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ABSTRACT

Hyperspectral remote sensing makes it possible to obtain detailed spectral information of surface
objects. Using airborne hyperspectral (HS) data acquired over Houston, Texas, USA, provided by the
2013 IEEE data fusion contest, the spectral reflectance characteristics of surface materials were
investigated. A multispectral (MS) image acquired by WorldView-2 satellite was also introduced and it
was compared with the HS image. A field measurement using a handheld spectroradiometer (EKO
MS-720) was also carried out by the present authors. The irradiances of surface materials obtained by
the measurement were also compared with the digital numbers of the 144 HS bands. Finally
supervised classification was conducted for the HS and MS data and their results were discussed.
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INTRODUCTION

Recent advancements of remote sensing technology have enabled fine identification of surface
materials due to improved spatial, temporal and spectral resolutions of sensors. The improvement in
spatial resolution of satellite optical sensors is most drastic and the resultant very high-resolution
images are now widely available through Google Earth. Fine spatial-resolution also helps to identify
detailed damage situation of urban areas due to natural disasters, e.g. earthquakes and hurricanes [1-4].

Urban environment is generally complicated, mixture of both natural land-cover (e.g. bare ground,
water, vegetation) and man-made or impervious land-cover (e.g. roads, buildings). The distribution of
land-cover classes is important for environmental management, disaster management and urban
planning. There have been many researches focusing on the classification of vegetation in agricultural
lands or forests. However, researches on the classification of man-made land-surfaces in urban areas
are still limited due to their high complexity. Owing to the fine spectral resolution, hyperspectral
remote sensing data have potential to classify artificial land-cover with different materials.
Hyperspectral remote sensing technology has advanced significantly in the last few decades and its
overview is provided in literature [5, 6]. Several airborne and spaceborne instruments with over 200
spectral bands have already been developed and actually in use. Since hyperspectral imaging provides
many narrow-banded images simultaneously, the acquired data should be compared with the spectral
reflectance characteristics of surface materials from spectral library or by field observation [7].

In this study, a fundamental study to classify urban land-cover and land-use was carried out using
a dataset from the 2013 IEEE data fusion contest [8]. Firstly, the spectral characteristics for both
natural surfaces and artificial structures are investigated using the airborne hyperspectral data covering
a part of Houston, Texas, USA, and they are compared with the ground-based spectral observation
results, conducted recently in Houston, Texas by the present authors. Supervised land-cover
classification is then carried out for the hyperspectral data. In addition, land-cover classification is also
conducted for a 8-band WorldView-2 image covering the same area and the result is compared with
that from the hyperspectral data.
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THE STUDY AREA AND IMAGERY DATA USED

The Data Fusion Technical Committee of the IEEE Geoscience and Remote Sensing Society
(GRSS) conducts Data Fusion Contest in the recent years. The 2013 Contest involves two datasets — a
hyperspectral image and a LIDAR derived Digital Surface Model (DSM), both at the same spatial
resolution (2.5 m). The datasets were acquired over the University of Houston's campus and its
neighboring urban area, Huston, Texas, USA [8]. In this paper, we use this hyperspectral image for
investigating the capability of hyperspectral data for land cover classfication in urban areas.

Figure 1 shows the study area including the University of Houston's campus and the neighboring
area. The airborne hyperspectral image was acquired on June 23, 2012 between the times 17:37:10 to
17:39:50 (UTC), by the NSF-funded Center for Airborne Laser Mapping (NCALM). Note that the
local starndard time in Texas is UTC -6 hours, and thus the image was taken about 20 - 23 minutes
before noon. CASI-1500 visible to near-infrared (VNIR) hyperspectral sensor [9, 10] was used for the
aerial observation and the acquired image consists of 144 spectral bands (up to 288 bands) in the 380
nm to 1050 nm region, that has been calibrated to at-sensor spectral radiance units [8]. The average
height of the sensor above ground was about 5,500 ft (1,676 m).

A multispectral image acquired by WorldView-2 (WV2) satellite on October 16, 2010 at 17:27:02
(UTC) was also introduced in this study (Figure 1) for the purpose of comparison with the
hyperspectrl image. The WV2 imagery consists of a Panchromatic band (0.5 m resolution) and 8
multispectral (2.0 m resolution) in the 425 nm to 950 nm region. Considering the difference of spatial
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Figure 1. The study area including the University of Houston campus and the neighboring
urban area in Houston, Texas, USA and imaging areas of hyperspectral and multispectral data.

Figure 2. True color composites of the hyperspectral image (top) and the multispectral image
(bottom) for the CASI-1500 imaging area. The red square shows the study area.
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resolutions between the hyperspectral and multispectral datasets, pansharpening was not applied to the
WV?2 data. Figure 2 compares these two imagery data for the CASI-1500 imaging area. Because of
the cloud cover seen in the hyperspectral image, the area with the red square was selected for a
detailed investigation. These true color plots were made by selecting each band (B, G, R) having the
highest value at WorldView-2's relative response ([11] shown in Figure 3) for the hyperspectral data
and B (band-2), G (band-3), and R (band-4) for the multispectral image

False color composite images (Figure 4) were also produced for the multispectral image (B:
band-3, G: band-4, R: band-7) and for the hyperspectral image of the corresponding nearest bands
(dotted lines in Figure 3). The false color composites showed that the a lot of vegetation, that is seen
in red color, exists in the case study site.
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Figure 3. The relative spectral radiance response for WorldView-2 sensors [11] and the range of
CASI-1500 hyperspectral sensor

Figure 4. False color composites from the hyperspectral image (left) and multispectral image
(right) corresponding to the red square in Figure 2

FIELD SURVEY AND SPECTRORADIOMETER OBSERVATION

In order to obtain ground truth data on spectroradiometric characteristics of surface materials in
the study area, a field survey was conducted by the present authors on August 6th and 7th, 2013. A
hand-held MS-720 spectroradiometer [12] made by EKO Instruments Co., Ltd., Japan was used. We
have used this instrument for several years, e.g. to measure the health condition of tsunami-affected
vegetation [13] and the irradiance of sunlit and shadowed Earth surfaces [14].

SC02 - 471



Proceedings of ACRS 2013

Figure 5 shows the field survey route by the present authors in the campus of Texas Southern
University's football stadium and its surrounding area together with the locations and photos of three
spectroradiometer observation points. The measurements were carried out in the times 15:45 to 16:45
(the local standard time: UTC -6) on August 6 and 10:00 to 10:40 on August 7, 2013. The weather was
basically sunny but sometimes cloudy. We measured the irradiances of several surface materials in the
study area and that of a white ceramic plate for reference. It is by no means easy to collect field data
on the same time and date of spaceborne or airborne data acquisition. So we conducted the survey on
the occasion of our trip to the USA, but the data we collected were almost in the same season
(summer) with the hyperspectral image acquisition.
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Figure 5. The field survey route (blue line) plotted on Google Erath by the present authors on
August 6 and 7, 2013 in the campus of Texas Southern University's football stadium and its
surrounding area, together with the locations and photos of three spectroradiometer observation
points (a: lawn, b: artificial turf, c: concrete)
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Figure 6. The observed irradiances of three surface materials (a: lawn, b: artificial turf, c:
concrete) by our spectroradiometer field observation (top) and the spectral ratio between the
hyperspectral image and the field observation data (bottom)
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Figure 6 shows the observed irradiances of three surface materials (lawn, artificial turf, and
concrete) by our spectroradiometer field measurement. In order to compare these results with the
hyperspectral imagery data (DN: Digital Number), we plotted the irradiance values, instead of taking
the irradiance ratio (reflectance) with respect to the white plate.

COMPARISON OF HYPERSPECTRAL AND MULTISPECTRAL IMAGES AND THEIR
SUPERVISED CLASSIFICATION

Comeparison of the hyperspectral (HS: CASI-1500) and multispectral (MS: WV-2) data was
carried out the three surface materials (lawn, artificial turf, and concrete) shown in Figure 5. By
extracting small areas (pixels) corresponding to these materials from the images, the averaged (with
respect to pixels) digital numbers (DNs) are shown in Figure 7 for the airborne (CASI-1500) and
satellite (WV-2) sensors. Because the HS data have 144 bands, the DN values with respect to the
wavelength look like the surface irradiance measured in the field (Figure 6 top).

In order to compare the airborne hyperspectral data with the field spectroradiometer data, their
spectral ratio (the airborne DN / the field irradiance) was calculated and shown also in Figure 6
(bottom). Although the denominator (irradiance) and the numerator (DN) carry different units, the
ratio is almost constant values with respect to the wavelength, for the three surface materials. A high
peak (about 940 nm) seen in the ratio plot corresponds to the trough in the field observation data, due
the atmospheric absorption effect caused by H,0 [6]. This observation supports that airborne
hyperspectal sensing can provide the spectral reflectance characteristics of surface materials for a large

imaging area, and thus it is quite useful to distinguish small change or difference in surface
materials/conditions.
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Figure 7. Comparison of hyperspectral, averaged-hyperspectral, and multispectral data for
the three surface materials (a: lawn, b: artificial turf, c: concrete) shown in Figure 5

SCO02 - 473



Proceedings of ACRS 2013

Next, the comparison between the DN values from the airborne HS sensor (CASI-1500) and the
satellite (WV-2) MS sensor was carried out. Because the HS data include as many as 144 bands, the
DN values of these bands were averaged and converted to 8-band DN values corresponding to WV-2
sensor (i.e. Coastal, Blue, Green, Yellow, Red, Red Edge, NIR1, NIR2) for comparison. The average
digital number for the corresponding band i of WV-2 is calculated by Eqg. (1) as

DN; = ¥4, DN(A4)Re(A,) / Tie; Re (Ak,) (1)

where DN() is the observed digital number from the HS sensor at wavelength &, R¢(%) is the relative
spectral radiance response value of WV-2 in Figure 3, k; is the effective HS band numbers for WV-2's
band i whose R¢(1) value is larger than 0.001.

The averaged HS's DN value for each surface material looks to have a similar shape as that from
the MS sensor. Since the WV-2 data are presented by 11 bits (0 - 2047) as in Ref. [11] while the
dynamic range of CASI-1500 is 14-bits (0 - 16383) as in Ref. [9], the absolute value of their DN ratio
has only relative meaning. The DN ratios for the three materials are compared in Figure 8. Although
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Figure 8. Comparison of the ratio between averaged-HS data and MS data for the three surface
materials (a: lawn, b: artificial turf, c: concrete), shown in Figure 7
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Figure 9. Spectral characterization of hyperspectral remote sensing data [5]
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some differnces are seen, the DN ratio is basically in a similar value for different bands and materials.
The differences in the HS and MS data used in this study can be explained by Figure 9. The
systematic difference between them is the effects of atmospher; the MS data corresponds to the
Top-of-Atmosphere (TOA) radiance while the HS data to the Middle-of-Atmosphere (MOA) radiance.
Other differences, such as the acquisition date and time, and resulting sunlight and air conditions,
viewing geometry, and image resolution, also exist. In spite of these differences, the averaged HS data
here are still almost comparable with the MS data.

After observing spectral characteristics of various surface materials of the HS image, training data
for preliminary supervised classification were selected as shown in Figure 10 (a). Due to the very high
dimensionality of the HS data, the standard maximum likelihood classifier (MLC) was difficult to
apply. A principal component analysis (PCA) reduces such a high-dimensional problem to a much
lower-dimensional one owing to the similarity of neighboring HS bands.

In this study, however, a simple Nearest Neighbor (NN) classification was carried out using all
the 144 HS bands as a first attempt. The results of the NN classification for the HS and MS images are
compared in Figure 10. Due to the limited number of training classes, the results look similar although
some differences can be seen in roofs. We will try more sophisticated classification methods in the
near future and reveal the effectiveness of HS data in urban land cover classification.
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CONCLUSIONS

Using airborne hyperspectral (HS) data acquired by CASI-1500 imager over Houston, Texas,
USA, the spectral reflectance characteristics of surface materials were investigated. The HS data
include 144 spectral bands in the visible to near-infrared (380 nm to 1050 nm) regions. A multispectral
(MS) image acquired by WorldView-2 satellite was also introduced in order to compare it with the HS
image. A field measurement was also carried out using a handheld spectroradiometer by the authors.
The irradiances of surface materials obtained by the measurement were also compared with the digital
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numbers of the HS data and they showed a reasonable level of agreement. Finally supervised
classification was conducted for the HS and MS data and their results were discussed. Although our
study is still preliminary, the results of more detailed investigation will be presented in the near future.
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