the newly developed multispectral LIDAR sensor for land cover
classification in urban areas. The summary of the overall classification accuracies of the tested data is shown in
Figure 7. The achieved results indicate that multispectral LIDAR data can be used efficiently in land cover
classification rather than the single-wave LIiDAR data. The investigation also indicated that the elevation data
should be combined with the intensity data to improve the classification accuracy. Moreover, the achieved results
have proven that the radiometric correction should be applied to the intensity data to maximize its benefits in land
cover classification. Further investigations are underway to explore the capability of multispectral LiDAR data in
different applications.
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Figure 7. Summary of the overall classification accuracies for the tested data
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