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Abstract— Synthetic Aperture Radar (SAR) sensors onboard space-borne and airborne platforms are useful to survey the land-cover and condition of the earth surface. The Japan Aerospace
Exploration Agency (JAXA) has been operating L-band radar systems both on satellites and aircrafts. The Polarimetric and Interferometric Airborne Synthetic Aperture Radar (Pi-SAR) L2
started its operation in 2012, as a successor of Pi-SAR-L (1996–2011). Pi-SAR-L2 carries an
L-band radar of 85.0 MHz band-width and can acquire images of very high slant-range resolution
1.76 m with full (HH, HV , V V , V H) polarizations. In this study, a basic study on backscattering characteristics of a suburban area was carried out using full polarization data acquired by
Pi-SAR-L2 ﬂying over Miyagi prefecture, Japan. The texture measures of the SAR data were
obtained by the Gray Level Co-occurrence Matrix (GLCM), which is one of the most well-known
texture measures in the recent years. The selected major land-cover classes were trees, grasses,
roads, water, paddy ﬁelds, buildings and solar panels. The result of supervised classiﬁcation
shows that the combined use of the backscattering intensity and their texture measures could
obtain higher accuracy than using only the backscattering intensity.
1. INTRODUCTION

Remote sensing technologies have been used for various objectives, such as land-use and land-cover
classiﬁcations, disaster risk assessment and emergency response, and traﬃc monitoring and city
planning. There are mainly two categories of remote sensing from the sensor type: passive (optical
and thermal sensors) and active (mainly radar sensors) remote sensing [1, 2]. Optical satellite
systems work in the daytime and cannot observe objects under cloud-cover conditions. However,
a radar system as Synthetic Aperture Radar (SAR) overcomes this problem and has been used
in all day and all weather conditions [3, 4] Several frequency bands have been commonly used for
satellite SAR systems, such as L-band (1–2 GHz: JERS-1, ALOS PALSAR, ALOS-2 PALSAR2), C-band (4–8 GHz: ERS-1/2, ENVISAT, Radarsat-1/2, RISAT-1, Sentinel-1), and X-band (8–
12 GHz: TerraSAR-X, COSMO-SkyMed). Among these frequency bands, the L-band is suitable
to observe coherent changes such as ground deformation while the X-band is suitable to observe
manmade objects and small-scale changes [5].
In the recent years, airborne SAR systems have also been developed and used as an experimental
phase. The Japan Aerospace Exploration Agency (JAXA) had operated Pi-SAR-L (Polarimetric
and Interferometric Airborne Synthetic Aperture Radar) from 1996 to 2011 [6]. Pi-SAR-L2, the
successor of Pi-SAR-L, has been in operation since 2012 and has already acquired many scenes of
natural and built environments [7]. Among them, we used a full-polarimetric Pi-SAR-L2 intensity
image, acquired over a suburban area of Sendai city, Miyagi prefecture, Japan in June 2014, since
this area was hit by the 11 March 2011 Tohoku earthquake and tsunami [5] and various multitemporal remote sensing data are available.
In this study, land-cover classiﬁcation was carried out using the full-polarimetric (HH, HV ,
V V and V H) Pi-SAR-L2 data and their texture measures [8–10]. The textures depend on spatial
relation, scale and orientation of objects, and hence they are important attributes for SAR image
classiﬁcation because various features such as built-up urban, water, soil, and vegetation can be
characterized easily. The characteristics of the Pi-SAR-L2 data were investigated through the
principal component analysis (PCA) and the signiﬁcant components were extracted. Then the
supervised land-cover classiﬁcation was carried out and the result was compared with the truth
data made from optical images.
2. THE STUDY AREA AND DATA USED

The study area of this research is a part of Natori and Iwanuma cities, including Sendai airport.
Fig. 1 shows a color composite (Red: HH polarization, Green: HV pol., Blue: V V pol.) of the
Pi-SAR-L2 images acquired by a ﬂight conducted by JAXA in the noon time (12:38:35–12:46:54)
on June 12, 2014. The PiSAR-L2 ﬂight took an ascending path with the left look, as shown in the
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ﬁgure. The airborne SAR imagery data were obtained by the L-band with the center frequency
of 85 MHz and have the slant-range resolution of 1.76 m and the azimuth resolution of 3.2 m. The
obtained digital number (DN) of each polarization was converted to the backscattering coeﬃcient
(sigma naught, σ 0 ) in the groundrange of 2.5-m pixel size, with the decibel (dB) unit, represented
by the following equation.
σ 0 = 10.0 log10 DN 2  + CF

(1)

where CF is the calibration factor determined as −81 dB by JAXA [7, 11] After this conversion, an
adaptive Lee ﬁlter [12] of 3 × 3 was applied to the original SAR images to reduce the speckle noise.
Figure 2 shows an optical image of the study area and ground photos in our ﬁeld survey on the
day of the airborne SAR ﬂight. This area was hit by the 11 March 2011 Tohoku earthquake and
repeated tsunamis [5], and the ﬂooded sea water remained for several days to several months. But
the area had been partially restored, especially for agricultural lands, at the time of the airborne
ﬂight. Rice paddy ﬁelds had already been watered and planted. But new development of buildings
and urban land-use was still underway. A large scale construction works of landﬁll and memorial
parks were carried out when we visited there.

Figure 1. Color composite (R: HH, G: HV , B: V V ) of multi-polarized Pi-SAR-L2 image taken on June 12,
2014 and the location of the study area in Natori and Iwanuma cities, Miyagi prefecture, Japan.
(a)

(b)

(c)

Figure 2. Optical image of the study area from Google Earth, acquired on Sept. 15, 2014, and ground
photos taken in the ﬁeld survey by the authors on June 12, 2014 ((a) residential area, (b) tsunami aﬀected
residential area, (c) Sendai Airport).
3. PRINCIPAL COMPONENT ANALYSIS FOR FULL-POLARIZATION IMAGES

The relationship among the four polarization data was ﬁrst examined. The scatter plots between
the HH and V V polarizations and HV and V H polarizations are shown in Figs. 3(a) and (b). As
expected, the HH and V V polarizations exhibit similar backscattering values, and the HV and
V H polarizations are even closer each other. The principal component analysis (PCA) was also
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carried out for the full polarization image, and its result is shown in Fig. 3(c), where the cumulative
Eigen values reached 91.9% for the ﬁrst component, 97.5% until the second component, 99.9% until
the third component, and of course 100% until the fourth component. Thus it is considered to be
reasonable to select HH and HV polarizations out of the four polarizations for a further land-cover
classiﬁcation.
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Figure 3. Scatter plots of HH and V V polarizations (a) and HV and V H polarizations (b) in dB unit, and
cumulative Eigen values for the full-polarization images.
4. TEXTURE ANALYSIS FOR HH AND HV POLARIZATIONS

The texture measures are vital information from radar imagery [8–10]. Among several statistical
texture methods proposed before, the gray-level co-occurrence matrix (GLCM) is one of the most
powerful one for land-cover monitoring [8]. In this study eight textural features in angle 0◦ , distance
1, and a window size of 9 × 9 were calculated using ENVI software as follows:
2N
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Figure 4 shows the eight texture measures calculated for the HH polarization sigma naught
image. As expected, these texture measures have correlation with the original image and with
the other texture measures. Hence the PCA was carried out again for the eight texture measures
for the HH and HV polarizations, respectively. Fig. 5 shows the cumulative eigenvalues of the
eight principal components for the HH polarization, in which the cumulative eigenvalues reached
75.0% for the ﬁrst component, 93.1% until the second component, 99.9% until the third component.
Considering the contribution ratio of each texture measure for the ﬁrst three principal components,
Variance, Mean, and Contrast were selected as the most signiﬁcant texture measures for the HH
polarization in this example, and their histograms are also shown in the ﬁgure.
The result of PCA for the HV polarization was similar as that for HH polarization. The
cumulative Eigen values reached 67.4% for the ﬁrst component, 93.5% until the second component,
99.9% until the third component. The contribution ratio of each texture measure for the ﬁrst three
principal components were also Variance, Mean, and Contrast.
5. LAND COVER CLASSIFICATION WITH AND WITHOUT TEXTURE MEASURES

Land cover classiﬁcation was carried out for the study area to investigate the eﬀects of use of the
texture measures. First unsupervised classiﬁcation by the K-means method was carried out the
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Figure 4. Eight texture measures calculated for the HH polarization Pi-SAR-L2 image for the study area. (a)
Mean, (b) variance, (c) homogeneity, (d) contrast, (e) dissimilarity, (f) entropy, (g) angular second moment,
(h) correlation.

(a) Cumulative Eigen Values

(b) Variance

(c) Mean

(d) Contrast

Figure 5. Cumulative Eigen values of the eight principal components for the eight textures of the HH
polarization (a) and histograms of the three signiﬁcant textures: Variance (b), Mean (c), and Contrast (d).

dual polarization (HH and HV ) data. Several class numbers were tried and then the number of
land cover classes was determined as seven as tree, grass, road, water, rice paddy ﬁeld, building
(urban), and solar panel
Object-based supervised classiﬁcation was then carried out based on the Nearest Neighbor (KN)
method, by employing training data shown in Fig. 6, where 20 to 30 objects were selected for each
class other than solar panel. Since solar panels showed distinct backscattering characteristics,
training data were selected from two locations of mega solar plants in the pink color circles. In
object-based classiﬁcation, the merge-level was set as 80 and the scale-level as 20.
The results of supervised classiﬁcation are shown in Fig. 7 when using the HH and HV original
images only, and in Fig. 8 when using the two original data plus 6 textures (Variance, Mean, and
Contrast for HH and HV ). These results look similar, especially for buildings, trees, and rice
paddy. But some improvements by introducing the textures can be seen in grass, water, and a
signiﬁcant reduction of false positive error is observed for solar panels.
The PCA was further carried out for the set of 32 images with 4-polarizations times 8-texture

tree
grass
road
water
paddy field
building
solar panel

Figure 6. Training data for supervised classiﬁcation of seven land-cover classes.
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measures. The cumulative eigenvalues reached 95.5% for the ﬁrst 5 principal components, and 99.9%
for the ﬁrst 8 components out of a total 32 components. Thus, the ﬁrst 5 principal components out
of 32 were employed together with the ﬁrst 2 principal components of the original full-polarizations.
The result of this classiﬁcation is shown in Fig. 9. Some improvements are seen in this classiﬁcation
result because the eﬀects of the V V polarization have been introduced.
Finally, this classiﬁcation result was compared with the existing land-cover map produced by
JAXA [13] using ALOS AVNIR-2 optical satellite images taken before the 2011 Tohoku earthquake [14]. In this land-cover map, only one urban land-cover class exists, and hence road, building
and solar panel classes of Fig. 9 were merged as urban class.
Figure 10 compares the JAXA’s land-cover map and our supervised classiﬁcation result for ﬁve
land cover classes (produced from Fig. 9), and the confusion matrix for the study area is shown in
Table 1. From the table, the overall accuracy is about 50%, not so high, but higher than the case
only HH and HV original data were used (43.0%). The producer accuracies of urban (74.2%),
tree (65.9%), and water (79.8%) classes are high. It is noticed that grass class has low producer
(4.7%) and user (4.4%) accuracies. The reason for this observation is rather complicated. The
JAXA map was made before the 2011 tsunami inundation while our classiﬁcation data were in the
recovery stage. The JAXA map is not very accurate as its overall accuracy of 78.0% for 10-m grid
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Figure 7. Supervised land-cover classiﬁcation result for the original HH and HV polarization images.
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Figure 8. Supervised land-cover classiﬁcation result for the original HH and HV polarization images plus
their texture measures (Variance, Mean, and Contrast).
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Figure 9. Supervised land-cover classiﬁcation result for the ﬁrst two PC images of the original fullpolarizations plus ﬁrst ﬁve PC images of their texture measures.
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Figure 10. Comparison of JAXA’s land-cover map of Japan [13] made from optical satellite images (left)
and our classiﬁcation result from Pi-SAR-L2 (right) for ﬁve land-cover classes.

cell [14]. Both grass and road classes show low SAR backscatter, but they have quite diﬀerent
spectral characteristics in optical images. The three land-cover classes merged as urban class have
quite diﬀerent SAR backscatter. These several reasons are considered as the cause of not so high
accuracy. A selection of proper truth data suitable for land-cover classiﬁcation results from SAR
data should also be necessary.
Table 1. Confusion matrix between the land-cover map produced by JAXA [13] and our classiﬁcation result
from Pi-SAR-L2 for ﬁve land-cover classes.
Ground Truth (No. of pixels)

class

urban

tree

rice paddy

grass

water

total

Userb's
Accuracy

urban

1854985

266761

1845772

368944

66872

4403334

42.1%

tree

312170

598704

951649

165468

84648

2112639

28.3%

rice paddy

171457

14825

1869822

62274

77393

2195771

85.2%

grass

116061

15976

451047

30104

64814

678002

4.4%

water

51479

11962

460494

18966

1155841

1698742

68.0%

total

2506152

908228

5578784

645756

1449568

11088488

Producerb's
Accuracy

74.2 %

65.9 %

33.5 %

4.7 %

79.8 %

Overall Accuracy
49.7%

6. CONCLUSION

In this study, land cover classiﬁcation was conducted using full-polarization SAR data, obtained
by JAXA’s airborne radar system, Pi-SARL2. The SAR system carries L-band radar of 85.0 MHz
band-width and can acquire images of very high slant-range resolution, 1.76 m In this study, a basic
study on backscattering characteristics of a suburban area of Miyagi prefecture, Japan was carried
out. First, the principal component analysis was applied to full-polarization imagery data and the
ﬁrst two components were found to be signiﬁcant. Then the texture measures of the original SAR
data were obtained by the Gray Level Co-occurrence Matrix (GLCM) and the principal component
analysis was also applied to the eight texture measures. An object-based supervised land-cover
classiﬁcation was then applied to the principal components of the original full-polarization data
and their texture measures. The result of the supervised classiﬁcation was compared with the
existing land-cover map, produced by JAXA from optical satellite images and the combined use
of the original backscattering data and their texture measures could obtain higher accuracy than
using only the original backscatter data.
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