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ABSTRACT 

 

Light Detection and Ranging (LiDAR) is a technology used 

in different topic (mapping, urban land cover, agriculture, 

forestry, etc.). The great potential of LiDAR data lies in its 

high accuracy in the measurement of heights. Hyperspectral 

images, which comprise hundreds of (nearly contiguous) 

spectral channels, can also have spatial resolution of up to 1-

5 meters per pixel. In this work, we propose to integrate both 

hyperspectral and LiDAR data by adding the LiDAR 

information to the hyperspectral data cube and correcting the 

geometric distortions. After arranging both data sets in the 

same format, we analyzed the errors obtained for each data 

source in order to determine if the final resolution adopted 

was the most appropriate one for performing data fusion. 

Our experimental results, in an area of Extremadura, indicate 

improvements in the classification after integrating the 

hyperspectral and LiDAR data.  

 

Index Terms— Hyperspectral, LiDAR, integration, 

geometric distortions, classification 

 

1. INTRODUCTION 

 

In the last years, high spectral resolution remote sensing 

technology has experienced important technological 

advances [1]. Hyperspectral images, which comprise 

hundreds of (nearly contiguous) spectral channels, can also 

have spatial resolution of up to 1-5 meters per pixel. This 

helps in the advanced classification of land cover classes. 

For instance, with hyperspectral imaging it is now possible 

to discriminate between spectrally similar classes such as 

different tree species [2]. However, for other land cover 

classes it may be necessary to resort to a different source of 

information to complement the information provided by 

hyperspectral instruments. For this reason, a common 

approach in the literature has been to perform fusion of data 

collected from different sources [3]. Specifically, a 

characteristic of hyperspectral images is their lack of 3D 

structure or elevation data, which is available in other 

sources such as synthetic aperture radar (SAR) or light 

detection and ranging (LiDAR) data, which have been 

widely used in the past to complement hyperspectral data. 

Specifically, previous works have reported significant 

improvements on the classification accuracy obtained after 

integrating hyperspectral and LiDAR data [3, 4]. However, 

an important aspect in order to achieve a successful data 

integration is to be able to address aspects that are related 

with the radiometric and geometric distortions introduced by 

atmosphere, different wavelengths, instrument sources, Earth 

curvature, uncontrolled position (altitude, velocity and 

attitude), and non-idealistic sensors. In this paper, we 

describe a simple yet effective procedure for the integration 

of hyperspectral and LiDAR data. Then, we focus on the 

classification results obtained after achieving such data 

integration in the context of a study area located in a rural 

environment in the north of Extremadura region in Spain. 

 

2. MATERIALS  

 

In our study, we have considered hyperspectral and LiDAR 

data and merged both sources of information into one single 

data structure. In this section, we describe the data sets used 

in the study and their particular characteristics. The 

considered data sets (hyperspectral and LiDAR) were 

collected over the same area in Extremadura, Spain. The 

coordinates of the test site are: 4.452.058,50 W, 250.243,50 

N, 4.441.414,50 E and 248.686,50 S. The study zone is 

located in the north of Cáceres, Spain. Some important 

properties for each data set are described below: 

 

2.1. Hyperspectral data 

 

The instrument that collected the hyperspectral data set is a 

CASI 1500i Sensor operated by Instituto Nacional de 

Técnica Aeroespacial (INTA). The data were acquired on 

October 4th, 2012, at 12:10 UTC. The number of spectral 

bands (covering the visible and near infra-red region) is 144, 

with a spatial pixel resolution of 0,9m/1,66m (width/height). 

The data were collected from an altitude of 2.286 m. This 

image had geometric errors and there were no information 

about coordinates. At the same time that the data were taken, 

strong wind produced high geometric distortion at some 

parts of the image. 
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2.2. LIDAR data 

 

The LiDAR data were provided by Instituto Geográfico 

Nacional (IGN) in LAS format, and the collection was 

performed using an ASL60 LEICA Sensor. The LiDAR data 

comprises a set of returns from the laser sensor with its 

coordinate points, among other features. The data were 

acquired in 2010. The precision of the data is as follows: 

horizontal = 7-64 cm, vertical = 8-24 cm and altitude = 20 

cm. These data were radiometrically and geographically 

corrected by the data provider (IGN). The average density is 

0.5 points from the first return/m2. 

 

3. METHOLOGY  

 

 The main goal of this study is to integrate both the 

hyperspectral and the LiDAR data by adding the LiDAR 

information to the hyperspectral data cube. We focused on a 

subset of the whole flightline due to the large size of the 

whole hyperspectral image (see Fig. 1).  

The hyperspectral and LIDAR data were corrected for 

geometric distortions by the institutions providing the data. 

This aspect is not considered in the LiDAR data due to the 

fact that this information is given by a set of isolation points, 

where each of them has its own coordinates. 

 Geometric distortion in the hyperspectral data was 

more relevant for our analysis, because strong wind 

conditions were present during the airborne data acquisition. 

These errors were corrected by adding their coordinates to 

each pixel through an IGM format file created by the sensor 

CASI1500i, at the same time as the data were acquired. 

After the registration of the hyperspectral image was 

completed, the pixel size changed to 1.5 meters per pixel 

and both data sets were effectively integrated by adding the 

LiDAR information to the hyperspectral data cube. For this 

purpose, we converted the LiDAR data into a raster format. 

This task was realized by a toolbox from ARCGIS software. 

This operation consisted on creating a raster with the same 

resolution as the hyperspectral data, and presenting only a 

single value per pixel that was calculated as the highest 

value of all sets of values whose coordinates coincided with 

the one of the pixel under test. After arranging both data sets 

in the same format, we analyzed the errors obtained for each 

data source in order to determine if the final resolution 

adopted was the most appropriate one for performing data 

fusion. Here, our main goal was to make the pixel 

resolutions larger than potential geometric errors; otherwise 

there would be a risk to assign a value to the neighboring 

pixels instead of the actual pixel position.  

INTA, the institution providing the hyperspectral data, 

demonstrated that the potential errors for the hyperspectral 

data set were always contained within the pixel size. IGN, 

the institution that provided the LiDAR data, facilitates the 

error for the data which were x = 7-64cm, y = 8 = 24cm and 

z = 20cm. 

 

 
Figure 1: Hyperspectral image                     

 

 

Table 1 

Coordinates for Hyperspectral and LiDAR image 

 

 

Once the aforementioned steps were concluded, both 

data sets were merged obtaining a data cube with the same 

number of channels as the hyperspectral data plus one 

additional channel corresponding to the altitude from the 

LiDAR data. This operation was performed using ENVI 5.0 

software, and the correctness of our results were assessed by 

the coordinates reported on Table 1. 

 

4. EXPERIMENTAL RESULTS 

 

After integrating the hyperspectral and LiDAR data sets, a 

ground-truth was manually realized with the following 

classes: Tree, Asphalt, Water, Building, Ground and Path. 

Then, we performed classification of the original 

hyperspectral data, the LiDAR (Elevation) data, the LiDAR 

(Elevation and Intensity beam) data, and the fused 

hyperspectral + LiDAR (Elevation), as shown in Fig. 2.  

The purpose of the classifications experiments was to 

assess the potential advantages of adding LiDAR (Elevation) 

to the hyperspectral data set. The classifications were 

performed using the support vector machine (SVM) 

classifier due to its popularity and successful results in 

previous studies [1, 3].  

The classifications were realized with 1%, 5% and 10% 

of the available labeled samples for training (and the 

remaining samples for testing). The obtained results are 

reported in Table 2.  

Coordinates (m) Hyperspectral LiDAR 

North 249.989, 87 249.989,50 

South 249.244,37 249.244,00 

West 4.445.050,73 4.445.050,00 

East 4.444.600,73 4.444.600,00 
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We observed that the most challenging aspect for the 

classification of the original hyperspectral data [see Fig. 

2(a)] was the confusion between Water and Tree pixels with 

Ground pixels. The classified image obtained from the 

LiDAR (Elevation) data included only the classes: Tree, 

Ground, Water and Path [see Fig. 2(b)], which have a big 

difference in terms of height. When the LiDAR data 

(Elevation and Intensity beam) were used [see Fig. 2(c)], the 

results slightly improved for the Tree class, but were still not 

satisfactory. For the integrated data [see Fig. 2(d)], the 

classification results increased significantly and the issues 

with the Tree class were completely resolved. 

 

 
(a) Hyperspectral     

 
(b) LiDAR (Elevation) 

 
(c) LiDAR (Elevation+Intensity)  

 
(d) Hyperspectral+LiDAR 

Figure 2. Classification results obtained by the SVM 

Table 2 

Accuracy on Classification by SVM algorithm 

 

 

5. CONCLUSIONS AND FUTURE  

 

In this paper, we have described a methodology for the 

integration of hyperspectral and LiDAR data. Our focus has 

been on addressing the radiometric and geometric 

distortions, as well as the issues related with the spatial 

resolution in order to achieve the desired integration.  

Our experimental results, conducted using a pair of 

hyperspectral and LiDAR images collected over an area in 

Extremadura, Spain, indicate improvements in the 

classification after integrating the hyperspectral and LiDAR 

data.  

As a result, we conclude that LiDAR brings additional 

information that is helpful for the classification of 

hyperspectral data in the considered application context. In 

future developments, we will explore the possibility of using 

additional LiDAR returns for enhancing the obtained 

classifications.  

Other strategies to perform the integration (such as 

reducing the dimensionality of the hyperspectral data by 

means of feature extraction or selection) will be also 

explored in order to better balance the information provided 

by the hyperspectral and LiDAR data sources. 
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