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a b s t r a c t

Synthetic aperture radar (SAR) is an important alternative to optical remote sensing due to its ability to
acquire data regardless of weather conditions and day/night cycle. The Phased Array type L-band SAR
(PALSAR) onboard the Advanced Land Observing Satellite (ALOS) provided new opportunities for vegeta-
tion and land cover mapping. Most previous studies employing PALSAR investigated the use of one or two
feature types (e.g. intensity, coherence); however, little effort has been devoted to assessing the simulta-
neous integration of multiple types of features. In this study, we bridged this gap by evaluating the poten-
tial of using numerous metrics expressing four feature types: intensity, polarimetric scattering,
interferometric coherence and spatial texture. Our case study was conducted in Central New York State,
USA using multitemporal PALSAR imagery from 2010. The land cover classification implemented an
ensemble learning algorithm, namely random forest. Accuracies of each classified map produced from
different combinations of features were assessed on a pixel-by-pixel basis using validation data obtained
from a stratified random sample. Among the different combinations of feature types evaluated, intensity
was the most indispensable because intensity was included in all of the highest accuracy scenarios. How-
ever, relative to using only intensity metrics, combining all four feature types increased overall accuracy
by 7%. Producer’s and user’s accuracies of the four vegetation classes improved considerably for the best
performing combination of features when compared to classifications using only a single feature type.
� 2014 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier

B.V. All rights reserved.
1. Introduction

Timely land cover information is essential for land resources
management and conservation. Satellite remote sensing plays a
key role in land cover monitoring due to its ability to obtain up-
to-date information over large areas at relatively low cost. In the
last few decades, optical satellite imagery has been extensively
used to classify land cover (e.g. Hansen et al., 2000; Friedl et al.,
2002; Homer et al., 2004, 2007). Nonetheless, the utility of optical
data is highly restricted by solar illumination and atmospheric con-
ditions, particularly in regions at high latitudes and/or prone to
persistent cloud cover and heavy precipitation.

Synthetic aperture radar (SAR) is an important alternative to
optical remote sensing. As an active microwave sensing system,
SAR has an inherent advantage over optical sensors for its day-
and-night and all-weather observation capability, which guaran-
tees multiple image acquisitions over relatively short periods of
time. Moreover, radar signals are sensitive to properties of soil
(e.g. moisture and roughness) and vegetation (e.g. structure and
biomass) (Fung, 1994; Ulaby et al., 1986), providing complemen-
tary characterization of land cover types relative to that achieved
with optical imagery (Pohl and van Genderen, 1998).

The investigation of timely land cover information using radar
remote sensing has become more practical since spaceborne SAR
systems were developed and launched for regular data collection.
Major past and current operational SAR sensors are COSMO-
SkyMed (X-band), TerraSAR-X (X-band), TanDEM-X (X-band),
ERS-1/2 (C-band), Radarsat-1/2 (C-band), Envisat/ASAR (C-band),
Sentinel-1A (C-band), Seasat-1 (L-band), JERS-1 (L-band), ALOS/
PALSAR (L-band), and ALOS-2/PALSAR-2 (L-band). The letter codes
for the various bands correspond to different wavelength ranges,
which determine the extent to which a radar signal is attenuated
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and/or dispersed by the atmosphere. Although radar signals are
barely affected by clouds, the influence of heavy precipitation
can be considerable at K- and X-band with operating wavelengths
less than 4 cm (Danklmayer et al., 2009). In addition, radar wave-
length is directly related to the depth of penetration into the can-
opy, and this depth determines the contribution of various
scattering components to radar backscatter. Short wavelengths
such as X-band (2.4–3.75 cm) and C-band (3.75–7.5 cm) mainly
interact with the top leaves/needles, twigs and small branches,
whereas long wavelengths such as L-band (15–30 cm) and P-band
(30–100 cm) penetrate deeper into vegetation canopies and inter-
act mostly with primary branches, tree trunks and also the under-
lying ground (Ulaby et al., 1986; Le Toan et al., 1992). The
penetration depth of radar signals in other targets, such as snow
and ice, also varies with the wavelength (Hoen and Zebker, 2000;
Rignot et al., 2001).

In January 2006, the Japan Aerospace Exploration Agency (JAXA)
successfully launched the Advanced Land Observing Satellite
(ALOS). The Phased Array type L-band SAR (PALSAR) onboard the
satellite operates in the L-band with 1270-MHz (23.6 cm) center
frequency and 14- and 28-MHz bandwidths. It has five different
observation modes: Fine Beam Single (FBS) polarization (HH or
VV), Fine Beam Dual (FBD) polarization (HH/HV or VV/VH), Polar-
imetric (PLR) mode (HH/HV/VH/VV), ScanSAR mode, and Direct
Transmission (DT) mode, where HH, HV, VH and VV represent
the polarizations (horizontal or vertical) of transmitted (first letter)
and received (second letter) radar signals. PALSAR data were con-
sistently acquired on a repetitive basis of 46 days at off-nadir look-
ing angles ranging from 9.7 to 50.8 degree, with ground resolutions
from 10 to 100 m and swath widths from 30 to 360 km (Rosenqvist
et al., 2007). These characteristics, especially the L-band frequency
and multi-polarization modes, provide enhanced sensitivity to
vegetation responses (Almeida-Filho et al., 2009). Accordingly,
PALSAR imagery has been increasingly used in recent studies on
vegetation information extraction, for example, crop classification
(McNairn et al., 2009), forest cover monitoring (Thiel et al.,
2009), forest growth stage investigation (Santoro et al., 2009),
and forest species composition mapping (Wolter and Townsend,
2011; Miettinen and Liew, 2011).

Although PALSAR ceased functioning in May 2011 when the
ALOS mission was terminated due to a power generation anomaly,
it acquired thousands of L-band images during its five year opera-
tion, greatly contributing to the fields of cartography, regional land
observation, disaster monitoring, and resource survey. Successful
applications of PALSAR and its predecessor JERS-1 (the Japanese
Earth Resources Satellite-1) (e.g. Simard et al., 2000; Rauste,
2005; Santoro et al., 2006) encourage the development of the fol-
low-on mission ALOS-2 with PALSAR-2 onboard, which was
designed to have enhanced performance on spatial resolution
and observation frequency compared to ALOS/PALSAR. The ALOS-
2 was launched on 24 May 2014, and it is currently under initial
function verification. Images acquired by PALSAR-2 are planned
to go public in November, 2014 (JAXA, 2014).
2. Background and research objective

Many features can be extracted from PALSAR imagery with the
backscattering coefficient among the most commonly used.
Expressing the strength (or intensity) of radar signals received by
the sensor after scattering, the backscattering coefficient is a funda-
mental indicator of ground conditions, particularly of vegetation
growth, due to its sensitivity to surface roughness with respect to
polarization (e.g. Santoro et al., 2010; Dong et al., 2012). Polarimetric
decomposition through eigen analysis on the complex data
identifies characteristics that describe the type and contribution of
scattering mechanisms, providing a meaningful and thorough
exploitation of SAR polarimetry with the inclusion of the phase
information that is discarded in studies using backscattering coeffi-
cient exclusively (e.g. McNairn et al., 2009). SAR interferometry,
which is based on a combination of two complex images acquired
at separate times over the target area, can be used to retrieve infor-
mation complementary to that contained in individual images.
Quantifying the degree of similarity, interferometric coherence is
close or equal to one for two identical images and close or equal to
zero for two completely different images (e.g. Meyer et al., 2011).
Furthermore, textural information is considered an important data
source for the description of spatial pattern and variation of surface
features. Some previous studies have demonstrated the usefulness
of texture measures as integrated with intensity data for land cover
mapping (e.g. Walker et al., 2010; Longepe et al., 2011).

Table 1 provides a review of current studies using PALSAR-
derived features gleaned from five major remote sensing journals:
Remote Sensing of Environment, ISPRS Journal of Photogrammetry and
Remote Sensing, IEEE Transactions on Geoscience and Remote Sensing,
IEEE Journal of Selected Topics in Applied Earth Observations and
Remote Sensing, and International Journal of Remote Sensing. These
studies were chosen as they intended to use PALSAR data to mon-
itor land cover resources such as forest and agriculture. Studies on
lahar path detection (Joyce et al., 2009), estuarine shoreline delin-
eation (Wang and Allen, 2008), and seismic surface displacement
analysis (Zhang et al., 2010) were selectively included to showcase
the diversity of PALSAR applications.

The use of different types of features in the sample articles is
summarized in Table 1. Intensity was adopted in 22 of the 24
selected studies, where we define ‘‘intensity’’ to represent not only
the backscattering coefficient, but also metrics computed based on
the backscattering coefficient. For example, in Baghdadi et al.
(2009), two polarization bands recording HH and HV backscatters
and their difference (HH–HV) were compared with crop height
and NDVI to investigate the correlations, respectively. Moreover,
Almeida-Filho et al. (2009) defined a Normalized Difference Index
(NDI) on HH and HV to enhance the detection of new deforestation
areas. Several of these articles employed interferometric coherence
when multitemporal PALSAR scenes were available, and the
increase of information by the synergistic use of intensity and
coherence was examined (e.g. Lonnqvist et al., 2010; Tanase
et al., 2010, 2011). In contrast, polarimetric decomposition was
employed in only two studies and texture feature extraction was
used in three studies. The majority of studies (14 of 24) were based
on a single feature type and only a single study examined a
combination of three feature types. Consequently, there is limited
knowledge regarding integration of multiple feature types for
applications of PALSAR imagery.

Our objective is to fill this knowledge gap by assessing the
potential of using various metrics of intensity, polarimetric scatter-
ing, interferometric coherence, and spatial texture extracted from
multitemporal dual-polarized PALSAR data for land cover classifi-
cation. Because different types of features represent different infor-
mation content encapsulated in radar signals, we investigated the
improvement in accuracy associated with the gain of information
achieved by combining multiple feature types. Our goal is ‘‘utilitar-
ian’’ in the sense that we seek to provide general guidance for prac-
titioners related to how accuracy will be affected by combining
two or more feature types. We do not delve into the mechanistic
details of the classification (i.e. specific associations between fea-
tures and land cover classes), but rather address the previously
unanswered question of how much accuracy could potentially be
improved by combining readily available multiple feature types
with a commonly used classifier (random forest).



Table 1
Examples of studies using PALSAR-derived features from five major remote sensing journals.

Authors Mode Feature(s) Research objective(s) Fused with other
data?

Intensity Polarimetric
parameters

Interferometric
coherence

Texture
measures

Almeida-Filho et al. (2009) FBD U Detection of new deforestation fronts
Baghdadi et al. (2009) FBS, FBD U Harvested sugarcane monitoring
Dong et al. (2012) FBD U Land cover mapping in tropical regions MODIS
Dong et al. (2013) FBD U Rubber plantation mapping Landsat TM/ETM+
Evans et al. (2010) ScanSAR U Land cover and seasonal inundation

mapping
Radarsat-2

He et al. (2012) FBD U Forest stand biomass estimation
Joyce et al. (2009) FBS U U Lahar path detection
Longepe et al. (2011) FBD U U Regional land cover classification
Lonnqvist et al. (2010) FBD, PLR U U U Land cover mapping
McNairn et al. (2009) PLR U U Crop classification Envisat ASAR,

Radatsat-1,
Landsat TM

Meyer et al. (2011) FBS U Landfast ice detection
Santoro et al. (2009) FBS, FBD,

PLR
U Signature analysis of the backscatter

from forests with different growth stages
Santoro et al. (2010) FBS, FBD U Clear-cut detection
Sun et al. (2011) FBD, PLR U U Forest biomass mapping LVIS, SRTM
Tanase et al. (2010) FBD U U Forest burn severity estimation
Tanase et al. (2011) FBD, PLR U U Forest regrowth monitoring
Thiel et al. (2009) FBS, FBD U U Large-area forest monitoring
Torbick et al. (2011) FBS, FBD,

ScanSAR
U Rice mapping and monitoring of

hydroperiod
MODIS

Walker et al. (2010) FBD U U Land cover and forest mapping SRTM
Wang and Allen (2008) FBS U Estuarine shoreline delineation
Wang et al. (2009) FBD U Model development on rice canopy

scattering
Wolter and Townsend

(2011)
FBD U U Forest abundance estimation and forest

species mapping
Radarsat-1,
Landsat TM,
SPOT-derived forest
structure estimates

Zhang et al. (2009) FBS U Rice mapping
Zhang et al. (2010) FBS, FBD U Seismic surface displacement analysis
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The study was conducted in Central New York State (USA), a
region recognized for its significant cloudiness. Multitemporal
PALSAR data provides the possibility to distinguish different land
cover types based on the temporal variation of radar signals attrib-
utable mainly to the changes in physical (e.g. leaf-on and leaf-off
states) and weather (e.g. freezing and precipitation) conditions,
given that there has been no transition between land cover types
during the considered period. The FBD mode was chosen because
it contains a cross-polarized channel recording additional polari-
metric data as opposed to the FBS mode. Furthermore, compared
to PLR, FBD images were acquired more frequently (typically three
to five times per year for most areas around the globe) in a spatially
contiguous manner with a larger swath width and no gaps
between the passes (Rosenqvist et al., 2007). We started by
employing the four types of features individually, and then evalu-
ated the use of all possible feature combinations. Of particular
interest is the improvement in classification accuracy achieved
by the feature synergies, as higher accuracy directly reflects the
value of including multi-type features in land cover classification.
3. Study area and SAR data

3.1. Study area

The study area is in Central New York State, USA (Fig. 1). It lies
between 42�4604100N and 43�2202300N latitude and 75�3901700W and
76�3502100W longitude with a ground extent of 66.9 km � 55.3 km
(approximately 3697 km2), covering the major part of Onondaga
County and a small portion of neighboring counties. Topography
changes extensively in the N–S direction. The northern part is a
fairly level lake plain extending northward to Lake Ontario, while
high ridges rise in the southern part extending southward to the
Appalachian Plateau. The proximity to the Great Lakes results in
significant cloudiness and precipitation, and heavy snowfall comes
from the lake effect process and nor’easter storms. Syracuse, one of
the rainiest and snowiest cities in the United States, is located at
the center of the study site.

Land cover classes in the study area can be summarized into
seven categories: water, barren, developed, deciduous, coniferous,
shrubland, and herbaceous/planted. Definition of each class is
consistent with that applied in the NLCD (National Land Cover
Database) 2001 classification scheme (http://www.mrlc.gov/
nlcd01_leg.php), but we placed more emphasis on woody vegeta-
tion classes to evaluate the separability of deciduous, coniferous,
and shrubland using PALSAR FBD data. Since natural and semi-
natural herbaceous has a minimal presence, such areas were com-
bined with agricultural pasturelands and croplands to constitute
the herbaceous/planted class. Other grass-covered land uses such
as golf courses and the grass infields surrounding airport runways
were labeled as developed according to the NLCD classification
scheme because these are manmade structures. NLCD wetlands
were grouped into one of the four vegetation classes depending
on the type of vegetation cover. For example, a woody wetland
pixel dominated by deciduous forest was considered deciduous
in this study.
3.2. ALOS/PALSAR data

Four PALSAR scenes in the FBD mode with HH and HV polariza-
tions were acquired over the study area on May 12, June 27, August

http://www.mrlc.gov/nlcd01_leg.php
http://www.mrlc.gov/nlcd01_leg.php


Syracuse 

(a)  

(b)  

Fig. 1. (a) Location of the study area (red) in Central New York State. (b) Landsat-5 TM false-color imagery (RGB bands 5, 4, and 3) acquired over the study area on 29 April
2010, providing an overview of land cover distribution.

Table 2
Meteorological conditions at the time of image acquisition.

Acquisition date Tmax (�C) Tmin (�C) Precipitation (mm)

2010.05.12 14 3 3.6
2010.06.27 24 17 0.5
2010.08.12 31 19 0
2010.11.12 14 �1 0

Note: Tmax and Tmin denote the daily maximum and minimum air temperatures.
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12, and November 12, 2010, all from an ascending orbit (path 134,
frame 850) and an off-nadir angle of 34.3�. The Level 1.1 single look
complex (SLC) data were ordered from the Alaska Satellite Facility
(ASF) Distributed Active Archive Center (source: https://ursa.
asfdaac.alaska.edu). Pixel spacing is 9.37 m in the slant range
direction, and 3.17–3.20 m in the azimuth direction.

Meteorological data were collected at a station of NOAA’s
National Climatic Data Center (NCDC) located in the City of
Syracuse. Table 2 presents the daily maximum and minimum air
temperatures and the cumulative precipitation within 24 h before
acquisitions of PALSAR data. Most images were acquired under dry
conditions. Although the precipitation event prior to the May
acquisition may impact the discrimination of vegetation classes
due to a higher moisture content in the canopy and soil, the effect

https://www.ursa.asfdaac.alaska.edu
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was considered marginal in this study since the precipitation was
relatively light (less than 4 mm). The minimum air temperature
for the November scene was around the freezing point, but
confirmed by the MODIS daily 250 m surface reflectance product
(MOD09GQ), there was no snow on the ground or ice on the water
over the study area at the date of acquisition. The first recorded
snowfall in the winter of 2010 occurred in early December.
4. Methods

Fig. 2 illustrates the procedure adopted in this study. Multiple
types of features were first extracted from the PALSAR images.
Pixel-based classification was then performed on different combi-
nations of the features using a training sample collected from high
Feature Extraction 

Intensity 
Polarimetry 
Interferometry 
Texture 

Multitemporal 
ALOS/PALSAR 
FBD imagery 

Sampling 

Training Validation 

Pixel-based Classification 

Random forest 

Accuracy Assessment:
agreement defined based 
on match with

Primary class label 
Primary or alternate 
class label 

Aerial photographs 

Fig. 2. Flow chart of the experimental procedure.

Table 3
Summary of features extracted from PALSAR FBD data. Abbreviation explanations are pro

Category Variable Data

Intensity r0
HH

r0
HV

May 12, June 27, August 12, Novemb

r0
HH � r0

HV

r0
HH=r0

HV

Polarimetrya H May 12, June 27, August 12, Novemb
a

Interferometry Image pair

May 12 vs. June 27
cHH May 12 vs. August 12
cHV May 12 vs. November 12

June 27 vs. August 12
June 27 vs. November 12
August 12 vs. November 12

Texture ENE
CON
DIS r0

HH , r0
HV on May 12, June 27, August

HOM
ENT
COR

a Polarimetric parameters H and a were derived based on dual-polarized data.
b Parallel baseline.
c Perpendicular baseline.
d Two window sizes were used for texture computation.
resolution aerial photographs. Results were compared with the
validation data on a pixel-by-pixel basis to quantitatively assess
classification performance for different definitions of agreement.
Detailed descriptions are provided in the following sections.

4.1. Data processing and feature extraction

A total of 132 features were extracted for the subsequent classi-
fication (Table 3), and they are grouped into four major feature
types: intensity (16), polarimetry (8), interferometry (12) and tex-
ture (96). All features were orthorectified and filtered using the Next
ESA SAR Toolbox (NEST, http://nest.array.ca), an open-source
implementation developed by Array (Toronto, ON, Canada) under
contract to the European Space Agency (ESA). Here, we used Shuttle
Radar Topographic Mission (SRTM, http://srtm.usgs.gov/) 30 m (i.e.
1 arc second) digital elevation model (DEM) for the orthorectifica-
tion, and all features were converted to WGS-84 datum and UTM
Zone 18 North coordinate system and resampled to 30 m pixel size
through a bilinear interpolation. A 5 � 5 Enhanced Lee filter was
also applied to reduce speckle noise while preserving detailed spa-
tial information (Lopes et al., 1990). Examples of these features are
shown in Fig. 3, one from each feature type. These features together
provide the maximum discriminative power of the data set to
separate different land cover types defined in this study.

4.1.1. Intensity
The backscattering coefficient, also known as the normalized

radar cross section (r0, in decibels (dB)), is the most commonly
used statistic in applications of PALSAR imagery. The conversion
between the complex data and r0 was given by Shimada et al.
(2009),

r0 ¼ 10log10 I2 þ Q2
� �

þ CF� A ð1Þ

where I and Q are the real and imaginary parts of the SLC product at
Level 1.1. CF is the calibration factor distributed around the value of
�83.0 dB, with a standard deviation of 0.76 dB. The conversion fac-
tor A is 32.0, which is a theoretically derived value. r0 characterizes
the strength (or intensity) of the pulses returned and detected by
vided in the text.

Number of layers

er 12 16 (4 � 4)

er 12 8 (2 � 4)

Dt (days) Bk
b (m) B\

c (m)

46 220 158
92 493 641 12 (2 � 6)

184 381 529
46 273 484

138 161 371
92 112 113

96 (6 � 2 � 4 � 2d)

12, November 12

http://www.nest.array.ca
http://www.srtm.usgs.gov/


(a) 

(c) 

(b) 

(d) CON 

DegreedB

Fig. 3. Examples of the features used in this study. (a) HH backscattering coefficient at August 12, (b) alpha at August 12, (c) coherence at HH between August 12 and
November 12, and (d) the GLCM contrast computed on (a) using a 3 by 3 moving window.
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the antenna, so it is a fundamental indicator of ground conditions,
particularly of vegetation growth.

For each PALSAR data set used in this study, both HH and HV
backscattering coefficients, as well as the difference and ratio
between the two polarization bands, were computed as the inten-
sity feature listed in Table 3.

4.1.2. Polarimetric decomposition parameters
Since the FBD mode of the PALSAR sensor employs a single

transmit polarization of H and dual coherent reception of H and
V, the decomposition approach especially designed for coherent
dual-polarimetric data, namely H/a or entropy/alpha decomposi-
tion (Cloude, 2007), was conducted to provide additional informa-
tion on scattering mechanisms (i.e. surface, volume and double
bounce scattering).

Two statistical parameters of entropy (H) and alpha (a) were
calculated on the basis of an orthogonal eigenvector decomposi-
tion of the 2 � 2 complex covariance matrix constructed using
measurements of radar polarimetry HH and HV at each pixel, and

H ¼ �
X2

i¼1

Pilog2Pi; Pi ¼ ki=
X2

i¼1

ki ð2Þ

a ¼
X2

i¼1

Piai;
X2

i¼1

ai ¼ p=2 ð3Þ

where Pi is the probability of the normalized eigenvalue ki quantify-
ing the relative contribution with respect to the total backscatter
power, and ai is determined from the ith eigenvector representing
the type of scattering.
The physical interpretation of the two polarimetric parameters
defined in Eqs. (2) and (3) can be found in some previous studies
(e.g. Lopez-Sanchez et al., 2011, 2012). Entropy (H) is a measure
of the randomness of a scatterer. Low entropy suggests that the
pixel is dominated by a single scattering type, and for high entropy
more than one scattering process is involved. Alpha (a) is crucial
for identifying the dominant scattering mechanism. It has a range
of 0–90 degrees corresponding to a continuous change from sur-
face scattering (e.g. open areas), moving to dipole or volume scat-
tering (e.g. forest canopy), and finally reaching double bounce
scattering (e.g. buildings).

In this study, H/a decomposition was performed on each PAL-
SAR data set using the PolSARpro software package (Pottier et al.,
2009) distributed by ESA. Therefore, four pairs of entropy and
alpha parameters were extracted as the polarimetric feature.

4.1.3. Interferometric coherence
SAR interferometry is a technique for combining two complex

SAR images over the target area acquired at different times from
a nearly repeating orbit (Zebker and Villasenor, 1992), and it has
been widely applied to retrieve complementary information rela-
tive to the information contained in individual images (e.g. Smith
and Askne, 2001; Engdahl et al., 2001; Blaes and Defourny, 2003;
Meyer et al., 2011). The interferometric coherence c is defined as,

c ¼
EfZ1Z�2g
�� ��ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

EfjZ1j2gEfjZ2j2g
q ð4Þ

where Z1 and Z2 represents the master and slave image, respec-
tively, * denotes the complex conjugate, and |�| the magnitude and
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E{�} the expectation operator. In practice, the maximum likelihood
estimator (MLE) of coherence, bc, was found by replacing expecta-
tion values with averages (Seymour and Cumming, 1994),

bci;j ¼
P

NZ1Z�2
�� ��ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
N Z1j j2

P
N Z2j j2

q ð5Þ

where summation is calculated over a window of N pixels centered
at (i, j). The selection of window size is always a compromise
between spatial resolution and precision of coherence estimation
(Engdahl et al., 2001). Large window sizes could produce coherence
with small bias and standard deviation (Bamler and Hartl, 1998),
but also smooth out details on the resulting coherence maps
through spatial averaging.

The value of coherence varies between 0 (incoherence) and 1
(perfect coherence), quantifying the degree of similarity of two
co-registered images taken from slightly different look angles
(Hanssen, 2001). According to Zebker and Villasenor (1992),
coherence is affected by a number of factors related to the sig-
nal-to-noise ratio (SNR), image geometry, spatial baseline, and
temporal interval between the two image acquisitions. In a
repeat-pass scenario, however, temporal changes and volume scat-
tering are two most important causes of decorrelation, especially
in vegetated areas over the growing season (Hyyppa et al., 2000;
Engdahl et al., 2001; Wagner et al., 2003). Variations of the envi-
ronmental conditions, such as wind, precipitation and freeze
events, are also sources of temporal decorrelation (Koskinen
et al., 2001; Santoro et al., 2002; Askne et al., 2003; Pulliainen
et al., 2003; Thiel and Schmullius, 2013). Usually, croplands and
forests lose coherence rapidly due to vegetation growth and
changes in the arrangement of scatterers (e.g. leaves), whereas in
urban/built-up areas coherence remains high even between image
pairs separated by a long time interval.

The interferometric processing of the PALSAR data was
performed in the NEST environment. All the four images were
co-registered at sub-pixel accuracy into a common geometry by
maximizing local spatial correlation between master and slave
images at a series of small square areas spread throughout the
images. Coherence, at both HH and HV polarizations, was then
estimated from every pair of the original SLC images using a
moving window of 5 by 25 pixels (in range and azimuth direction,
respectively), corresponding to about 75 m in both across- and
along-track (see descriptions of pixel spacing and off-nadir angle
in Section 3.2). Consequently, 12 interferometric coherence images
were generated, six at each polarization for all possible combina-
tions of the four scenes selected.

4.1.4. Texture measures
Haralick et al. (1973) introduced a general procedure for

extracting textural information in the spatial domain from the
gray-level co-occurrence matrix (GLCM). The derived statistical
features have been effectively utilized in many SAR applications,
such as forest biomass estimation (e.g. Kuplich et al., 2005), land
cover assessment (e.g. van der Sanden and Hoekman, 1999;
Longepe et al., 2011; Qi et al., 2012), and sea ice classification
(e.g. Barber and LeDrew, 1991; Baraldi and Parmiggiani, 1995;
Soh and Tsatsoulis, 1999; Clausi, 2002).

The GLCM outlines the distance and angular spatial relationship
between pixels within the moving window. For an image initially
quantized to Ng gray levels, the matrix consists of Ng � Ng ele-
ments, each representing the joint probability of occurrence p(i, j)
of pairs of pixels with gray levels i and j separated by a given dis-
tance (d) and direction (h) in a specific window. Practically, smaller
values of Ng may accelerate the calculation, but this is usually asso-
ciated with the loss of information as quantization essentially
smoothes an image. Therefore, we used a reasonably fine scheme
with 64 gray levels to preserve detailed information while avoiding
high computational load. To keep the size of textural feature space
manageable, only two window sizes were tested, one at a smaller
scale of 90 m (i.e. 3 pixels) and the other at a larger scale of 450 m
(i.e. 15 pixels). Moreover, inter-pixel distance was fixed at one
(d = 1) since most relevant correlation exists between adjacent pix-
els (van de Wouwer et al., 1999), and omnidirectional features
were obtained by averaging out the results in the four directions
of h = 0, 45, 90 and 135 degrees.

For a given window size, six second-order GLCM-based texture
measures, including energy (ENE), contrast (CON), dissimilarity
(DIS), homogeneity (HOM), entropy (ENT) and correlation (COR),
were extracted from every quantized layer of HH and HV backscat-
tering coefficients, and they are defined as

ENE ¼
XNg

i¼1

XNg

j¼1
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CON ¼
XNg

i¼1

XNg
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where lx, ly, rx, and ry are the means and standard deviations for
the row- and column-marginal probabilities of the co-occurrence
matrix composed of p(i, j), and
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The various features we selected characterize spatial informa-
tion from different aspects. Energy, also known as uniformity or
angular second moment, is a measure of the smoothness of an
image. The smoother the image, the higher will be the value of
energy. Contrast measures the amount of local variations, and a
smaller value corresponds to a lower degree of variation. Dissimi-
larity and homogeneity are another two features to represent
image contrast. Entropy is an indication of the complexity or the
randomness. A more informative image with complex spatial
structure usually results in a higher entropy value. Correlation



Table 4
Sample sets for training and validation.

Class Training Validation

Total (on the
primary
reference
class label)

Number (and percentage)
of pixels with an
alternate reference
class label

Water 240 106 3 (3%)
Barren 219 35 5 (14%)
Developed 1481 126 30 (24%)
Deciduous 653 202 94 (47%)
Coniferous 439 57 35 (61%)
Shrubland 759 66 45 (68%)
Herbaceous/Planted 1209 208 67 (32%)

Total 5000 800 279 (35%)
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describes the linear dependency of gray levels of the neighboring
pixels, and it has lower values for an image with uncorrelated pix-
els, such as the noise.

4.2. Sampling and response designs for training and validation

Reference (or ground) data for both training and validation
were collected by visual interpretation of 1 ft and 2 ft resolution
aerial photography produced by the New York Statewide Digital
Orthoimagery Program (NYSDOP, http://gis.ny.gov/gateway/ortho-
program/) between 2008 and 2011. All orthoimagery contained
four bands (blue, green, red and infrared), capable of both natural
color and color infrared display. A pixel with a size of 30 m � 30 m
consistent with processed PALSAR data was chosen as the sam-
pling unit. To capture the unique signature of each land cover class,
only pure pixels were sampled as training data, with the exception
of some sample pixels in the developed class that cover a mixture
of constructed materials and vegetation on the ground (e.g. in
residential areas).

The selection of validation data followed a probability sampling
design to ensure that statistically rigorous design-based inference
can be established for estimating accuracy of the entire region
from a sample (Stehman, 2000). Stratified random sampling was
implemented to specify the locations at which validation data
would be obtained. Preliminary analysis showed that the percent-
age of pixels mapped as barren, water, and coniferous was around
0.1%, 7%, and 8%, respectively, whereas the other four classes (i.e.
developed, deciduous, shrubland, and herbaceous/planted) were
more common with greater than 15% coverage. Each of the three
rare classes was defined as a stratum to allow for increasing the
sample size in each class and thereby reducing the standard error
of estimated user’s accuracy. In contrast, the four common classes
were combined as a single stratum to limit the total number of
strata. To avoid tailoring the strata to just one of the maps, we
defined the strata using four of the classified maps. The four maps
were selected to include one map from the set of maps of each
number of feature types (e.g. the map with all four feature types,
one of the maps with three feature types, etc.). To create the strat-
ification, pixels labeled as barren by any of the four classified maps
were first assigned to stratum I. Then a pixel was assigned to stra-
tum II if any map labeled that pixel as water (unless the pixel was
already in stratum I in which case it stayed as stratum I). Similarly,
stratum III was defined based on the coniferous class with the
exclusion of pixels in strata I and II. All the remaining pixels consti-
tuted the common class stratum IV. A sample of 100 pixels was
selected from each of stratum I, II and III, and 500 sample pixels
were selected from stratum IV. Simple random sampling was used
to select the sample pixels within each stratum. The sampling
design was equal probability for pixels within a stratum, but pixels
from different strata had different probabilities of being included
in the sample.

Due to the common existence of mixed pixels and the uncer-
tainty in identifying reference class labels based on photo interpre-
tation (as opposed to field observation), it is not always possible to
unambiguously assign a single, crisp cover type to the sampling
unit (Stehman and Czaplewski, 1998). Therefore, we determined
the dominant or most likely (i.e. primary) land cover class for each
pixel in the validation sample set, and also had the option of pro-
viding one alternate reference class label. For example, if a sample
pixel was located on the boundary of a parking lot adjacent to
deciduous forest that has limited coverage inside of the pixel, the
primary and alternate labels would be developed and deciduous,
respectively. This labeling protocol provides insight into the
potential impact of reference data quality on the assessment and
interpretation of classification accuracy (Stehman and Foody,
2009).
Table 4 summarizes the composition of training and validation
sets. In total, 5000 pixels constituted the training data and an addi-
tional 800 pixels were collected for accuracy assessment. Approx-
imately 35% of the validation sample included an alternate class
label, of which most had mixed land cover due to the difference
in spatial resolution of the 30 m � 30 m map versus 1 ft � 1 ft
(�0.3 m) and 2 ft � 2 ft (�0.6 m) reference data.

4.3. Pixel-based classification

This study opted for an ensemble learning algorithm named
random forest (RF) (Breiman, 2001) to classify different land cover
types using PALSAR-derived features. During the training process,
RF creates a large number of unpruned Classification and Regres-
sion Trees (CART), each from a bootstrapped sample of approxi-
mately two thirds of the original data and considering only a
random subset of the input features at each splitting node. The out-
put of the algorithm is determined by aggregating the predictions
from all constructed trees (i.e. majority votes for classification,
average for regression). Moreover, an assessment of the impor-
tance of each feature can be performed on the out-of-bag samples
– the one third data that are excluded from the training sample for
a particular tree – by randomly permuting all the values of one fea-
ture while keeping the rest unchanged. This is to mimic the
absence of that feature from the model, and a high prediction accu-
racy decrease averaged over all the trees indicates a significant
contribution of that feature to the classification/regression task.

Similar to a single decision tree (DT), RF does not require any
implicit assumption on data distribution, and is capable of accom-
modating different types or scales of input data. However, RF is
superior to DT because it runs more efficiently on high-dimensional
data sets, and it does not overfit showing greater resistance to out-
liers (or noise) in the training sample (Breiman, 2001; Pal and
Mather, 2003). The random selection of variables for a split at each
node also minimizes the impact of correlated variables compared to
the use of a single tree. All these characteristics make RF attractive
in remote sensing classification studies, and it has been successfully
applied to multispectral (e.g. Pal, 2005; Timm and McGarigal,
2012), hyperspectral (e.g. Ham et al., 2005; Lawrence et al., 2006),
SAR (e.g. Waske and Braun, 2009), and LiDAR data (e.g.
Martinuzzi et al., 2009), or multisource data sets (e.g. Gislason
et al., 2006; Waske and Benediktsson, 2007; Guo et al., 2011).

Fifteen RF models were developed using the same training sam-
ple but different combinations of features consisting of one, two,
three or four feature types. In each model, 500 classification trees
were constructed, and the number of features randomly chosen
at each node was set to the square root of the number of inputs.
Consequently, fifteen classified maps were produced, one from
each model. For details of feature combination in each classifica-
tion scenario, the reader is referred to Table 5.

http://www.gis.ny.gov/gateway/orthoprogram/
http://www.gis.ny.gov/gateway/orthoprogram/


Table 5
Estimated accuracy (%) for classifications using different combinations of feature types where agreement is defined as a match between the map class and either the primary or
alternate reference label of the sample pixel (‘‘PriAlt’’). Producer’s accuracy (PA) and user’s accuracy (UA) are presented as deviations from the results of the classifier using four
types of features. Standard errors of estimated overall accuracy were smaller than 2% in all scenarios.

Feature combinationa Estimated accuracy (%)

INT POL COH TEX Overall accuracy Deciduous Coniferous Shrubland Herbaceous/Planted Developed Barren Water

PA UA PA UA PA UA PA UA PA UA PA UA PA UA

Four feature type scenario
U U U U 72 66 93 77 67 71 50 64 93 88 50 7 77 90 99

Three feature type scenarios
U U U 71 2 0 �3 3 2 3 �4 0 �3 �5 2 �32 0 �1
U U U 70 2 �3 �3 1 �3 �3 �3 �4 �3 0 �1 �6 �2 0
U U U 68 �3 �5 �17 �12 �10 �8 �3 �4 �2 �3 �6 23 �1 0

U U U 66 �7 �1 �21 �3 �5 �7 �3 �9 �2 �5 �1 0 �2 �1

Two feature type scenarios
U U 69 3 �5 �5 �3 �3 2 �6 �2 �6 �6 �6 �55 1 0
U U 69 4 �3 �10 �1 �4 �2 �6 �3 �7 �6 0 �55 �3 0
U U 67 �1 �7 �18 �7 �16 �13 �4 �4 �3 �4 �6 23 �3 0

U U 65 �4 �6 �37 �2 �9 �11 �6 �14 0 �3 �3 �5 �6 1
U U 63 �9 �12 �37 �13 �15 �9 �4 �15 �1 �4 �5 23 �6 �3
U U 62 �18 �12 �23 �1 �5 �10 �3 �8 �7 �9 1 �10 �1 �1

One feature type scenarios
U 65 1 �8 �18 �5 �4 �5 �14 �4 �5 �8 �6 �67 �2 0

U 62 �12 �11 �52 �19 �28 �15 �3 �26 3 �2 �6 3 �8 �1
U 57 �20 �18 �47 �16 �7 �16 �11 �18 �6 �9 �2 �2 �9 1

U 56 �22 �21 �35 �24 �22 �15 �3 �26 �15 �8 �6 3 �13 �4

a INT, POL, COH, and TEX denote intensity, polarimetric parameters, interferometric coherence, and texture measures, respectively.
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4.4. Accuracy assessment

Assessing classification accuracy evaluates the degree to which
a map agrees with the reference data. In this study, a sample-based
accuracy assessment was conducted inferring accuracy estimates
from a sample to the population. We defined two types of agree-
ment to compute accuracy estimates, one being a match between
the map class of the sample pixel and the primary reference label
only (denoted as ‘‘PriOnly’’), and the other being a match between
the map class and either the primary or alternate reference label
(denoted as ‘‘PriAlt’’). Using both the primary and alternate labels
in the matching protocol can accommodate thematic ambiguity
of the reference data (Olofsson et al., 2014). Accuracy estimates
derived from the PriAlt definition of agreement will be higher than
the corresponding estimates based on the PriOnly definition.

An error matrix approach (Story and Congalton, 1986) was
adopted to describe classification accuracy and characterize errors.
Cell proportions of the error matrix and the associated accuracy
measures were estimated from the validation sample following
standard probability sampling protocols to construct statistically
consistent accuracy estimates. The four strata we established for
selecting the validation sample do not correspond exactly to the
map classes of any classification performed, so the accuracy
estimators applicable to this situation described by Stehman
(2014) were used. Overall accuracy and class-specific producer’s
and user’s accuracies and their accompanying standard errors were
computed for both definitions of agreement PriOnly and PriAlt and
each of the fifteen classified maps using the 800 sample pixels
selected for validation. Computations were conducted using
Mathwork’s MATLAB software (Natick, MA, USA).
5. Results

5.1. Accuracy of classifications derived from different feature types

The inclusion of an alternate label in the definition of agreement
generally improved the overall accuracy by 8–10% in all fifteen sce-
narios relative to defining agreement as a match between the map
label and the primary reference label only. This is consistent with
the general expectation that using only the primary label may
underestimate classification accuracy, as PriOnly is a very strict
definition of agreement permitting no allowance for ambiguity in
the reference land cover label. The relative performance of the
different combinations of feature types remains fundamentally
the same for the PriAlt and PriOnly definitions of agreement, so
the subsequent description of results mainly focuses on the PriAlt
estimates (Table 5). The four groups of scenarios correspond
respectively to the total number of feature types implemented.
Within each group results are sorted by overall accuracy in
descending order. To facilitate the identification of more consider-
able differences, producer’s accuracy (PA) and user’s accuracy (UA)
are presented as deviations from the results of the most accurate
classifier which is the classifier using all four feature types. Accura-
cies estimated by PriOnly are provided in the table of Appendix A,
arranged in the same order as Table 5.

In general, the overall accuracy was gradually improved as
more feature types were used for classification. For example, the
exclusive use of intensity was capable of classifying different land
cover types to an overall accuracy of 65%. The inclusion of polari-
metric scattering parameters increased overall accuracy to 69%,
which was further improved to 71% by combining interferometric
coherence also. Another 1% improvement was achieved with the
final incorporation of texture measures, leading to the highest
overall accuracy of 72%. The classified map created using all four
feature types is presented in Fig. 4.

Differences in accuracy were more substantial for certain clas-
ses with respect to the number of feature types used for classifica-
tion. Particularly, both producer’s and user’s accuracies of the four
vegetation classes decreased extensively in the one type classifiers
compared to the scenario employing all types of features simulta-
neously. In contrast, feature type synergies had relatively marginal
effect on the estimated accuracies of developed and water. Unlike
the moderate accuracy of the developed class, water was consis-
tently well classified in most scenarios with producer’s accuracy
of 81–91% and user’s accuracy above 95%.

Among the four feature types, intensity was the most indispens-
able because all classifications with the highest overall accuracy in



Fig. 4. Land cover map created using all four feature types described in this study (overall accuracy is 72%).

Table 6
Error matrix and accuracy estimates (%) based on the ‘‘PriAlt’’ definition of agreement for the classification using only the intensity metrics (16 inputs). Producer’s accuracy (PA)
and user’s accuracy (UA) are reported with standard errors (SE) in parentheses. Overall accuracy is 65% with a SE of 2%.

Class Water Barren Developed Deciduous Coniferous Shrubland Herbaceous/Planted Total UA (SE)

Water 7.551 0.000 0.078 0.000 0.000 0.000 0.000 7.629 99 (1)
Barren 0.003 0.010 0.025 0.003 0.000 0.003 0.054 0.099 10 (5)
Developed 0.236 0.193 12.981 3.796 1.442 1.867 10.927 31.442 41 (3)
Deciduous 0.316 0.319 0.609 19.512 0.860 0.790 0.761 23.168 84 (3)
Coniferous 0.000 0.000 0.258 2.189 4.636 0.258 0.129 7.469 62 (6)
Shrubland 0.000 0.326 0.951 3.764 0.890 6.483 2.054 14.468 45 (5)
Herbaceous/Planted 0.477 0.032 0.812 0.000 0.000 0.316 14.088 15.725 90 (3)

Total 8.584 0.879 15.715 29.264 7.828 9.717 28.013 100
PA (SE) 88 (4) 1 (1) 83 (4) 67 (3) 59 (6) 67 (6) 50 (4)

Table 7
Error matrix and accuracy estimates (%) based on the ‘‘PriAlt’’ definition of agreement for the classification using all features of intensity, polarimetry, interferometry and texture
(132 inputs). Producer’s accuracy (PA) and user’s accuracy (UA) are reported with standard errors (SE) in parentheses. Overall accuracy is 72% with a SE of 2%.

Class Water Barren Developed Deciduous Coniferous Shrubland Herbaceous/Planted Total UA (SE)

Water 7.551 0.000 0.078 0.000 0.000 0.000 0.000 7.629 99 (1)
Barren 0.000 0.064 0.013 0.003 0.000 0.000 0.003 0.083 77 (8)
Developed 0.552 0.342 13.954 3.138 0.790 2.690 6.679 28.144 50 (4)
Deciduous 0.316 0.000 0.000 18.063 0.158 0.000 0.948 19.486 93 (2)
Coniferous 0.000 0.000 0.258 2.318 6.439 0.515 0.129 9.658 67 (5)
Shrubland 0.000 0.474 0.632 3.764 0.948 8.040 2.213 16.071 50 (5)
Herbaceous/Planted 0.003 0.000 0.948 0.158 0.000 0.158 17.662 18.929 93 (2)

Total 8.423 0.879 15.883 27.444 8.335 11.403 27.633 100
PA (SE) 90 (4) 7 (3) 88 (3) 66 (4) 77 (5) 71 (5) 64 (4)
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each group incorporated intensity metrics. Using features of polar-
imetric scattering and interferometric coherence individually
resulted in lower overall accuracies relative to the use of intensity
or texture measures. However, greater improvement was achieved
when polarimetric and interferometric types of features were com-
bined with intensity, suggesting that both are capable of adding
useful thematic information complementary to intensity metrics.
Conversely, when combined with intensity, texture metrics
resulted in limited improvement over using intensity alone, and
this two feature type combination of intensity and texture had
inferior accuracy to other two feature type scenarios that
combined intensity with scattering and intensity with coherence.
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Fig. 5. Feature importance in terms of mean decrease in accuracy.
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The highest classification accuracy was achieved by integrating
multiple feature types. It requires more time and effort to extract
features of polarimetric scattering, interferometric coherence and
spatial texture than would be the case of using intensity metrics
only. The value added by each feature type in terms of classifica-
tion accuracy varied by land cover class. Therefore, benefits and
costs of incorporating different types of features should be evalu-
ated depending on the specific land cover class of interest for an
intended application. For example, shrubland producer’s and user’s
accuracies were highest when texture measures were not
combined with the other three feature types, suggesting that spa-
tial information contributed little to the enhanced separability of
shrubland from other land cover types and thus texture was not
necessarily needed for the shrubland classification.
5.2. Detailed assessment of selected classifications

Tables 6 and 7 summarize the estimated error matrices based on
the PriAlt agreement definition for the two classified maps created
using intensity alone and all four types of features, respectively.
For each matrix, reference class labels form the columns and map
class labels form the rows. Cell entries are expressed as percent area
of the region. Main diagonal entries (displayed in bold) represent
correct classifications, and off-diagonal entries identify errors.

A high proportion of disagreement occurred between the devel-
oped and herbaceous/planted classes, especially for the map cre-
ated using intensity metrics only. Substantial misclassification of
herbaceous/planted pixels to the developed class resulted in
remarkably high developed commission error and high herba-
ceous/planted omission error. This may be attributable to the diffi-
culties in distinguishing grass-dominated areas in the developed
context (e.g. golf courses) from natural and semi-natural grassland,
pasture, and cropland that were defined as herbaceous/planted in
this study. However, the inclusion of interferometric, polarimetric
and textural features partially resolved this problem, giving rise to
a 14% increase in producer’s accuracy of herbaceous/planted, and a
9% increase in user’s accuracy of developed. Similarly, a substantial
proportion of the barren omission error is because it was labeled as
developed or shrubland. Deciduous was also a relatively large con-
tributor to the barren omission error when intensity was used
exclusively. Nonetheless, barren is a very rare class on the land-
scape representing less than 0.1% of the study area from the map
perspective, and therefore had little impact on the overall quality
of the classification.
6. Discussion

To further investigate the contribution of each feature to the
overall classification, an assessment of feature importance was
implemented on the classifier using all four feature types. The con-
tribution was quantified by the mean decrease in accuracy given
the absence of the feature evaluated (Fig. 5). Features of intensity,
polarimetric scattering and interferometric coherence contributed
more than the numerous texture measures, as randomly permut-
ing values of any texture measure resulted in a marginally
decreased accuracy by less than 1%. This is consistent with the
accuracy estimates presented in Table 5. Because intensity metrics
represent the strength of the returned signals after interacting with
ground objects, polarimetric parameters characterize the type and
contribution of scattering mechanisms and interferometric coher-
ence indicates the degree to which surfaces remain unchanged,
these three feature types were more informative and of greater
importance in radar applications relative to texture measures
when used in combination.
For the intensity metrics, the backscattering coefficients at the
HV polarization (intensities 5–8) are more important compared to
HH backscatters (intensities 1–4). Because cross-polarized radar
returns are attributable to multiple volume scattering from within
the vegetation canopy, HV polarization presents stronger sensitivity
to vegetation structure and biomass (Le Toan et al., 1992; McNairn
et al., 2009; Wolter and Townsend, 2011). Consequently, it is more
critical for vegetation discrimination in this study as vegetation
has majority coverage over the study area. In contrast, combining
intensity metrics of difference (intensities 9–12) and ratio (intensi-
ties 13–16) calculated from the corresponding HH and HV backscat-
ters yielded limited improvement in classification accuracy.

The measure of feature importance provides some guidance to
the potential selection of most important features for classification.
Determining a priori the combinations of features that contain
more separable land cover information can reduce the number of
inputs to the classification algorithm and therefore accelerate the
classification process. To examine whether this is practically viable
and how accuracy would be affected, we selected the four most
important metrics of each feature type using the information pre-
sented in Fig. 5. Those metrics in the best set of feature combina-
tions within each group of scenarios presented in Table 5 were
then used as classification inputs. Overall accuracies estimated
by the PriAlt definition of agreement are summarized in Table 8.
For every combination set, accuracy increased as the number of
metrics of each feature type increased. The rate of improvement
in accuracy as metrics were added was greatest for the scenarios
using intensity and intensity combined with polarimetric scatter-
ing parameters. For all feature type combinations, using all the
metrics available improved overall accuracy compared to using
only the best four metrics of each feature type. Although comput-
ing efficiency was not an issue in our study, applications address-
ing larger areas may benefit from preliminary analyses of feature
importance that would reduce the dimensionality of input features
with limited loss of information.

As a data exploration step before the classification, a separabil-
ity analysis on each of the four feature types can facilitate under-
standing how well each feature type separates the classes of
interest when used in isolation (see Appendix B). Information
obtained from the separability analysis Appendix B table is analo-
gous to what an error matrix delivers, quantifying the potential of
two classes being confused with each other. Consistent with accu-
racies of the single feature type scenarios (Table 5), intensity and
texture were the two types that showed stronger capability in dis-
tinguishing classes. However, these individual separability analy-
ses do not appear informative regarding the performance of
feature type combinations. For example, while intensity and
texture produced as single feature types the greatest separability
of classes, the best (i.e. most accurate) two- and three-feature type
combinations did not include both intensity and texture feature
types.



Table 8
Overall accuracy (%) based on the ‘‘PriAlt’’ definition of agreement for classifications using the most important metrics of each feature type in the best set of feature combinations
identified from Table 5.

Feature combinationa Overall accuracy (%)

INT POL COH TEX Best 1 metric Best 2 metrics Best 3 metrics Best 4 metrics All metrics

U 38 52 56 58 65
U U 52 61 64 66 69
U U U 59 63 67 68 71
U U U U 61 65 68 68 72

a INT, POL, COH, and TEX denote intensity, polarimetric parameters, interferometric coherence, and texture measures, respectively.
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A variety of avenues for future research emerged during this
study. In our study, seven major classes from the NLCD 2001 clas-
sification scheme were assessed and provided a generally accepted
level of detail of land cover land use information. Training the algo-
rithm on more detailed class levels (e.g. different agricultural
crops) might be a way of fine tuning the classifier to take further
advantage of PALSAR capabilities.

Because of limited availability of PALSAR imagery and reference
data, our comparison of combinations of feature types focused on a
single site. Case study investigations remain the norm in remote
sensing practice as demonstrated by the fact that 19 of the 24 arti-
cles cited in Table 1 also used one site. Although methods for
designing multi-site studies to yield more statistically representa-
tive conclusions have been proposed (e.g. Stehman, 2006), our case
study results contribute, in conjunction with the Table 1 studies, to
the understanding of the impact of feature types on accuracy of
land cover classifications. Qualitatively similar results would be
expected for other sites as all seven classes of interest assessed
in this study are typical land cover types and all four feature types
were solely derived from PALSAR Level 1.1 SLC data. However, the
degree to which accuracy is improved by combining multi-type
features is likely dependent on each specific application. Therefore,
the evaluation of feature type combinations should be extended to
additional sites to better characterize the differences in accuracy to
be expected in different settings.
Table A.1
Estimated accuracy (%) for classifications using different combinations of feature types whe
label of the sample pixel (‘‘PriOnly’’). Producer’s accuracy (PA) and user’s accuracy (UA) are
Standard error of overall accuracy is smaller than 2% in all scenarios. Rows of the table ar

Feature combinationa Estimated accuracy (%)

INT POL COH TEX Overall accuracy Deciduous Coniferous Sh

PA UA PA UA PA

Four feature type scenario
U U U U 62 55 83 54 44

Three feature type scenarios
U U U 61 1 �2 �2 0
U U U 62 2 �1 �1 2 �
U U U 59 0 �10 �18 �1 �

U U U 57 �6 �4 �17 3 �

Two feature type scenarios
U U 59 3 �10 �10 �3 �
U U 59 4 �3 �6 0 �
U U 58 0 �12 �18 2 �

U U 56 �4 �8 �34 �6 �
U U 55 �6 �15 �28 2 �
U U 53 �17 �14 �19 �7 �

One feature type scenarios
U 56 0 �13 �18 �6 �

U 53 �9 �16 �39 �5 �
U 49 �17 �19 �33 �8 �

U 47 �21 �25 �30 �20 �

a INT, POL, COH, and TEX respectively denote intensity, polarimetric parameters, inte
The joint use of Landsat imagery and PALSAR-derived multi-
type features in land cover classification is also worth investigat-
ing. Because optical data capture spectral characteristics and radar
data record scattering characteristics of each land cover class, the
union of these data sources is anticipated to yield more substantial
and accurate thematic information than is possible from using
each source in isolation. With the successful launch of Landsat 8
(Landsat Data Continuity Mission, LDCM) and ALOS-2/PALSAR-2,
integrating all features of intensity, polarimetric scattering, inter-
ferometric coherence and spatial texture with Landsat imagery will
provide a methodological basis for future studies using Landsat 8
and PALSAR-2.
7. Conclusions

The synergistic use of different types of features extracted from
multitemporal dual-polarized ALOS/PALSAR imagery for land cover
classification was evaluated in this study. Different combinations
of metric groups representing intensity, polarimetric scattering,
interferometric coherence, and spatial texture were used as classi-
fication inputs. Our hypothesis investigated whether the gain of
information content by combining multiple feature types
improved classification accuracy. Results showed that polarimet-
ric, interferometric and textural features contributed beneficial
re agreement is defined as a match between the map class and the primary reference
presented as deviations from the results of the classifier using four types of features.

e ordered as in Table 5.

rubland Herbaceous/Planted Developed Barren Water

UA PA UA PA UA PA UA PA UA

56 34 59 88 82 43 7 77 88 99

3 4 �4 �1 �4 �4 2 �34 0 �1
2 0 �2 �4 �2 �1 �1 �6 0 0

11 �5 �3 �4 �2 �3 �6 23 1 0
6 �4 �3 �10 �2 �5 �1 �4 �2 �1

5 2 �7 �1 �7 �6 �6 �55 1 0
3 �1 �7 �4 �8 �5 0 �56 �1 0

17 �8 �3 �4 �3 �5 �6 23 �1 0
9 �6 �6 �16 4 �2 �3 �10 �6 1

15 �4 �5 �14 2 �5 �5 23 �5 �3
6 �8 �3 �10 �10 �7 0 �13 �1 �1

8 �1 �13 �5 �5 �7 �6 �67 0 0
25 �6 �3 �28 8 �3 �6 3 �8 �1

3 �10 �11 �21 �9 �7 �2 �7 �7 1
25 �14 �5 �26 �15 �7 �6 3 �11 �4

rferometric coherence, and texture measures.



Table B.1
Separability of the seven classes assessed on each of the four feature types. Separability is represented by the Jeffries-Matusita (JM) distance (Richards and Jia, 1999). The values
range from 0 to 2, indicating how well the two classes are statistically separate. Higher values suggest better separability.

Water Barren Developed Deciduous Coniferous Shrubland

(a) Intensity metricsa

Barren 1.51
Developed 1.61 0.46
Deciduous 1.98 1.39 1.23
Coniferous 1.98 1.50 1.37 0.41
Shrubland 1.91 0.98 0.93 0.50 0.66
Herbaceous/Planted 1.58 1.31 1.43 1.92 1.94 1.77

(b) Polarimetric scattering parameters
Barren 1.49
Developed 1.56 0.45
Deciduous 1.24 0.90 0.86
Coniferous 1.29 0.86 0.82 0.08
Shrubland 1.24 0.57 0.65 0.24 0.23
Herbaceous/Planted 1.26 0.76 0.95 1.29 1.31 1.01

(c) Interferometric coherence
Barren 1.82
Developed 1.71 0.63
Deciduous 1.58 1.23 0.94
Coniferous 1.71 1.33 0.87 0.58
Shrubland 1.57 1.18 0.69 0.58 0.45
Herbaceous/Planted 1.43 1.45 1.34 1.05 1.37 1.20

(d) Texture measuresa

Barren 2.00
Developed 2.00 1.45
Deciduous 1.99 1.99 1.97
Coniferous 2.00 1.99 1.95 1.14
Shrubland 2.00 1.97 1.91 1.19 1.00
Herbaceous/Planted 1.99 1.96 1.91 1.34 1.50 0.90

a Some of the metrics were removed to avoid the singular matrix and inversion problem during the analysis.
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thematic information when combined with the intensity metrics,
providing more pronounced discriminative capability among dif-
ferent land cover types, in particular the multiple vegetation clas-
ses assessed in our study. The integration of all feature types
improved overall accuracy to 72%, an increase of 7% relative to
using just intensity. More considerable improvement was observed
for producer’s accuracy and user’s accuracy of the vegetation clas-
ses. As further applications of PALSAR imagery emerge, our study
serves as a reference guide on how to extract and combine
multi-type features with key references and processing steps.
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