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Abstract: The present article is an introductory paper in this special issue on synthetic
aperture radar (SAR). A short review is presented on the recent trend and development
of SAR and related techniques with selected topics, including the fields of applications,
specifications of airborne and spaceborne SARs, and information contents in and
interpretations of amplitude data, interferometric SAR (InSAR) data, and polarimetric SAR
(PolSAR) data. The review is by no means extensive, and as such only brief summaries of
of each selected topics and key references are provided. For further details, the readers are
recommended to read the literature given in the references theirin.
Keywords: synthetic aperture radar (SAR); recent development; amplitude information;
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1. Introduction
In the 1985 Pioneer Award story [1], Carl Wiley, the inventor of SAR, stated with his modest manner:
I had the luck to conceive of the basic idea, which I called Doppler Beam Sharpening (DBS), rather
than Synthetic Aperture Radar (SAR). Like all signal processing, there is a dual theory. One is a
frequency-domain explanation. This is Doppler Beam Sharpening. If one prefers, one can analyze
the system in the time domain instead. This is SAR.
The conception of SAR was recorded in a Goodyear Aircraft report in 1951 by Wiley (note that the
origin of the aperture synthesis technique was an early phased array antenna called “bedspring antenna”
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developed by Sir Watson-Watt in 1938 [2]), followed by the first SAR operation in 1952. Experiments
continued with airborne SARs, and it was in 1978 when the first spaceborne SAR for earth observation on
board the SEASAT satellite was put into orbit. Despite its short lifetime of 106 days, SEASAT-SAR [3]
was the pioneering mission which has lead the SAR technology to the present and future state-of-the-art
status [4].
SAR is an imaging radar, which can produce high-resolution radar images of earth’s surface from
airborne and spaceborne platforms [5]. Since SAR is an active sensor and uses the microwave band
in the broad radio spectrum as in Figure 1, it has a day-and-night imaging capability, and an ability of
penetrating could cover, and to some extent, rain (see Figure 2). Further, L-band and P-band SAR has
relatively long penetration depth into vegetation and soil, enabling to extract information on the interior
of the targets. Because of these characteristics, SAR has been used in various fields of research [6],
ranging from oceanography to archeology as listed in Table 1.
Figure 1. Band designation of microwave spectrum used for SAR.

Figure 2. One-way transmission rate (%) of microwave through vapor clouds, ice clouds,
and rain as a function of frequency (and wavelength). For lower frequencies at L- and P-band,
the transmission rate is almost 100% (the figure was produced by the author based on [7]).
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Table 1. Selected fields of SAR application examples. Note that not all applications are in
practical use; many applications are still at developing stages.
Fields
Geology

Objects
topography, DEM & DSM production, crust movement, faults, GIS, soil structure,
lithology, underground resources
Agriculture
crop classification, plantation acreage, growth, harvest & disaster, soil moisture
Forestry
tree biomass, height, species, plantation & deforestation, forest fire monitoring
Hydrology
soil moisture, wetland, drainage pattern, river flow, water equivalent snow & ice
water cycle, water resources in desert
Urban
urban structure & density, change detection, subsidence, urbanization,
skyscraper height estimation, traffic monitoring
Disaster
prediction, lifeline search, monitoring of damage & recovery, tsunami & high tide
landslide & subsidence by earthquake, volcano & groundwater extraction
Oceanography ocean waves, internal waves, wind, ship detection, identification & navigation,
currents, front, circulation, oil slick, offshore oil field, bottom topography
Cryosphere
classification, distribution & changes of ice & snow on land, sea & lake, ice age,
equivalent water, glacier flow, iceberg tracking, ship navigation in sea ice
Archeology
exploration of aboveground and underground remains, survey, management
After the launch of SEASAT, scientists realized the potential of SAR in the variety of fields of
geoscience and engineering applications. The second spaceborne SAR following SEASAT-SAR was
ERS-1 SAR [8] in 1991 (see Table 2 and Figure 3). During the 13 years of interval between these two
spaceborne SARs, much effort was made to develop and experiment new techniques with airborne SARs
and Shuttle Imaging Radar (SIR) series. The SIR-A mission was in 1981 with a L-band HH-polarization
SAR on board similar to SEASAT-SAR. The SIR-B mission [9] followed in 1984 with SAR operating at
the same frequency and polarization as those of SIR-A, but varying incidence angles by a mechanically
steered antenna [10].
The SIR missions continued, and in 1994 the SIR-C/X-SAR was in orbit, which, for the first time
for its kind, operating at multi-frequency X-, C- and L-bands with a full polarimetric mode [11,12].
The Shuttle Radar Topography Mission (SRTM) [13–15] in 2000 carried X- and C-band main antennas
on the cargo bay and a second outboard antenna separated by a 60 m long mast (see the illustration in
Figure 4). With its interferometric system using the two antennas the SRTM produced a digital elevation
model (DEM) of approximately 80% of land.
Increasing number of spaceborne SARs have been launched recently and further missions are
being planned. A recent special issue of IEEE Proceedings describes the details and applications of
ALOS-PALSAR [16–18] (and its predecessor JERS-1 SAR in [19]), RADARSAT-2 [20] (see also
RADARSAT-1 [21]), and the formation flight of TerraSAR-X and TanDEM-X [22]. It should also
be mentioned on the Cosmo-SkyMed constellation [23–25], and RADARSAT constellation [26–28]
programs. The general trends are that the spatial resolution is becoming finer, and different beam modes
are available including high-resolution spotlight and wide-swath scan modes with coarser resolution (see
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Figure 5 for different bean modes). The conventional single-polarization mode is becoming dual or full
polarimetric modes.
Table 2. Selected spaceborne and Shuttle-borne SARs for Earth observation. Those
from SEASAT to ALOS completed their missions (by November 2012). Resolution is the
maximum available spatial resolution in the unit of meters in the azimuth (single-look) and
range directions, and the weight of the satellite is in the unit of kirogram. “dual” and “quad”
imply the two and four polarization modes respectively.
Satellite
SEASAT-SAR
SIR-A1
SIR-B1
ERS-1/2
ALMAZ-1
JERS-1 SAR

Agency/Country
NASA/USA
NASA/USA
NASA/USA
ESA
USSR

NASDA/Japan
NASA/USA
1
SIR-C/X-SAR
DLR/Germany
ASI/Italy
RADARSAT-1
CSA/Canada
1
SRTM
NASA/USA
DLR/Germany
ENVISAT-ASAR
ESA
ALOS-PALSAR
JAXA/Japan
SAR-Lupe (5)
Germany
RARDASAT-2
CSA/Canada
Cosmo-SkyMed (4) ASI/Italy
TerraSAR-X
DLR/Germany
TanDEM-X
DLR/Germany
RISAT-1
ISRO/India
HJ-1-C
China

Year
1978
1981
1984
1991/1995
1991

Band
L
L
L
C
S

Resolution
6, 25
7, 25
6, 13
5, 25
8, 15

1992

L
C/L
X

1994
1995
2000

C
C
X
2002
C
2006
L
2006–2008 X
2007
C
2007–2010 X
2007
X
2009
X
2012
C
2012
S
1
Shuttle-borne SAR.

Weight
2,290

6, 18
7.5, 13
6, 10

Polarization
HH
HH
HH
VV
HH
HH
HH
quad
VV

8, 8
15, 8
8, 19
10, 30
5, 10
0.5, 0.5
3, 3
1, 1
1, 1
1, 1
3, 3
5, 20

HH
dual
VV
dual
quad
quad
quad
quad
quad
quad
dual
VV

3,000
13,600
(payload)
8,211
3,850
770
2,200
1,700
1,230
1,230
1,858
N/A

2,400
3,420
(payload)
1,400
11,000
(approx.)

There are many airborne SARs developed by various organizations as in Table 3 with examples in
Figure 4, and almost all current systems operate at multi-frequency full polarization mode, some of
which are equipped with cross-track and/or along-track interferometric modes. The spatial resolution is
order of meters or less.
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Figure 3. Illustration of SEASAT, ALOS, RADARSAT-2, SAR-Lupe, and TerraSAR-X
satellites.

Figure 4. Illustration of SRTM, AIRSAR, MQ-1 Predator UAV carrying Lynx SAR, and
Pi-SAR.

Figure 5. Different beam modes. From left to right: strip (map), squint strip (map),
wide-swath scan, and spotlight modes.
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Table 3. Selected airborne SARs. Resolution is the maximum achievable spatial resolution
(in general, at highest frequency band) in the unit of meters in the azimuth (single-look) and
range directions. Most of the listed airborne SARs can operate in the quad-polarization and
interferometric modes, except CALABAS and DBSAR. Lynx is an Unmanned/Uninhabited
Arial Vehicle (UAV)-borne SAR.
Sensor
C/X-SAR
AIRSAR
E-SAR
F-SAR
Pi-SAR
EMISAR
PHARUS
Ingara
RAMSES
CALABAS
DBSAR
UAVSAR
Lynx

Agency/Counry
CCRS/Canada
NASA/USA
DLR/Germany
DLR/Germany
NICT, JAXA/Japan
DCRS/Denmark
TNO-FEL/Netherland
DSTO/Australia
ONERA/France
FOA/Sewden
NASA/USA
NASA/USA
Sandia/USA

Band
X/C
C/X/L
X/C/S/L/P
X/C/S/L/P
X/L
C/L
C
X
W/Ka/Ku/X/C/S/L/P
HF/VHF
L
L
Ku

Resolution
0.9, 6
0.6, 3
0.3, 1
0.3, 0.2
0.37, 3
2, 2
1, 3
0.15, 0.3
0.12, 0.12
3, 3
10, 10
1.0, 1.8
0.1, 0.1

Apart from spatial resolution and altitude, the main difference of airborne SARs is the requirement of
motion compensation. The platform of spaceborne SARs is relatively stable, but the airborne SARs often
suffer from platform instability caused by varying speed and/or motion of aircrafts. Since the azimuth
reference signal assumes a stable platform path, the azimuth reference signal does not “match” the signal
in raw data, and the images are degraded. It is, therefore, necessary to estimate the platform movement
to produce a correct azimuth reference signal in order to form images of high quality by airborne SARs.
There exist several motion compensation (also called autofocus) algorithms based on, for example,
the onboard measurements, optimizing the image intensity of point-like targets, and the difference in
inter-look image position in multi-look images e.g., [29,30]. These early post-processing algorithms
(apart from the direct estimation by onboard sensors) include the multi-look registration or multi-look
map drift algorithms [31,32], multi-look contrast optimization [33], prominent point processing [34],
phase difference algorithm [35], and phase gradient algorithm [36,37]. These algorithms often suffer
from long processing times. To shorten the processing time and/or to be applicable to scenes without
prominent point-like targets, several algorithms have been proposed, including the phase adjustment
by contrast enhancement [38,39], autofocus by minimum-entropy [40], coherent map drift [41,42],
and others [43,44]. It should be mentioned that spaceborne SARs, in particular interferometric SARs,
sometimes suffer from image degradation by tropospheric and ionospheric effects as will be described
in Section 4.1.3. High-frequency airborne SARs may have some effects when imaging through dense
rain cells (see Figure 2 for microwave transmission rate), but in general, they are not affected by the
atmospheric effects.
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At the time of SEASAT, amplitude or intensity images were of main concern, and little consideration
was given to preserving the phase in SAR processors. Of course, amplitude data containing much
information on scattering media are the basis of SAR image analysis, and the utilization of amplitude
data is still a subject of current active research. The additional potential information presented
by SEASAT-SAR was the information in phase and polarization state in the coherently processed
complex images.
The potential information in the phase of SAR complex images has led a new technology of
interferometric SAR (InSAR) [45,46]. Today, InSAR is an established technology, and the cross-track
InSAR (CT-InSAR) has been used for producing topographic maps [47–51], and measurements of crust
movement caused by earthquakes and volcanic activity, and those of glacier movement [52,53].
PS-InSAR (Permanent Scatterer InSAR), InSAR CTM (Coherent Target Monitoring), and CPT
(Coherent Pixel Technique) use the temporal phase changes of semi-permanent scatterers that
consistently give rise to strong backscatter, and the measurement accuracy is of the order of several
millimeters per year [54–62].
The along-track InSAR (AT-InSAR) can measure the velocity of ocean surface currents associated
with tides, internal waves, and other oceanic features [63–73], and can also be used as a moving target
indicator (MTI) to detect such deterministic (hard) targets as moving vehicles [74–79].
The polarization information has lead another new technology of polarimetric SAR
(PolSAR) [80–87], which is a considerable current interest. PolSAR data contain information on
scattering mechanisms by different objects’ structure and material, and as such, they can be used to
distinguish the scattering objects and to improve image classification [88–127]. The details on the
aforementioned references will be given in Section 5.
Linearly polarized microwave changes its polarization angle when it goes through dense electron
clouds in the ionosphere. It is known as the “Faraday effect” or “ Faraday rotation”, and PolSAR can be
a useful tool for the investigation of such effect [128–135]. Attempts have also been made to combine
SAR polarimetry and interferometry. Pol-InSAR (Polarimetric-Interferometric SAR), first introduced
by Cloude and Papathanassiou [136], is expected to achieve microwave tomography and information
extraction in the forestry application [137–156].
Thus, the pioneering SEASAT-SAR has guided us to establish a new paradigm in radar remote
sensing, and at present the state-of-the-art technologies developed in the new paradigm are taking a
central role in the wide range of applications in earth science and related fields.
At this stage, it is useful to remind the geometry and terms used for the SAR systems as shown in
Figure 6. An antenna transmits a series of FM (Frequency Modulation) pulses also known as chirp pulses
at an off-nadir angle θoff off in the plane normal to the satellite trajectory as it travels in the azimuth
direction with a constant velocity V . The illumination direction is called the slant-range direction,
and the ground-range direction is the illuminating direction on the ground. The angle between the
illumination direction and the direction vertical to the surface is called incidence angle θi , and is almost
the same as the off-nadir angle for airborne systems. For spaceborne systems, the Earth’s curvature needs
to be taken into consideration, and therefore the incidence angle becomes several degrees larger than the
off-nadir angle. As is well known for most of SAR systems, the fine resolution in the range direction is
achieved by pulse compression, and that in the azimuth direction by aperture synthesis [5].
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Figure 6. The geometry and terms of the SAR systems with the parameters used in this
article. HSAR is the height of the SAR platform, c is the velocity of the microwave, and r(t)
and R are respectively the slant-range distances at the azimuth time t and when the antenna
is nearest to the target at the origin of the ground coordinate system (x, y).

In the followings, the recent trend on SAR technologies is briefly described, followed by a summary
on SAR applications in the selected fields of earth science is described. In the third part, the principle of
InSAR is presented, and that of PolSAR is summarized in the fourth part with concluding remarks in the
final part.
2. Recent Trend
2.1. Platform Weight
Tables 2 and 3 (for further details, see [157]) show the parameters of selected spaceborne and airborne
SARs respectively. One of the recent trend is the lighter weights of spaceborne SARs. The very first
SEASAT-SAR weighted approximately 2.3 tons, while that of recent SAR-Lupe is mere 0.77 tons. To
reduce the weight, SAR-Lupe uses a fixed solar panel, and a parabola antenna with a diameter of 3 m for
both the signal transmission and reception and also for downlink. Thus, in a strict sense, SAR-Lupe does
not make real-time observation, but the data collected by the parabola antenna are stored in a recorder
and then downlinked later by the same antenna.
The heaviest satellite carrying SAR was ENVISAT which weighted approximately 8.2 tons; the
Japanese ALOS was the second-heaviest with 3.85 tons. The main reason for the heavy weight is
that the satellite carries many sensors on board. ENVISAT (ceased its mission in May 2012) , for
example, carried 10 optical/infrared and microwave instruments including ASAR (Advanced SAR).
ALOS (ceased its mission in May 2011) carried PALSAR and two optical sensors. Multiple sensors
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on a same platform such as ALOS can be useful for simultaneous data acquisition by different types
of sensors, but at the same time, there is a conflict of the data acquisition priority. The priority of
ALOS-PALSAR was given to the descending mode because the optical sensors could be operated during
daytime only. Cosmo-SkyMed, TerraSAR-X, and SAR-Lupe are “sole-SAR” satellites, and as such,
their weights are considerably reduced. As for the sole-SAR satellites of KOMPSAT-5 (Korea in 2012),
Sentinel-1 (ESA in 2013), ALOS-2 (Japan in 2013), and AstroSAR-Light (ESA, in TBD), this trend may
well continue in the future spaceborne SAR missions.
2.2. Revisit Time and Bistatic SAR
These sole-SAR satellites are compact, and several SARs of the same type can be put into orbit. This,
in turn, reduces the revisit times which have been one of the major problems in satellite remote sensing.
The revisit time of a single SAR can be reduced by changing the beam modes and dual-sided imaging:
the latter being adopted by RADARSAT-2. As in Table 2, there are four identical Cosmo-SkyMed
(reconnaissance and civil applications) and five SAR-Lupe (reconnaissance), with their revisit time of
7 h and less than 10 h respectively, as compared with, for example, 24, 35, and 46 days of the nominal
revisit times of RADARSAT-2, ENVISAT-ASAR, and ALOS-PALSAR respectively. Note that the revisit
time depends on the incidence angle, beam mode, and geographic location of the swath. It is, in general,
shorter for the wide-swath mode than narrow-swath beam mode, and in the polar regions than the equator
areas. Reduction of the revisit time for the wide-swath mode, however, is achieved at the expense of
spatial resolution. Currently, a new generation of spaceborne SAR systems is being planned to provide
a wide-swath coverage without loosing spatial resolution using a digital beam forming (DBF) technique
(for DBF, see Section 2.7). TanDEM-L, for example, will cover a swath width of 350 km with spatial
resolution of 10 m, and the revisit time will be 8 days [22,158].
As to the number of identical SARs, the revisit time (strip map mode) would be 1 h if 14 identical
SARs are used, and it would be 10 min for 36 SARs. Further, a bistatic SAR system consisting of 3–4
geostationary satellites equipped with transmission-only antennas and 24–26 low-altitude reception-only
SARs (of which the movement will be used for azimuth compression) will reduce the revisit time to
10 s [159].
The present SAR systems can be transformed to bistatic systems by launching (and using existing)
conventional SARs with reception-only satellites and/or aircrafts at lower altitudes. Indeed, recent
studies indicate increasing effort on the feasibility of bistatic SAR systems [160–170].
2.3. Interferometry
It was in 1974 when the concept of SAR interferometry for Earth observation was first proposed [47].
SAR interferometry is now a well known established technique. Cross-track InSAR (CT-InSAR), or
generally referred to as InSAR, can produce a digital elevation model (DEM) for spatial changes of
surface height; the crust movement and deformation caused by, for example, earthquakes and volcanic
activities, and glacier flows can be measured by differential InSAR (DInSAR). For repeat-pass InSAR,
where multiple data are acquired with a single SAR antenna using multiple baselines at different
acquisition times, short revisit times are important to avoid temporal decorrelation, and the fine control
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of baselines is also essential. The temporal decorrelation caused by the changes in shape of scattering
surfaces is large for high-frequency SAR such as TerraSAR-X and RADARSAT-1/2 in comparison with
L-band SARs. For example, high temporal coherence was achieved by L-band JERS-1 SAR between the
interval of 2 years 5 months for the surface height change caused by the 1995 Great Hanshin earthquake,
Japan (see Figure 7). In order to achieve high temporal correlation and short baseline separation at
X-band, a bistatic system is employed using TerraSAR-X and TanDEM-X [22,171]. For bistatic InSAR,
fine positioning of two satellites and baseline control are required.
Figure 7. JERS-1 SAR DInSAR phase image showing the crust movement caused by
the 1995 Great Hanshin-Awaji Earthquake, Japan. The image center is approximately
at (N: 34.55◦ , E: 135.02◦ ). (Courtesy of Professor H. Ohkura, Hiroshima Institute of
Technology, Japan).

Other applications of CT-InSAR are also being sought for image classification and change detection
using the coherence information.
Along-track InSAR can measure the line-of-sight velocity of ocean current. This technique can be
applied to moving target indicator (MTI) including ocean current and hard targets such as vehicles
and ships. AT-InSAR was restricted to the airborne systems because of technical difficulty. The first
spaceborne AT-InSAR is made by TerraSAR-X and TanDEM-X, and the work is in progress. AT-InSAR
with two antennas placed along the platform can measure the velocity in the range direction only, but the
University of Massachusetts developed an airborne AT-InSAR consisting of four antennas, two of which
are looking at forward direction and the other two at rear direction, and thus, the current vector can be
measured [68,71].
The combination of interferometry with polarimetry has been studied since late 1990s. Pol-InSAR
is still in the developing stage, with its main theme of SAR tomography, tree height and biomass
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estimations, and improvement of classification accuracy. RAMSES in Table 3, for example, includes a
Pol-InSAR mode at X-band with which simultaneous interferometric polarimetric data can be acquired.
2.4. Polarimetry
As mentioned earlier, there is a strong trend of utilizing polarimetric information in the
polarized SAR data. From Table 2, it can be noticed that the earlier spaceborne SARs from
SEASAT-SAR to RADARSAT-1 operated with a single polarization, and that the recent SARs including
ALOS-PALSAR operate with quad- (full) polarization. SAR polarimetry using quad-polarization data
is the HV-polarization base in which an antenna transmits and receives horizontally and vertically
polarized signals. A single set of image, therefore, consists of four complex images of different
polarization combinations, i.e., HH- (transmit and receive horizontally polarized signals), HV- (transmit
horizontally polarized signal, receive vertically polarized signal), VH-, and VV-polarization images. The
dual-polarization implies the combination of two polarizations such as HH and HV or HH and VV. Once
the quad-polarization data on the HV-polarization base are acquired, the scattering matrix (composed of
HH-, HV-, VH-, and VV-polarization elements) can be transformed into those on different polarization
bases, such as the circular polarization base, where the same polarimetric information can be interpreted
from different viewpoints.
Another technique recently suggested is the hybrid polarization imaging mode known as the compact
polarimetric SAR (CP-SAR) [172–178]. In this mode, the transmitting signals are either circularly
polarized or linearly polarized with 45◦ (or π/4) rotation from the horizontal or vertical axes, and
horizontally and vertically polarized backscattered signals are received. Although CP-SAR does not
completely provide the information of scattering targets that can be obtained by fully polarimetric
SAR, it has an advantage of transmitting only a single polarization signal instead of two (H and V)
signals of fully polarimetric SAR, and thus reducing the power and hardware requirements. Further, for
spaceborne circular polarized CP-SAR, the signals would not be affected by the ionospheric effect of
Faraday rotation on longer wavelengths such as L- and P-bands. Another advantage of CP-SAR is on the
swath width. The pulse repetition frequency (PRF) needs to be increased for the full-polarization mode,
which in turn has the effect of narrowing the swath as compared with, for example, the strip-map mode.
CP-SAR can be used with no increase of the PRF, and hence without narrowing the swath width.
As to airborne SARs, almost all systems including those listed in Table 3 are capable of operating in
the quad-polarization mode, except the Swedish CALABAS-II in HH-polarization only, and DBSAR in
HH/VV dual-polarization. The further details on SAR polarimetry will be given in Section 5.
2.5. Spatial Resolution
Table 2 also shows that the resolution of spaceborne SARs is improving fast. At L-band, the spatial
resolution of SEASAT-SAR was 6 m in single-look azimuth direction and 25 m in range direction; while
that of ALOS-PALSAR, the only L-band spaceborne SAR at that time, was 4.5 m (full single-look) in
azimuth and 9 m in range directions. At X-band, TerraSAR-X, TanDEM-X, and COSMO-SkyMed have
achieved 1 m resolution in both directions. Even finer submetric resolution of 0.5 m is achieved by
SAR-Lupe. The fine resolutions of latter three SARs are in the SpotLight mode. Note that unlike the
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phase array antenna used by general SpotLight SARs, beam-steering of SAR-Lupe is made by rotating
the parabola antenna. The resolution of the X-band TecSAR (Israel) launched in 2008 is said to be
0.1–1.0 m in the SpotLight mode.
The resolution of the most airborne SARs is of the order of 1 m or submetric as listed in Table 3.
The frequency band ranges from the high frequency W-band (frequency 100 GHz: wavelength 0.3 cm)
of RAMSES (Regional earth observation Application for Mediterranean Sea Emergency Surveillance)
by the French ONERA (Office National dfEtudes et Recherches Aérospatiales) to low frequency VHF
(frequency 22–80 MHz: wavelength 3.8–13.6 m) of CARABAS-II operated by Swedish Defence
Research Establishment. The Ka-band UAV-borne SAR has the spatial resolution as high as 10 cm
in the SpotLight mode.
Higher resolution is, of course, desirable for increased accuracies in deterministic and statistical
measurements of physical and biophysical quantities of scattering targets, including classification,
detection and identification.
2.6. UAV-Borne SAR
SARs on board of UAVs (Unmanned/Uninhabited Aerial Vehicle) have been studied and developed
since the end of the last century, and are gaining strong attention in the recent years [179–184]. Many
UAV-borne SARs (which can also be on board of airborne platforms), including Lynx in Table 3 and
those in Table 4 are capable of operating in both the Strip and SpotLight modes. A X-band SAR on
board of Global Hawk (USA) manufactured by Northrop Grumman operates at high altitude up to
20 km well above the commercial air traffic with little turbulence which reduces the requirements of
motion compensation. It has a Strip mode MTI (Moving Target Indicator) with 6 m resolution and a
SpotLight mode with 1.8 m resolution. Lynx developed by Sandia Laboratory and TESAR (Tactical
Endurance SAR) in the Predator system are the medium altitude UAV-SARs at Ku-band having spatial
resolution of 0.1 m and 0.3 m at SpotLight and Strip modes respectively. The recent Ka-band SAR has
10 cm resolution as noted earlier. Initially, these UAV-SARs have been developed and used for military
reconnaissance, change detection, target detection and identification, but technology transfer, such as the
case of JPL/NASA’s UAVSAR, to civil applications has been in progress [185,186].
Table 4. Examples of airborne/UAV-borne SAR platforms equipped with SpotLight mode.
Platform

Agency/Country

Band

Lynx on Predator
Global Hawk
MiniSAR
LiMIT
CP-140 Spotlight SAR
I-MASTER
Mini-SAR
PAMIR

Sandia/USA
Northrop Grumman/USA
Sandia/USA
MIT Lincoln Lab./USA
Lockheed Martin/Canada
Thales-Astrium/UK
Netherlands, TNO/The Netherland
FHR-FGAN/Germany

Ku
X
Ka, Ku, X
X
X
Ku
X
X

Azimuth, Range Resolution (m)
0.1, 0.1
1.8, 1.8
0.1, 0.1
< 1, < 1
< 1, < 1
< 1, < 1
0.05. 0.05
0.1, 0.1
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2.7. Digital Beam Forming
With some exceptions of parabola antennas used in the SAR-Lupe constellation, the most current SAR
systems use phased array antennas for beam forming using analogue electrical circuits. An alternative
method of beam forming is to use digital circuits, known as digital beam forming (DBF). DBF is a
technique of producing multiple beams by dividing an antenna into multiple sub-apertures, and digitally
processing the signals of each sub-apertures independently [187]. The technique has been used in HF
radars, sonar, and communication systems [188–191]; the idea of multiple-beam wide-swath SAR has
also been suggested since 1980s [192–194]. Currently, DBF is considered to be a promising concept for
future spaceborne SAR systems for solving the trade-off between the swath width and spatial resolution
due to the limitation imposed by range and azimuth ambiguities. In the conventional SAR systems
based on the analogue RF beam forming, the swath width and resolution are inversely proportional.
For example, for TerraSAR-X, the azimuth resolution of 1–2 m can be achieved in the spotlight mode
but with a narrow swath width of 10 km, while the swath width of the scan mode is 100 km, but the
azimuth resolution is reduced to 16 m (e.g., [195,196]). A basic design of achieving high resolution
in wide swath is DBF on receive with the conventional analogue beam forming on transmit, where
a wide swath is illuminated using either a small part of an antenna or a small separate antenna, and
the scattered signal is received by multiple independent sub-apertures; these signals are then processed
independently to produce images of multiple swaths and to produce a wide-swath image by combining
them. Several different approaches have been proposed, including a squinted geometry, a displace
phase center antenna technique, both of which use sub-apertures aligned in the azimuth direction, a
quad-element rectangular array system, and a high-resolution wide-swath (HRWS) system employing
multiple sub-aperture elements split into both the azimuth and range directions [192–194,197–199], as
well as the use of a large reflector antenna with feed arrays [158,200,201]. As mentioned in Section 2.2,
Tandem-L will have 10 m resolution covering 350 km swath with repeat cycle of 8 days [22,158]. A
new different approach to the DBF-based HRWS SAR system has also been proposed using a staggered
illumination by continuously varying pulse repetition frequency with a full aperture on both transmission
and reception [198,202,203].
DBF has not yet been realized on the spaceborne platform, but tested on the airborne platform.
The digital beamforming SAR (DBSAR) listed in Table 2 is a state-of-the-art L-band HH/VV dual
polarization SAR employing the DBF technique with multi-function capability of scatterometer and
altimeter [204]. Based on DBSAR, a P-band DBF SAR with cross-tack interferometric capability is
being planned [205,206].
3. Amplitude Information
When SAR raw data are processed, the resultant image is in a complex format, containing amplitude
and phase (angle) in a single pixel. In this article, one pixel is assumed to be the same size as a single
resolution cell, but it should be noted that a pixel size depends on the sampling interval in the processed
complex SAR image, and it does not always correspond to a resolution cell. The phases of a complex
image are randomly distributed over the interval (0, 2π], so that the phases do not carry information on
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the scattering objects, provided that there are more than 4–8 randomly distributed elementary scatterers
within a resolution cell on the surface.
The amplitudes of each pixels are proportional to the magnitude of radar backscatter and they depend
on SAR geometry, wavelength, polarization and the electrical properties of scattering objects. The
conventional method of utilizing the SAR data is the inverse problem to retrieve the physical quantities
from the amplitude dependence on the properties of scattering objects. Although these SAR data are
of a single set of a single wavelength and at a single polarization, the image amplitude is one of the
important parameters, containing the most basic information on the scattering objects; and the research
on the quantitative relation between the amplitude and the scattering objects is considered to continue
alongside with the new technologies of InSAR and PolSAR.
3.1. Land Surface Features
3.1.1. Different Backscattering Mechanisms
Figure 8 is an amplitude image around Mt. Fuji, Japan, acquired by ALOS-PALSAR L-band SAR.
This amplitude image contains wealth of information on the scattering objects. For example, there is no
backscatter from the shadowed part in the mouth of Mt. Fuji, and the image consists of just system noise.
Normalized radar cross section (NRCS) is little from dead-calm water surface of lakes and sea, because,
under no wind or very low wind speed, the most of the incident microwave is reflected in the specular
direction and little is backscattered. However, NRCS increases with increasing wind speed since the
surface becomes increasingly rough. NRCS from bare soil and weed in the maneuvering grounds is
slightly larger than NRCS from the water surface due to backscattering from random rough surfaces.
Vegetation in agricultural fields has larger NRCS than the former areas, and NRCS from forests is very
large. Increased NRCS from vegetation and even larger NRCS from forests are mainly caused by volume
and multiple scattering. The largest NRCS is from buildings in the cities because of multiple reflections
between the ground and building walls. The very large NRCS from urban areas arises if the roads and
building walls are aligned orthogonal to the radar illumination direction. Thus, if the urban structures are
not in the orthogonal to the line-of-sight direction, the incident microwave does not backscatter toward
the radar antenna and the images appear dark. In order to compensate this effect, polarimetric analyses
can be applied to enhance the images of urban areas [118]. Another way of compensating this effect is
to use SAR images acquired from different geometries.
3.1.2. Geometrical Effects
Apart from the image amplitude modulation by the microwave scattering process, the image
modulation by geometrical effects inherent to the side-looking radar takes an important role. The
areas surrounding Mt. Fuji are bare soil, but the face of Mt. Fuji in the radar direction appears very
bright, partly because the surface is tilted toward the radar illuminating direction giving rise to increased
radar backscatter by so-called tilt modulation, and partly because of the geometrical effect known as
foreshortening. The latter geometrical effect, including shadowing and layover, can be seen in the
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mountain areas of high relief in Figure 8. The details of the geometrical effects are well known and
can be found in any literature e.g., [5,207].
Figure 8. ALOS-PALSAR L-band SAR image around Mt. Fuji, where the scene center is
approximately at (N: 35.39◦ , E: 138.92◦ ). The image amplitude differs depending on the
normalized backscatter radar cross section (NRCS) of the surface, where smooth surfaces
of lakes and bare soils have very small amplitude, vegetation fields have slightly larger
amplitude, rather large amplitude can be seen in forests, and cities with buildings appear
to have very large amplitude. The effects of geometrical distortion can be seen in mountain
areas of high relief. (Courtesy of JAXA/EORC).

3.1.3. Forest Information Extraction
Monitoring of deforestation and regrowth is a one of the major issues of the earth environmental
problems because of the role of forests for the carbon cycle and global warming, as discussed in
COP13 [208] and also described in detail in the REDD (Reduced Emissions from Deforestation and
Forest Degradation) Program [209].
The main theme of forest information extraction by SAR is the estimation of carbon stock through
aboveground tree biomass for the study on the carbon cycle. Note that classification of tree species is
difficult by SAR compared with optical sensors, and the fusion of both types of data should improve the
measurement accuracy.
A simple theory of microwave backscatter from forests can be traced back to the water-cloud model
for vegetation [210]. In this model, a vegetation canopy is modeled as a cloud of randomly distributed
water droplets for its high water content, and the backscatter is expressed in terms of the moisture
content of soil and vegetation, and plant height. The principle can equally be applied and extended
to model the radar backscatter from forests [211–213]. However, it is not trivial in practice to use these
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numerical models directly to retrieve forest information and computing above-ground tree biomass, since
many parameters, such as number of branches, orientations, and sizes, are required for computation.
The practical approach is the empirical and model-based semi-empirical methods utilizing the relation
between the SAR data and in situ sample data measured by field survey. There are four main empirical
and model-based approaches to date. The first is to use the relationship between the NRCS and biomass
or stem volume, and there exist a substantial number of reports on this issue for various locations
and species [214–222] (see also a good review paper [223]). The second approach is based on SAR
interferometry [224–235], (see also a recent study using UAVSAR [236]), and the third approach is
based on PolSAR and Pol-InSAR [141,144,147–150,152–156,237]. The fourth approach is to use the
relation between biomass and image texture [238–243].
The method based on NRCS has been studied since 1980s. The general trend is that NRCS
increases with increasing aboveground biomass in both conifer and deciduous trees, but saturates at
certain biomass levels. This saturation biomass increases with increasing radar wavelengths. Since the
microwave of longer wavelength can penetrate deeper into forest interior, the backscattered microwave
contains more information on the forest such as branches and trunks that are the major constituents of
aboveground biomass. The dominant scatterers at X- and C-bands are the canopy layer; while those at
L-band are the canopy and branches as well as the ground-volume (branches/trunks) reflection. The
P-band backscatter has similar contributions as those of L-band, but with increased ground-volume
contribution. It is also known that the cross-polarization data have higher correlation with tree biomass
than the co-polarization data. Since the present scattering theories are not practical, regression analyses
are usually made using the NRCS and sample biomass data acquired by field survey, and from the
regression model function the average tree biomass of forests can be estimated from the NRCS of SAR
data only. The model function is not universally applicable to all types of forests, but it depends on
the forests types and locations, e.g., conifers, deciduous, broad or needle leaves, rain forests, or boreal
forests, and ground topography, so that the corresponding model function needs to be recalculated for
the forests of interest.
Although the topic of this section is the amplitude information, it is appropriate, at this stage, to
provide a brief account on the techniques of InSAR and Pol-InSAR for the forest information extraction.
The general approach of interferometric SAR is based on the relation of the coherence of complex
interferogram and stem volume, i.e., InSAR coherence decreases with increasing stem volume
(Biomass), and also the relation of the InSAR phase with effective tree height. The coherence-based
method uses a semi-empirical water cloud model, and the repeat-pass InSAR coherence of a forest is
considered as the sum of the ground and volume contributions, which are expressed in terms of stem
volume and tree height. There are several unknown parameters in this model, and they are empirically
determined and approximated under appropriate assumptions. The model is trained with sample data
and stem volume is estimated. For a given tree species, the stem volume is closely related to the tree
height, and biomass using allometric equations e.g., [244].
The phase-based method originates from the early study using the C-band repeat-pass ERS-1
inteferometric data over boreal forests, suggesting that the coherence was high enough under stable
environmental condition in winter to estimate the InSAR phase center (effective scattering center) which
is close to the forest height, and hence the tree height (and biomass) could be estimated [224,225].
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However, Santoro et al. [233] reported that the tree height estimation by InSAR phase is less accurate
than that by InSAR coherence.
The upper limits of measurable biomass by the multi-temporal InSAR technique appear to be higher
than those of NRCS saturation biomass. However, the technique is limited by the baseline decorrelation,
and environmental conditions, including wind speed, temperature, rain, and snow. The results of the
C-band InSAR coherence over boreal forests suggest that the most suitable conditions for the stem
volume estimation is under stable winter conditions with a snow cover and an at least moderate
breeze [235].
The recent studies suggest that Pol-InSAR (and tomography) is an effective means of retrieving forest
information such as tree height [141,144,147–150,152,153], and to estimate above-ground tree biomass
with increased accuracy compared with the PolSAR technique [155]. Estimated tree heights appear to
be in good agreement with lidar measurements [141,147,148,152,152,156], suggesting a potential of
combining lidar and Pol-InSAR for forestry and related applications.
On the other hand, several reports indicate the limitation of multi-temporal Pol-InSAR and InSAR
methods imposed by the temporal decorrelation caused by the environmental conditions [231,233,235],
which cannot easily be quantified in terms of interferometric coherence even if the information on these
conditions are available [237].
The technique of biomass estimation by Pol-InSAR uses the Random Volume over Ground (RVoG)
model which is also based on the water cloud mode. In this model, a covariance matrix is produced
from the multiple polarimetric data sets acquired from slightly different baseline separations. The
covariance matrix (see Equation (7) in Section 5) describes the degree of correlation between different
polarization images that are directly related to the physical elements of scattering objects. This
covariance matrix is decomposed into the ground and volume contributions; the former corresponds
to the surface and double-bounce scattering contributions, and the latter the scattering contribution from
vertically distributed canopy layer. In both covariance matrices, each elements (i.e., cross-covariance
matrices) are proportional to the interferometric coherence or decorrelation between interferometric pairs
of different baseline combinations. The forest height can be inferred from the different combinations
of interferometric coherence under the same assumptions as those for InSAR technique, where the
dielectric constant of canopy layers are statistically uniform and that the volume component obeys
a negative exponential function in the vertical (forest height) direction (it is based on the negative
exponential transmissibility).
The texture-based approach makes use of the non-Gaussianity of amplitude fluctuations in a
high-resolution SAR images of forests. The principal idea of this approach is that the images of sparsely
distributed trees have statistically high non-Gaussianity, and they tend to be Gaussian distributed as the
forests become increasingly dense, i.e., increasing biomass. Thus, the model uses the relation between
the parameter(s) of the amplitude distribution function that fits best to the data and sample biomass.
Wang et al. [241,242] reported that the K-distribution [238,240,245–247] is a versatile distribution
function that describes the non-Gaussian amplitude fluctuations in the high-resolution SAR images of
forests. The robust model based on the regression relation between the amplitude or intensity moments
and tree biomass does not require a distribution function [243]. Both the models have larger saturation
biomass than the NRCS model. In the texture-based technique of Wang et al. [241] and Wang and
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Ouchi [242], only coniferous forests were used to test the algorithms, and thus, further studies using
different types of forests are required for their validity.
It has been shown that the L-band NRCS depends also on the soil moisture [234,248]. It was found
that the highest correlation was observed when the soil moisture was highest, that the influence of soil
moisture on NRCS was biomass dependent, and that the effect was large for smaller tree biomass for the
simple reason that the ground contribution increases with decreasing biomass. From the study over the
Alaskan coniferous forests, Kasischke et al. [248] suggest that to use the L-band NRCS for the biomass
estimation and monitoring forest regrowth will require development of approaches to account for the
variations of soil moisture, particularly, for the forests of low levels of aboveground biomass.
In the most studies mentioned above, the forests are located on flat ground or ground of gentle
slope. In the areas of large topographic undulations or mountainous regions, there exist the effects
of foreshortening and layover, resulting in the increased NRCS and hence spurious relation between the
above ground biomass and NRCS. Thus, the removal of topographic contribution to NRCS is required
for such cases [207,249,250].
3.1.4. Soil Moisture
Estimation of soil moisture is one of the top-priority subjects in agriculture and in the study on the
interaction between atmosphere and land surface. Apart from the SAR parameters (radar incidence
angle, wavelength, and polarization), there are two main contribution to radar backscatter from bare soil;
surface roughness and dielectric constant, the latter of which yields the soil moisture. In order to retrieve
the soil moisture content, it is necessary to eliminate the contribution from surface roughness, and the
problem is ill-posed such that it is not a straightforward task from a single set of SAR data without prior
knowledge. It becomes even more difficult for the fields covered by vegetation and the ploughed fields
which give rise to the directional and surface-tilt dependencies on microwave backscatter.
To date, three types of models for soil moisture retrieval have been proposed: physical-based
theoretical model, semi-empirical model, and empirical model. In the physical-based model, the NRCS
is computed using scattering theories that take into account the dielectric constant of the scattering
surface [251] (see also [252]). The generally used theory is the integral equation model (IEM) first
developed by Fung et al. [253], which is based on the combination of the Kirchhhoff or physical
optics model (KM, POM) [254] and the small perturbation model (SPM) [255,256]. In principle, the
former is applicable to the surface (single-bounce) scattering from the perfectly conducting surface and
is independent of polarization. The latter is polarization-dependent and is a function of the dielectric
constant of the scattering media of slightly rough surface. Although improved IEM [257,258] and several
different approximations [259–262] (see also a recent comprehensive book by Fung and Chen [263])
have been proposed, it is rather difficult to estimate soil moisture from theoretical models alone without
prior knowledge such as surface roughness, and it is rarely used in practice.
Empirical models such as those of [264–266] are based on the empirical relation between the NRCS
and soil moisture, and as such, they are site-limite, dependent on radar parameters and surface roughness,
and require a large amount of datasets. The empirical models can be useful for the areas where sample
data are collected, but they are not, in principle, applicable to other sites.
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Semi-emperical models overcome the difficulty of the theoretical models by combining the
scattering theories and empirical models [267–270], which do not require prior information on surface
roughness [271]. The model developed by Oh et al. [267,270] appears to be most widely used. In this
model, the ratio of σHH /σV V and that of σHV /σV V are expressed as functions of the Fresnel reflection
coefficient and surface roughness, where σmn is the NRCS of mn polarization with m, n = H, V . Since
there are two functions (polarization ratios) and two unknown parameters (dielectric constant and surface
roughness), the dielectric constant and hence soil moisture can be estimated by solving these two
equations with the empirical datasets of different polarizations. This model, therefore, requires fully
polarimetric data.
The semi-empirical model of Dubois et al. [268] uses the functional expressions for σHH and σV V in
terms of dielectric constant and surface roughness for specific radar parameters, and thus, requiring only
the dual-polarization data sets. While, the model of Shi et al. [269] is based on the regression analysis
of simulation of the IEM at a single polarization.
Numerous experimental studies have been reported on the soil moisture retrieval by active microwave
sensors since mid 1970s, some of which agree and some disagree with the theoretical models and
semi-empirical models. Examples include those of [272–282]. See also the techniques based on DInSAR
data [283], CP-SAR data [135], PolSAR data [284], and the combination of optical with SAR data [285]
and with PolSAR data [286]. For further details, please see the special issues on SMEX 2004 (Soil
Moisture Experiments 2004) [287] and Retrieval of Bio- and Geophysical Parameters from SAR Data
for Land Applications [288]; also the operational performance [289]. An excellent and comprehensive
review article with extensive reference papers by Brian et al. [290] is also available.
It may be of some interest, although SAR sensors are not onboard, that the SMOS (Soil Moisture and
Ocean Salinity) mission [291–293] was launched in 2009 to provide maps of soil moisture and ocean
salinity by a passive L-band 2-dimensional microwave interferometric radiometer which is the first of its
kind in the spacebone platform.
3.1.5. Vegetation
Another important topic in the field of agriculture is monitoring of staple foods such as rice, maze,
wheat, and soybeans. Since rice, among those staple foods, is the major staple food for over the half
the world population, monitoring of rice ecosystems by SAR is briefly described here as an example.
On this topic, substantial numbers of studies have been reported to date using the test sites mainly in
Asia [120,294–315].
From those studies, it is understood that the microwave backscatter at high frequencies such as K- to
X-bands from rice fields is dominated by canopy scattering, while the microwave at lower frequencies
such as L-band has contributions both from canopy and soil or water surface (when irrigated) due to
longer penetration depth. The general trend of the temporal variation of NRCS from rice fields is that
there is a certain amount of backscatter from bare soil before irrigation, and the NRCS drops to almost a
system noise level after irrigation due to specular reflection by water surface. The area of rice plantation,
and possibly yields, can be estimated from this information. The NRCS increases with the growth of
crops, and the decreases slightly in the heading stage.
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From the theoretical point of view, the temporal and spatial variations of NRCS can be computed by
using models based on the radiative transfer theory [294,297]. However, due to the local variation and
complexity of the theory, the empirical approach based on the regression analysis of NRCS and in situ
data on the rice fields is generally used to monitor the rice ecosystems.
Measurements based on a multifrequency polarimetric scatterometer indicate that the backscattering
coefficients of the high frequency bands (K- to X-bands) correlated poorly with LAI (leaf area index)
and biomass of rice plants, while LAI is best correlated with the backscattering coefficients of C-band
HH- and HV-polarizations, and the biomass is best correlated with those of L-band HH-polarization data.
SAR measurements also showed that C-band HV-polarization data have a significant correlation with the
development of rice plants [314,315]. In general, C-band microwave backscatter seems to show good
correlation with rice plants with high signal-to-noise ratio (SNR), and it is also suggested the HH/VV
polarization ratio is a useful parameter for monitoring rice during growing season and classification of
rice and non-rice fields [308,309]. Similarly, a recent study using TerraSAR-X data showed a significant
correlation of the X-band HH/VV ratio with the development of rice plants [313]. At L-band, it was
reported that little radar backscatter from rice fields was observed in JERS-SAR and airborne Pi-SAR
L-band data, and occasionally it yielded the Bragg resonant backscatter from regularly planted bunches
of rice plants [301,305,307]. A recent report [311], however, showed some promise of utilizing L-band
HV-polarization data by avoiding the Bragg scattering. Wang et al. [310] also showed the possible
use of PALSAR L-band HH-polarization data that are sensitive to the structure of rice plants than
VV-polarization data. Polarimetric analyses have been studied for the application to rice monitoring,
and Li et al. [120] concluded that the Touzi decomposition [108] is best for classification of rice fields,
requiring only a single date of imagery. Based on the analyses of RADARSAT-2 quad-polarization
data, Wu et al. [314] suggested a good set of parameters to classify rice fields are those at HH- and
HV-polarizations, and HH/VV ratio.
3.1.6. Other Land Features
Measurement of surface topography by radar is generally made by InSAR (see Section 4
and references therein). Another technique is radargrammetry [316–319] which is based on the
photogrammetry utilizing the parallax of stereoscopic pairs of images of a same area acquired with
two different viewing angles. The main difference between the two approaches is that the parallax
measurements are made using the phase difference in InSAR and amplitude in radargrammetry.
Radargrammetry has been used for producing the surface relief of the planet Venus by the S-band
Magellan-SAR [320–322] and Earth by RADARSAT [323] with recent examples by TerraSAR-X [324],
Cosmo-SkyMed [325], and the combination of the both [326]. These techniques require multiple sets
of complex (InSAR) or amplitude (radargrammetry) SAR data. While, radarclinometry [327–333],
based on the optical shape-from-shading [334], uses only a single SAR image to estimate local terrain
slope by inversion of the radiometric incidence angle correction. Radarclinometry originates from
photoclinometry (see [328] and references therein), and has been studied in the field of computer
vision [335]. Radarclinometry using SAR data was first proposed by Wildey [327,328] for producing
landscapes of Venus by the Venera-15 [336], where stereoscopic SAR data were not available. Since
radarclinometry relies on the relation between the image intensity (or amplitude) and local surface
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slope, modeling of intensity distribution is crucial. The Lambertian model, generally used in the
photoclinometry [334], assumes a random rough and statistically uniform surface yielding the image
intensity proportional to the cosine of the local tilt angle. However, this model is not generally
applicable to SAR data, and various distribution functions have been used to model SAR image statistics,
including Gaussian [329,337], Rayleigh [338], Gamma [339,340], and Rayleigh-Bessel composite [332]
distributions (see also [238]). Radarclinometry is simple and easy to implement, but the technique is
considered as a qualitative relief reconstruction method for its accuracy is marred by large errors caused
by the geometric effect of foreshortening and speckle noise [333].
Amplitude data can be applied to monitoring and estimation of parameters of other land features
including those listed in Table 1. The progress and present status in these fields of applications can be
found in recent journals and proceedings (e.g., [341–344]). Note that the aforementioned references
contain SAR applications to land surfaces using not only amplitude information but also applications to
other fields such as oceanography, as well as technology and methodology.
3.2. Oceanic Features
The research and development on SAR applications to oceanography are matured to a certain level,
and a large number of papers and documentations are available elsewhere (see, for example, [345,346],
and the proceedings on ESA documents from the series of SEASAR Workshop [347–350]).
3.2.1. Scattering from Sea Surface
Figure 9 is the ERS-1 C-band SAR image of the English Channel. The microwave backscattering
process from sea surface is predominantly surface scattering (apart from volume scattering from forms
and sprays, and man-made targets such as vessels), and NRCS depends on surface roughness and
dielectric constant of the water, e.g., [345,351,352]. The elementary scatterers are small-scale waves
whose wavelength satisfies the Bragg resonance condition, LBragg = λ/(2 sin θi ), where LBragg is the
wavelength of small-scale waves, λ is the radar wavelength and θi is the incidence angle. It may be
of historic interest, but as the name suggests, the Bragg resonance scattering was first discovered by
Bragg in the X-ray diffraction from crystals in 1913 [353,354]. It was 42 years later in 1955 that the
phenomenon of the Bragg scattering in the microwave backscatter from the sea surface was first found
by Crombie [355]. There are numerous experimental evidence to support the theory of Bragg waves as
the main elementary scatterers on the sea surface. Temporal and spatial changes of the Bragg waves
caused by, for example, ocean waves, internal waves, and ocean wind, modulate the radar backscatter,
and thus, these oceanic features can be made visible in SAR images.
At this stage, the criterion of surface roughness is introduced. The criterion, whether a surface is
rough or smooth, is dependent on the radar wavelength and incidence angle. According to the Rayleigh
criterion, the surface is considered as rough yielding large radar backscatter if the standard deviation σH
of vertical undulation is large compared to the reference roughness λ/(8 cos θi ), the surface is moderately
rough and smooth if σH is comparable with and much smaller than the reference roughness respectively
(σH should not be confused with NRCS σHH,V V,HV ). This criterion applies any surface over water and
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land. Since the roughness depends on the radar wavelength, a surface which is rough for X-band and
C-band SARs becomes intermediately rough or smooth for L-dand and P-band SARs.
Figure 9. ERS-1 C-band SAR image of the English Channel, where the scene center is
approximately at (N: 50.57◦ , W: 1.17◦ ). Several oceanic features can be seen, including
ocean waves, oil slick, warm water mass, front, wind-sheltered calm sea, rough sea
associated with shallow bottom topography and numerous ships. (Courtesy of ESA).

3.2.2. Oil Slicks
The dark areas near the shore in Figure 9 are the smooth surface under no or little wind. The surface is
“mirror-like” without Bragg waves, and most of the incident microwave is reflected away in the specular
direction. Oil has larger surface tension than water, so that if oil slicks are present, they damp small-scale
Bragg waves, resulting in reduced NRCS as compared with oil-free surface. The dark linear feature in
Figure 9 is considered as the oil spill by a moving ship. Monitoring oil slick is an important issue in
marine environment, but also it has been used to discover submarine oil fields by observing oil slicks
constantly leaking from the oil fields [356–359].
In general, high frequency bands such as X- and C-band are used mainly because the damping effect is
larger for the Bragg waves of shorter wavelengths. Note, however, that L-band can also be used to extract
the dark features as demonstrated using ALOS-PALSAR e.g., [360,361] (see also oil detection by L-band
UAVSAR [362]). VV-polarization is preferred due to larger radar backscatter than HH-polarization from
sea surface [351], yielding larger difference between the images of oil slicks and surrounding waters. The
wind speeds under which the dark features of oil spill can be distinguished from surrounding waters are
approximately 3–14 m/s [363,364]. If the wind speed is less than ∼3 m/s, both the surfaces with and
without oil slicks become equally smooth, and indistinguishable in SAR images. With increasing wind
speeds above ∼14 m/s, oil is dispersed by mixing with sea water; surface also becomes very rough and
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the dumping effect becomes negligible. Oil dispersion is also caused by dissolution, oxidization, and
biodegradation. Thus, with increasing time from the oil discharge and with increasing wind speed, oil
slicks become undetectable. The time that takes oil to disperse varies from day to weeks, depending on
several factors such as the types of oil, amount of discharge, and meteorological conditions.
The main problem in the detection of oil slick features is to separate the dark features caused
by oil slick from other look-alikes such as calm sea surfaces, rain cells, upwelling, and biogenic
slicks [365,366]. If oil is discharged from a moving ship, a linear dark oil trail appears in SAR images,
but the shapes of slicks become complex if the oil is discharged from a maneuvering ship and strong
non-uniform currents are present [367].
Several approaches have been proposed to solve this problem, including the algorithms based on
neural network and fuzzy logic [368–376]. A recent study proposed a trained one-class classification
approach [377] which appeared superior over the two-class classification algorithms such as those based
on neural network. Further advances have been made recently using polarimetric analysis [378–380]. For
further details, see comprehensive review articles with extensive reference papers by Topouzelis [381]
and by Leifer et al. [382].
There are several operational systems for oil slick detection by SAR, such as GNOME (General
NOAA Operational Modeling Environment) [383] and ISTOP (Integrated Satellite Tracking of
Polluters) [384,385].
3.2.3. Ocean Winds
The wind-dependent radar backscatter as seen in Figure 9 is the basis of estimating the wind speed
over the oceans. There are two approaches to the wind speed measurements by SAR. The first approach
utilizes the standard algorithm based on the empirical geophysical model function (GMF) used in the
microwave wind scatterometers [8,386–389]. There are well-defined GMFs at Ku-band to L-band, in
particular, the Ku- and C-band GMFs are very accurate for the reasons that these bands are generally
used for wind scatterometers [390]. The function relates NRCS at different incidence angles to the
wind speeds (10 m above the sea surface) and wind directions with respect to the line-of-sight direction.
The technique requires a precise radiometric calibration of the SAR image, and the estimation accuracy
decreases with increasing wind speeds.
The second approach is based on the azimuth cut-off (or correlation) algorithm [391–393]. As will
be described in the following section of ocean waves, the SAR image spectrum of a two-dimensional
wave field is constrained in the azimuth direction by the non-linear image modulation process of ocean
waves, and the smallest measurable wavelength, that is, the cut-off wavelength, is dependent on the wind
and sea state conditions, where the relation can be described by a quasi-linear ocean-to-SAR transform
model [394]. Based on this rationale, a semi-emperical model was developed to estimate the wind speed
from the azimuth cut-off wavelength without requiring the wind direction and precise calibration of
NRCS [391–393]. Although further validation tests are required, the model appears to show sufficient
accuracy under some limited conditions.
Wind speed can be measured from SAR data, but, unlike scatterometers that use multiple beams at
different look angles, the direction cannot be estimated directly by the single-beam SAR. In general,
wind directions are estimated by other sources such as inter-look cross-spectra [395], wind streaks in
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SAR images [396–398], and polarimetric analysis [399,400]. The SAR-based wind data are used to
fill the gap in the scatterometer data [401–405], and to study climate, atmosphere-ocean interaction and
extreme events such as hurricanes and cyclones [406–408]. They are also used in coastal zones where
the measurements are difficult to make by wind scatterometers of low spatial resolution ranging from
several kilometers to few tens of kilometers. One of the interesting applications of SAR-based wind data
is the search for suitable areas for constructing offshore wind farms [409–411].
3.2.4. Ocean Waves
Monitoring ocean waves is a main and practical application in oceanography for improving wave
forecast model and providing real-time wave information. The interest on the SAR image analysis
of ocean waves on a global scale started since the launch of SEASAT, and considerable efforts
were made on the theoretical and experimental studies during late 1970s to early 2000s (see, for
example [345,346,351,412–435], and references therein. See below for further details of these
references). As a result, the imaging process is considered to be well understood, and, despite the
criticism [436], the technique of estimating wave directional spectra is established as a routine wave
monitoring system [437]. However, SAR is considered to be unsuitable for waveheight estimation due
to the non-linerality of imaging process.
There are four image modulation processes of ocean waves [345]. The first is the tilt modulation
in which the Bragg waves on the tilted surface toward and away from the radar give rise to large
and small NRCS respectively, and therefore this image modulation is largest for range-travelling
waves [414]. Image modulations by range-bunching [418,422] and hydrodynamic interaction [345]
are also characteristics of range-traveling waves. The former is caused by foreshortening of waveheight
undulation and the latter is associated with water movement. These modulations are small compared with
the RCS modulation. These three range-dependent modulations become weaker as the wave propagation
direction approaches to the azimuth direction, and they disappear for azimuth-traveling waves.
For azimuth-traveling waves, a very strong non-linear image modulation known as velocity bunching
appears [412,413]. Velocity bunching is a result of orbital motion of Bragg-waves which move in
the vertical direction as a long gravity wave propagates. The slant-range velocity component of the
up-and-down motion of Bragg waves gives rise to their images displaced in the positive and negative
azimuth directions by different amounts. The images of Bragg waves are thus dispersed in one image area
and bunched in another area to yield a periodic image modulation. The modulation, however, is highly
non-linear in that double peaks, 180◦ phase shift, or uniform modulations may appear depending on the
SAR and wave parameters [420,421]. Because of this non-linearity, it has been suggested that wave
information extracted from SAR data is not enough for operational use [436], including the possibility
of detecting freak or rogue waves by SAR [438–440], claimed to have been observed by ERS-2 wave
mode [441,442].
3.2.5. Internal Waves
Oceanic internal waves [443–449], whose existence is known as “dead water” in the Viking
age [450,451], are subject of great interest for oceanographers for their strong energy transport between
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continental shelf and deep water, their effects on phytoplankton and fishery, and the effects on ships,
submarines, marine architecture, oil platforms, underwater communications, and sonar, as well as the
effects on underwater workers. A comprehensive report on the oceanic internal waves is available with
the principles and examples in [452]. Internal waves are generated at the boundary of a stratified water
layers, e.g., light (warm or low saline) water on top of dense (cold or high saline) water. When this
boundary is disturbed by ships, submarines, or the interaction between current and bottom topography,
internal waves are produced on the boundary. As the waves propagate, the water particles take circular
motion, and this motion in the upper water layer gives rise to converging and diverging surface currents.
The surface of current convergence becomes rough, while that of diverging current becomes smooth.
These smooth and rough surfaces can be imaged by SAR as a manifestation of internal waves [453].
The another mechanism is the dumping of small-scale waves by surface films in the current convergence
zone which appear dark in SAR images [454–457].
Internal waves appear either as solitary waves (solitons) or a wave packet containing multiples of
waves of increasing wavelength with increasing distance from the source of wave generation. Unlike
ocean surface waves of wavelengths up to several hundreds of meters, the wavelengths of internal waves
range from hundreds of meters to tens of kilometers with phase velocities from about 0.1 m/s to several
m/s with periods ranging from several minutes to several hours, and propagate long distance.
The general theoretical interpretation is based on the non-linear Korteweg-De Vries (K-dV) equation
that describes the interface displacement between the two layers in terms of phase velocity, non-linear
coefficient, and dispersion coefficient [458,459]. The K-dV equation, under certain conditions, has an
analytical solution that describes nonlinear solitary internal waves (solitons) in the water of constant
depth [460,461]. The amplitude, phase velocity of solitons, and horizontal velocities of water particles
can then be calculated. Because of the nonlinear nature of the K-dV equation, its solutions and
approximations under different conditions have been a subject of much interest in the fields of
mathematics and nonlinear studies as well as fluid dynamics. The modified K-dV equation takes into
account the effects of water depth and nonuniform medium, which can also be used to simulate the
evolution of internal waves [462–470].
Given the spatial and temporal variations of the surface current induced by the internal wave, the
changes of surface waves can be approximated by using the action balance equation [471–474] that
describes the waveheight spectrum in terms of the varying surface current, wind speed and direction.
Scattering models such as POM is then used to compute the NRCS from the water surface perturbed by
the interaction of surface waves and currents [475–477].
Observations of internal waves by optical sensors onboard aircrafts and satellites were reported in
the 1950s to 1970s [478,479], and by airborne SARs [480]. Research of internal waves by spaceborne
SAR was initiated again by the launch of SEASAT in 1978. Since then numerous studies have been
reported on the naturally occurring internal waves often observed at the boundaries of deep waters and
continental shelfs as a result of current-botoom interaction e.g., [481–493], as well as ship-generated
internal waves [494–498]. Detection of submarines by SAR has interested military sectors for over 20
years [454], but no clear evidence of detection ability has been reported to date.
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3.2.6. Bottom Topography
The shallow waters in Figure 9 have large radar backscatter because the surface is rough caused by
the interaction of currents and bottom topography. The image amplitude has strong correlation with
bottom topography [499–503], and using this relation, attempts have been made to map the depth of
coastal waters [504]. A general approach is to measure first the depths at several reference points by
other instruments like acoustic sensors, and using these depths as calibration data the contours of depth
are computed from NRCS. The effect of bottom topography to the surface currents appears to be limited
to the waters of depth less than approximately 30–40 m. The shallow waters in Figure 9 ranges from
2–33 m according to the sea chart.
3.2.7. Fronts
The linear feature of oceanic fronts between the warm water mass and cold water is known as the
thermal front. Fronts are often associated with fisheries and the data can be used to locate good fishing
waters around the oceanic fronts. SAR can be a suitable sensor to locate oceanic fronts for its all-weather
and day-and-night observation ability [505–510]. Monitoring warm and cold waters, major currents and
fronts can also be made by optical and thermal sensors, and thus, complementary use of these sensors
can be a possible future approach to increase the detection accuracy and information content in the data.
3.2.8. Ship Detection and Identification
Ship detection and identification by airborne radar were the major issue during the World War II, but
the research on ship detection by spaceborne SAR started when SEASAT was launched in 1978 [511].
Since then a substantial number of papers and review articles have been published, including those
of [512–532], and also good review articles are available [533–536].
The reasons for the active research on ship detection are due to the increasing international maritime
problems and requirements, such as monitoring of maritime traffic and fishing activity, tracking and
identifying illegally operating ships, ships intruding into territorial waters, those responsible for oil spill,
and surveillance of piracy [537].
At present, AIS (Automatic Identification System) is mandatory to all passenger ships and ships
over 300 tonnage cruising international waters. In the European Union, VMS (Vessel Monitoring
System) is mandatory to all fishing boats longer than 15 m. AIS and VMS are the systems for cruising
ships and monitoring stations to exchange information on their positions, types, nationalities, cruising
speeds and directions through direct or through satellite communications. The conventional AIS system
uses ground-based monitoring stations, so that AIS signals can be received from only ships within
50–70 km from coasts. In order to extend the AIS signal reception on a global scale, some commercial
satellite-borne AIS systems are being operated [538,539], and real-time vessel positions and information
are available online [540]. However, small boats and illegally operating ships are not equipped AIS/VMS
transponders, and in order to detect and identify these vessels, development of vessel detection systems
incorporating spaceborne and airborne SARs has been in progress.
Algorithms for ship detection include the amplitude based Constant False Alarm Rate
(CFAR) which is the standard and most widely used algorithm [541–543], multi-look
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cross-correlation [515,525], along-track InSAR [521,527], polarimetric analysis (with and without
CFAR) [516,518,523,524,526,528,529,531,532], and others (see review papers [533–536] for
further information).
The progress of ship identification by SAR is rather slow in comparison with that of ship detection
due mainly to low resolution of spaceborne SAR. Indeed, the DECLIM report in 2006 stated “To
derive a vessel’s type (tanker, fishing boat, etc.) is beyond today’s capabilities” [519]. However,
with increasing maritime problems by vessels and increasing SAR resolution in recent years, need
has been raised by coast guards and related organizations for ship identification, which initiated the
research and development of integrated ship detection and identification systems. There are three
main approaches to ship identification: (1) Decision-based classification [544–546]; (2) Classification
by pattern matching [547]; and (3) Multi-channel classification [516,548–552], excluding the use of
ISAR (Inverse SAR) [553]. Probably, the most practical algorithm at present may be the decision-based
classification by GMV Aerospace and Defense in Spain [546].
Currently, AIS/VIS with SAR has been used in practice by several European and Canadian
communities. For example, MARISS (Maritime Security Services) by ESA/NASA/JPL covers the north
Atlantic sea to east-Atlantic sea as well as Baltic and Mediterranean seas [554]. Others include the
MEOS SAR Ship Detection system by Kongsberg Spacetec (Norway) [555], SIMONS (Ship Monitoring
System) developed by GMV Aerospace, S.A. [556], DECLIM (Detection and Classification of Maritime
Traffic from Space) project by Joint Research Center (JRC) [514,517,519,520], and that by Defence
Research and Development Canada [557]. These commercial and institutional systems also include
algorithms for oil spill monitoring. Further details can be found in the corresponding websites.
4. Interferometry
The concept of interferometric SAR, which is the microwave version of optical holographic
interferometry [558–560], was first applied to the planet Venus [561] and later Moon [562,563] by
the ground-based radars of MIT Lincoln Laboratory operating at 7.84 GHz (wavelength 3.83 cm) on
Earth (termed as “delay-doppler method”). Its application to Earth was first suggested by Graham in
1974 [47], and the practical study on SAR interferometry started in 1980s, with the pioneering study
using the airborne JPL SAR (currently AIRSAR) data by Zebker and Goldstein [564] followed by
SIR-B data [565], and those of SEASAT-SAR [566,567]. Unlike the techniques using amplitude data
or polarimetry, SAR interferometry can provide strictly quantitative measurements. Although there is
some space for basic research such as phase unwrapping, the InSAR technology is now almost at a
complete stage and has been used as a practical tool. The principle of InSAR is to extract quantitative
information on the scattering objects from complex interferograms produced by two or more sets of
mutually correlated complex SAR images of a same scene. There are two types of InSAR depending on
measurable quantities. The first is CT-InSAR including DInSAR (Differential InSAR) [48,51–53], and
the second is AT-InSAR e.g., [63,71] as illustrated in Figure 10. The details of these systems are beyond
the scope of this article, but brief summaries are presented as follows.
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Figure 10.
Geometry of repeat-pass CT (Cross-Track)-InSAR (left) and AT
(Along-Track)-InSAR (right).

4.1. Cross-Track InSAR
4.1.1. Digital Elevation Model Generation
The left of Figure 10 shows two-pass CT-InSAR (also known as repeat-pass CT-InSAR), in which
two complex images of a same area on land are formed using a single antenna, and a complex
interferogram is produced by multiplying one of the complex images and the complex conjugate of the
other image. In order to produce interferograms and InSAR-DEM of high quality, several procedures
are required, including co-registration, phase unwrapping from the wrapped phase extracted from the
complex interferogram, orbital phase (due to antenna separation) removal, the conversion from phase to
height, and ortho-rectification.
Figure 11 illustrates the process of InSAR-DEM generation.
Figure 11. Flow of CT-InSAR DEM generation.
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The procedure of InSAR-DEM production is illustrated in Figure 11. Two SLC (Single Look
Complex) images acquired at slightly different antenna separation are first produced. The Doppler
centers of the SLC images in the azimuth direction should be the same in order to produce an
inteferogram with high coherence. If the Doppler centers are different, one of the SLC image needs
to be re-produced from raw data using a SAR processor with an adjusted Doppler center. The next step
is the geometrical correction called co-registration with the sub-pixel (1/8 to 1/20 pixel) accuracy for
the purpose of, again, increasing interferometric coherence. Interferograms of relatively high quality
without co-registration may be produced by a single-pass InSAR, but this correction is required for most
cases of repeat-pass InSAR. The image that co-registration is applied is called a “slave” image, while
the reference image is called a “master” image.
A complex interferogram is then computed by multiplying the complex master image and
co-registered slave image. There are two types of information in the interferogram: interferometric
phase and coherence (also known as InSAR phase and InSAR coherence respectively). The latter is a
measure of correlation between two images. The former is the phase difference between the two complex
images, and this phase information is used for contour generation. The phase difference is proportional
to the path difference between the two antennas and a surface position, and therefore, the InSAR phase
depends, apart from the radar wavelength and antenna separation, on the ground-range distance and
surface height as in Figure 12. The InSAR phase that depends on the ground-range distance is called
the orbital or flat phase, and the corresponding interferometric fringes are called the orbital fringes. The
InSAR phase that depends on the surface height is the topographic phase to yield the topographic fringes.
In order to compute the topographic phase, the flat phase needs to be removed from the InSAR phase.
As noted above, the InSAR phase ψ is computed from the two complex images A1 and A2 as
ψ = arctan (imag(A1 A∗2 )/real(A1 A∗2 ))
= ϕ+j2π : j = 0, ±1, ±2, ±3, · · ·

(1)

where the asterisk ∗ denotes taking a complex conjugate. Thus, the computed InSAR phase ψ is
folded or “wrapped” within (0, 2π] at every 2π phase change, and accordingly ψ is called the wrapped
phase and the unwrapped phase ϕ is referred to as the true phase, absolute phase, or principal phase.
The process of retrieving the principal phase from the wrapped phase by removing the 2π ambiguity
is known as phase unwrapping. Phase unwrapping is used in the fields of other disciplines such
as optical microscopy, microwave tomography, and NMR (Nuclear Magnetic Resonance) (see, for
example, [568–574]). In the field of InSAR, substantial numbers of phase unwrapping algorithms, to
date, have been produced [566,575–586]. If the InSAR phases of neighboring pixels do not change
more than 2π, the principal phase can easily be obtained by adding the neighboring phases. In practice,
however, there exist phase discontinuities known as singularities or residues associated with speckle
noise, shadowing, and large height changes, so that, in general, noise reduction by the multi-look
processing is applied to the phase image.
Well known phase unwrapping algorithms include, among others, the branch-cut or path-following
method [566,570], least-square method [569,571]. In the former method, residues are first sought, and
each positive and negative residues (which generally appear as a pair) are connected by a cut-line.
Starting from a pixel with high coherence, the principal phase is retrieved by adding the phases of
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neighboring pixels without crossing these cut-lines. The phases along the cut-lines are estimated later
by interpolation. The branch-cut method is fast to compute and the errors are small for local phase
errors do not propagate to other pixels. The main problem is that the method cannot be used for the
InSAR data with many residues. In the least-square method, on the other hand, the principal phase
is computed by minimizing the phase difference between the neighboring pixels of the wrapped phase
and the corresponding ideal principal phase. Since unwrapping is carried out irrespective of residues,
solutions are always obtained, but local phase errors are carried over to neighboring pixels, resulting
in the unwrapped phases of large errors. For this reason the least-square method is not often used
except for “quick look” phase images. Several improved least-square algorithms have been proposed
in which certain weight is applied to the areas of residues to mitigate the effects at the expense of
computational time. These algorithms include the preconditioned conjugate gradient algorithm [575],
multi-grid algorithm [579], and minimum Lp -norm algorithm [578]. There is no such “universal”
algorithm that can be applied to all types of InSAR data, but a suitable algorithm depends on the density
of residues and applications.
As in Figure 12 of simple geometry, the unwrapped phase ϕ and surface height Hs are related by
ϕ = k BCT sin(θi −γCT ) and Hs = HSAR −R1 cos θi , where k = 2π/λ is the wavenumber. The surface
height can, in principle, be estimated by eliminating θi and solving these two equations. In practice,
however, the orbital information is not accurate enough to estimate the surface height directly from these
relations, so that each equation is differentiated with respect to θi to yield the following expression for
the height difference ∆Hs in terms of the differential phase ∆ϕ.
∆Hs =

R1 sin θi
∆ϕ
2k BCT cos(θi −γCT )

(2)

Note that in Figure 12 the baseline distance Bp perpendicular to the line-of-sight is given by
Bp = BCT cos(θi −γCT ). In general, Equation (2) is used to compute the height difference from the
interferometric phase difference. By putting ∆ϕ = 2π in Equation (2), one cycle of the interferometric
phase (or the wavelength or width of interferometric fringes) corresponds to the surface height change
of ∆Hs = λR1 sin θi /(2Bp ). This height change is sometimes called the ambiguity height. For C-band
spaceborne SAR of λ = 5.7 cm and for the parameters R1 = 800 km, θi = 35◦ , BCT = 200 m, and
γCT = 0 m, for example, the 2π phase change corresponds to the ambiguity height of 65 m, while for
L-band SAR of λ = 23.5 cm, the 2π phase change equals the ambiguity height of 270 m for the same
geometry. Thus, the accuracy of estimating surface height increases with decreasing radar wavelength,
but at the same time InSAR coherence tends to decrease. For the repeat-pass InSAR with long revisit
times, in particular, the decrease in InSAR coherence at X- and C-bands is large and the fringe contrast
decreases substantially compared to that at L-band due to temporal changes of land cover, in addition to
the baseline decorrelation (more on this later).
Using single-pass CT-InSAR with two-antennas separated by 30 m in the horizontal direction, the
Shuttle Radar Topography Mission (SRTM) [13,587–589] in the year 2000 produced the InSAR-DEM
of 80% of land with the absolute accuracy of 16 m in vertical height and 30 m in horizontal direction
corresponding to the DTED-2 standard shown in Table 5. The data can freely be downloaded from
the SRTM Website [590]. Note that the standard accuracy of airborne single-pass InSAR-DEM is the
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DTED-2, but most of airborne InSAR systems have higher accuracy of approximately 2–5 m in
vertical height.
Figure 12. Geometry and parameters of CT (Cross-Track)-InSAR.

Table 5. Comparison of Digital Terrain Elevation Data (DTED-2) [591] and High Resolution
Terrain InformationiHRTI-3) specifications [171,592].
Requirement
Specification
Relative vertical
90% linear point-to-point
accuracy
error over a 1◦ × 1◦ cell
Absolute vertical
90% linear error
accuracy
Relative horizontal
90% circular error
Horizontal accuracy
90% circular error
Spatial resolution
independent pixels

DTED-2
12 m (slope < 20%)
15 m (slope > 20%)
18 m

HRTI-3
2 m (slope < 20%)
4 m (slope > 20%)
10 m

15 m
23 m
30 m
(1 arc sec at equator)

3m
10 m
12 m
(0.4 arc sec at equator)

Currently, a global-scale DEM with the HRTI-3 standard is being made using TerraSAR-X and
TanDEM-X [22,171,593–597]. The data acquisition is by the strip (map) mode for the repeat-pass
InSAR and bistatic mode for the tandem formation. The main problem of InSAR operating at X-band
is that the interferometric coherence is not very high over forests and the surfaces of heavy vegetation
cover. Therefore, the DEM by TerraSAR-X and TanDEM-X may be limited to barren areas and those
of light vegetation cover, and otherwise, some other means is required to increase the interferometric
coherence [598,599].
4.1.2. Differential InSAR
Figure 13 illustrates the flow for the measurements of surface height change by DInSAR. In the figure,
JERS-1 SAR data were used for the case of the M7 earthquake on Sakhalin Island in 1995 [600]. If the
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surface height changes during the passes due to earthquake or volcanic activity, and if the two passes are
identical, the height change can be estimated from the phase of the interferogram. In general, the satellite
passes are different, so that the interferogram contains the topographic and orbital phase information as
well as the temporal change as in Figure 13. In order to achieve DInSAR, the former two phases need
to be subtracted from the interferogram, and it is done either by using an existing external DEM or
another inteferogram produced before the event. Since the latter method uses the SAR data from three
orbits, it is known as three-pass DInSAR. After removal of topographic phase, the interferometric phase
is expressed as ϕ = 2k δRH , where δRH is the surface height change in the slant-range direction. By
putting ϕ = 2π, the wavelength or width of interferometric fringes is given by λ/2. Thus, the accuracy of
DInSAR is of the order of a half the radar wavelength, provided that the correct removal of the baseline
and topographic components is made. For example, the number of interferometric fringes over the Awaji
Island in Figure 7 is 10, implying the surface displacement of 1.175 m; while the displacement measured
by ground survey is 1.2 m at the Nojima fault located at the top-left (center of the semi-circular fringes)
of the island.
Figure 13. Flow for the measurement of surface elevation change by DInSAR. The raw
JERS-1 SAR data were provided by JAXA, and processed by the author’s research group.

The conventional technique of DInSAR measures the surface deformation only in the slant-range
direction. Multiple aperture interferometry (MAI), first proposed by Bechor and Zebker [601]
followed by an improved version [602], can measure two-dimensional surface displacement. MAI
uses a pair of multi-temporal SAR data before and after an event, each of which is produced by
multi-look (2-look in general) processing in the azimuth direction, resulting in four sub-images: two
sub-images in the forward-looking and two sub-images in the backward-looking before and after
the event. Then, two different looking interferograms (one using the forward-looking sub-images
and one using the backward-looking sub-images) are produced. The phases of the forward-looking
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and backward-looking interferograms are proportional to the forward-looking and backward-looking
displacements respectively. Subtraction of these phases, therefore, yields the surface displacement in the
azimuth direction. Bechor and Zebker [601] tested the algorithm using ERS-2 C-band SAR data over the
Hector Mine earthquake in 1999, and compared with with GPS and offset-derived displacements data,
resulting in the accuracy of 3–11 cm for coherence 0.8–0.4. The technique has been used by several
researchers for the measurements of surface deformation by the 2003 Mw7.2 Altai earthquake [603],
and seismic analyses e.g., [604,605].
4.1.3. Atmospheric and Ionospheric Effects
Occasionally, a phenomenon associated with microwave propagation delay caused by spatial and
temporal atmospheric variations in the troposphere is observed [606–609], in particular, in DInSAR
phase images. As in Figure 12, InSAR and DInSAR techniques are based on the measurements of
two-way path difference ∆R = 2(R1 − R2 ) in a radar wavelength scale. If microwave pulses pass
through locally dense vapor in the troposphere, there appears a time delay caused by the vapor, and
the path difference becomes ∆R + ∆RT where ∆RT is the path difference corresponding to this time
delay [610,611]. The path difference ∆RT may be as large as tens of centimeters in spatial scale [608],
and therefore, the interferometric phase corresponding to this delay causes erroneous measurements of
surface topography or deformation [612,613]. It is common to separate the tropospheric delays into two
components: one related to turbulent mixing processes and the other related to tropospheric stratification.
The phase delay associated with the atmospheric turbulence can be corrected or mitigated by stacking
or averaging a large number of interfetograms, since the turbulence has short spatial correlation length
with virtually no temporal correlation between data acquisition times e.g., [608,614–616]. Tropospheric
stratification is associated with temperature, pressure, and water vapor, and it introduces phase delays
correlated with topography, leading to misinterpreted InSAR data in the areas of steep topography
e.g., [617]. To correct these effects, stacking of multiple interferograms is not, in general, successful,
due to the periodic nature of the perturbation in the interferometric phase. Several correction methods
have been proposed, including those utilizing external independent data such as local atmospheric
models [618], GPS (Ground Positioning System) [619–621], spaceborne optical data [622,623], a stack
of small baseline SAR interferograms [624,625], and a multi-scale time-series approach [626]. Among
those, an approach utilizing global scale atmospheric models appears very promising [627,628]. It was
also suggested that the removal of the atmospheric effects before phase unwrapping reduces the errors
in phase unwrapping in the areas of high relief [628]. For further details, see a good review article on
the issue of atmospheric effects and their mitigation [612,613].
Spatial and temporal variations of electron density in the ionosphere have a significant impact on
SAR, InSAR, and DInSAR as well as PolSAR [629–631]. The effects of ionospheric delays become
significant at lower frequencies, since the variance of the refractive index fluctuations is approximately
proportional to λ4 , as observed in the RADARSAT C-band and JERS-1 L-band SAR amplitude images
over the auroral zones in Alaska, showing kilometer-scale linear or banding patterns in the azimuth
direction, termed as “azimuth streaks” [632]. The effects of ionospheric fluctuation have been observed
near the magnetic poles [632,633], particularly during strong magnetic disturbances, but also in the areas
away from the polar regions, such as the ALOS-PALSAR L-band data over Japan and Brazil [634], and

Remote Sens. 2013, 5

749

the 2008 Sichuan Earthquake [635,636]. In addition to azimuth streaks, ionospheric delays caused by
the variations of total electron content (TEC) introduce Faraday rotation (see the polarization paragraphs
in Section 1 and references therein), relative range delay between interferometric data acquisition times,
range and azimuth defocusing, loss of interferometric coherence, and phase errors. Azimuth streaks and
range shifts cause misregistration in the subpixel correlation in both the azimuth and range directions in
interferometry, and decorrelation as reported in the study on the 2008 Sichuan Earthquake [635].
Due to the dispersive nature, the effects of ionospheric delays can, in principle, be separated from
non-dispersive features of surface deformation and atmosphere. The range split-spectrum method [637]
is based on this separation of dispersive and non-dispersive effects on the InSAR phase [638]. In this
method, the range spectrum of an InSAR dataset is split into two parts of high and low frequency
sub-bands, and each part is used to form an inteferogram. Assuming that the two interferograms have the
same non-dispersive effects with different dispersive contributions depending on the inter-band center
frequency, the relative TEC can be estimated by subtracting the phases of these interferograms. The
split-spectrum method, however, can estimate only the relative values of TEC but not the absolute values.
Matter and Gray [639] suggested a method of estimating and reducing the effect of azimuth streaks
on the InSAR phase from a map of azimuth offset. Improved versions [635,636] have been proposed
based on the relation between the ionospheric contributions to the azimuth offset and interferometric
phase derived by Mayer et al. [640,641]. From this relation the interferometric phase errors caused
by the spatial variation of TEC, i.e., azimuth streaks, can be estimated empirically using the azimuth
offset values [639] and removed, enhancing surface topography and coseismic deformation measures.
Another technique is based on Faraday rotation. The angle of Faraday rotation can be measured from
fully polarimetric data [642,643]. Then from the relation of the rotation angle and TEC [128] (and
with known SAR geometry), 2-dimensional distribution of TEC and hence maps of phase delay can be
estimated [633,644].
These observations of atmospheric and ionospheric effects, on the other hand, may lead to new
techniques to study the high-resolution troposphere turbulence and stratification and TEC by InSAR
and DInSAR.
4.1.4. Examples of DInSAR Applications
The first experimental result of DInSAR was reported by Gabriel et al. [52] using the SEASAT-SAR
data, detecting small elevation change caused by increased soil moisture by irrigation in the agricultural
area of California. The first DInSAR measurements of crustal movement by earthquakes were made
using the ERS-1 SAR data over the Landers earthquake, California in 1992 [645–647]; and the first
measurement of glacier flow in Antarctica by the JPL group [648]. These early studies initiated the
study on geodetic dynamics by DInSAR that followed.
Examples of DInSAR measurements of deformation by earthquakes also include the 1994 Northridge
earthquake in California [649], the Great Hanshin-Awaji earthquake, Japan in 1995 [650] also shown in
Figure 7, the Sichuan earthquake, China [651], the L’Aquila earthquake, Italy both in 2009 [652], and
the recent Tohoku-Oki earthquake in 2011 [653,654].
Surface deformation by volcanic activity was reported, such as the case of Kilauea volcano, Hawaii by
SIR-C data [655] and the discovery of fore active volcanoes in the central Andes mountains previously
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considered to be dormant using ERS-1 and ERS-2 data [656]. Other applications include landslide
and subsidence monitoring [657,658], surface deformation by constructing dams [659], underground
excavations [660,661] and by groundwater extraction [662–664], and topographic changes and flow of
glaciers [665–669]. Examples and details on the InSAR and related techniques can be found in the ESA
website [670], and also the selected papers of the ESA Fringe 2007 Workshop a special issue of Journal
of Applied Geophysics [671].
4.1.5. PS-InSAR
PS-InSAR was developed by Politechnico di Milano (Italy) in 2000 [54–56,59]. In 2003, GAMMA
REMOTE SENSING (Switzerland) developed a similar software Interferometric Point Target Analysis
(IPTA) combined with Persistent Scatterer InSAR [58]. A similar algorithm known as InSAR CTM
(Coherent Target Monitoring) [57,60] was developed by Vexcel Corp. (currently in Microsoft Corp.),
and also CPT (Coherent Pixels Technique) by the Universitat Politecnica de Catalunya, Spain [61].
The principle of PS-InSAR is to measure the phase difference of particular point-like targets which
yield consistent strong backscatter over a year or years. In general, at least 10–20 image sets are
required to achieve PS-InSAR. Stacks of multi-temporal SAR data mitigate the phase distortion caused
by atmospheric effect. The accuracy of estimating surface height deformation is of the order of few
millimeters per year (see also [54–62]). Stacking of multiple interferograms has also been used for
conventional DInSAR. An example is SBAS (small baseline subset) InSAR [624,625] which uses only
interferograms produced with short baseline separation in order to reduce both spatial and temporal
decorrelation, and mitigate atmospheric effects and topographic errors.
Examples of PS-InSAR include the measurements of subsidence by groundwater extraction,
underground mining, and tunneling of underground railways [672–675]. PS-InSAR is very accurate and
effective in urban areas where many point-like targets exist, but not effective in natural fields without
many permanent (or persistent) scatterers. For such cases, several corner reflectors can be deployed as
semi-permanent scatterers.
Recently, a new algorithm termed as “SqueeSAR” was proposed to utilize not only permanent
(deterministic) scatterers but also distributed scatterers using their statistical property [676]. The
algorithm is capable of measuring surface deformation over non-urban areas of sparsely distributed
deterministic scatterers. Prior to SqueeSAR, another (free) software package “StaMPS (Stanford
Method for Persistent Scatters)” was developed [677]. As for SqueeSAR, StaMPS can be applied to
persistent scatterers as well as distributed scatterers by incorporating the small baseline and persistent
scatterer methods.
4.1.6. Ground-Based InSAR
The principle of the ground-based InSAR is the same as that of multi-temporal InSAR and DInSAR
for generating DEM [678–681], and measurements of small surface movement [682–684]. Instead
of airborne or spaceborne SARs, the system consists of (X-band in general) T/R horn antennas
fixed on a platform that slides along the horizontal axis to achieve aperture synthesis. Targets
of ground-based DInSAR are generally sloped surfaces which are suspected to subside, and many
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differential interferograms are made over a certain period of time, depending the magnitude of
movement. The fixed rail on which the platform slides is considered as stationary during the observation,
otherwise motion compensation is required. The system has been used to monitor the subsidence of
cliffs over which an ancient monument is standing, and suspected subsidence and hazardous areas. Note
that a recent work showed that a ground-based real-aperture radar can as well be effective for DEM
generation [685].
4.1.7. Interferometric Coherence
Another property of complex interferograms is the interferometric coherence or degree of correlation
defined as
|⟨A1 A∗2 ⟩|
Γ12 = √
(3)
⟨I1 ⟩⟨I2 ⟩
where ⟨ ⟩ indicates taking an ensemble average, and Ij = Aj A∗j (j = 1, 2) is the intensity. In practice, the
ensemble average is replaced by a sample average over finite pixels. If the coherence is low, the contrast
of interferometric fringes becomes low, or even no fringes are produced. The areas of no interferometric
fringes in the complex interferogram in Figure 11 correspond to those of little coherence. In repeat-pass
InSAR and DInSAR, the SAR antenna illuminates a scattering object at different incidence angles and
at different times, resulting in decrease in coherence. The InSAR coherence is composed of a product of
four main contributions as follows.
Γ12 = ΓN · ΓT · ΓB · ΓS .

(4)

ΓN is the loss of coherence by the additive system noise, which is not dominant if the signal-to-noise
ratio (SNR) is sufficiently large. ΓN defines the maximum limit of coherence that can be achieved by the
interference of two complex images.
ΓT is the temporal decorrelation due to the interaction of the incident microwave with the scattering
objects. This coherence loss includes the decorrelation by the temporal changes of scattering objects and
the volume (multiple) scattering associated with different incidence angles. For example, the surface of
water changes between passes and hence the coherence over the water surface is theoretically zero (in real
data, it is non-zero due to statistical averaging). On the other hand, the surface of a solid ground does not,
in general, change significantly, so that the coherence is very high. Vegetation and forests have moderate
to low coherence due to volume scattering. As to the dependence of radar wavelength on ΓT , the
X- and C-band radar backscatter from forests and vegetation are predominantly from the crown parts that
are susceptible to changes, and hence the temporal coherence takes small values. While, the backscatter
of longer wavelengths (L- and P-bands) is mainly from stable ground, branches, and trunks, penetrating
vegetation cover, and therefore, higher temporal coherence than X- and C-band can be obtained. These
factors causing the temporal decorrelation are the random changes of the backscattered fields (and hence
the speckle patterns) between the data takes, arising from the changes in the shapes of surfaces for the
case of surface scattering. In optical speckle interferometry, it is known as “speckle boiling” [686–688].
ΓB is the decorrelation caused by the baseline separation. Higher interferometric coherence
can be obtained with shorter baseline separation, but at the expense of interferometric resolution.
As in Equation (2) and discussion with it, the ambiguity height is inversely proportional to the
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baseline separation, and hence the accuracy of height measurements decreases with decreasing baseline
separation. A good measure for the limit of baseline separation is known as the critical baseline
(separation) BpC defined as the distance with which the corresponding interference fringes are resolved,
i.e., fringe separation equals the spatial resolution cell. Then, assuming ρR as the slant-range resolution
cell, the critical baseline is defined, by setting ∆H = ρR cos θi and ∆ϕ = 2π in Equation (2), as
BpC = λR1 tan θi /(2ρR ). For C-band spaceborne SAR of λ = 5.7 cm, R1 = 800 km, θi = 35◦ , and
ρR = 25 m, the critical baseline is BpC ≃ 0.64 km. For L-band SAR of λ = 23.5 cm, BpC ≃ 2.6 km for
the same geometry and resolution.
ΓS describes the coherence as a function of surface slope. With reference to Figure 12, if a flat
surface is tilted toward the radar at an angle θS , the effective incidence angle becomes (θi − θS ), and
hence BpC = λR1 tan(θi − θS )/(2ρR ). Thus, the critical baseline becomes smaller, and the coherence
decreases. For the surface tilted away from the radar, the reverse process increases the coherence.
Another simple way to look at this effect is the width (or wavelength) of interferometric fringes, given by
λR1 tan(θi −θS )/(2BCT ), where γCT = 0 is assumed for simplicity. It can be seen that the fringe width
decreases as the tilt angle θS increases. It means that the ”effective” baseline separation increases, and
therefore, the coherence decreases. For the surface tilted away from the radar, the fringe width increases,
so that the effective baseline separation decreases to yield higher interferometric coherence. It should
be mentioned that higher interferometric coherence can be gained by increasing off-nadir (incidence)
angles, but at the expense of reduced NRCS, i.e., reduced SNR.
It can further be noticed that the fringe width increases as the radar wavelength λ increases, and the
accuracy of height estimation decreases as also mentioned with reference to the ambiguity height and
Equation (2). On the other hand, the interferometric coherence increases with increasing λ since the
critical baseline increases. There is a trade-off between the interferometric coherence and the accuracy
of height measurements. Although X- and C-band SARs are useful for DEM generation (and indeed is
being in progress using TerraSAR-X and TanDEM-X [22,171,593–597]), L-band SAR has an advantage
for its high coherence over the surfaces covered by vegetation and insensitivity to the changes over long
time periods, in particular, for the measurements of temporal surface height changes by DInSAR.
In DInSAR, smaller or ideally no baseline separation is desirable to reduce the baseline decorrelation
ΓB in Equation (4). The effects of SNR and surface slope on the coherence are the same as for InSAR
described above. The effect of volume scattering in the temporal decorrelation ΓT is also the same.
Another factor which causes the temporal decorrelation is the amount of surface displacement. If a
surface translates or changes its height due, for example, to earthquakes, in such a way that the phase
changes more than one cycle within the slant-range resolution cell, then interference does not occur. This
critical displacement in the slant-range distance corresponds to δRH = λ/2. The equivalent phenomenon
has been known in optical speckle interferometry as “speckle translation” [688,689].
It is of some interest that for large translation such as glacier flows and large deformation by
earthquakes or volcanic activity, the conventional DInSAR cannot be applied due to the loss of coherence
by speckle translation. In such cases, a technique called “speckle-tracking” (also called “sub-pixel image
correlation”) is often used [690–694]. It is a kind of pattern matching, in which the patch of a same
speckle image is sought between two SAR images and a flow vector is produced, provided that there is no
speckle boiling. This subject matter may belong to amplitude information in Section 3, but a brief note is
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given here for the sake of continuity. The second approach to tackle large deformation was the two-step
hybrid algorithm based on a rubber-sheeting coregistration to improve interferometric coherence and
range offset image subtraction to mitigate steep phase gradient [695]. Unlike the conventiona methods
of InSAR, the rubber-sheeting coregistration is a non-parametric method, in which a slave image is
projected on a rubber sheet which is overlaid with a master image. Then, the slave image is distorted
to match the features of the master image. A range offset image is then produced, smoothed, and
subtracted from the interferogram before phase unwrapping. Finally,the interferogram is unwrapped,
and the offset field is added back to recover the true phase. Using ENVISAT-ASAR data over the
Galapagos Islands, Yun et al. [695] retrieved an interferogram inside the caldera of an erupted volcano,
which other conventional InSAR algorithms could not.
As mentioned in the forestry application of Section 3.1.3, InSAR coherence has some correlation with
tree biomass to yield the coherence-based biomass retrieval algorithm [225,226,228,229,231,235].
4.2. Along-Track InSAR
The geometry of AT-InSAR is shown in Figure 10. AT-InSAR consists of two (or more) antennas
placed along the body of an aircraft platform, and can measure the range velocity component of moving
scatterers [63–72]. In general, a forward (or aft) antenna transmits signals and return signals are recived
by both antennas. If the scatterers have a slant-range velocity component vR , the signals received by the
two antennas have different Doppler centers, and the phase difference is given by ψ = k tB vR , where
tB = BAT /V is the time lag between the two antennas separated by the distance BAT , and V is the
platform velocity.
The system was limited to the airborne platform due to technical difficulty. In 2000, however, an
experimental AT-InSAR was carried out by Shuttle-borne SRTM. SRTM was designed originally for
CT-InSAR with two antennas separated by 60 m in the cross-track direction, but in addition, they
were separated by 7 m in the along-track direction. Further, TerraSAR-X has two antennas split in
the along-track direction to experiment AT-InSAR from space for ocean current measurements [73]. The
measurement accuracy of SRTM AT-InSAR is approximately 0.2 m/s [70], and the accuracy of 0.1 m/s is
expected by TerraSAR-X. In 2009, TanDEM-X, identical to TerraSAR-X, was launched, and AT-InSAR
by the formation flight is one of the secondary mission objectives [22].
The interferometric coherence is another aspect of AT-InSAR. In the same way as for CT-InSAR, the
coherence decreases with increasing baseline separation (or time-lag tB ); while increasing tB increases
interferometric phase ψ and hence increases the measurement accuracy. Thus, there is a trade-off
between the accuracy of estimating InSAR phase (and hence velocity) and coherence. In general, the
interferometric phase of AT-InSAR does not exceed 2π for the case of ocean currents, so that phase
unwrapping is not required. The measurement accuracies of airborne AT-InSAR are few centimeters
per second, depending on the radar wavelength and antenna separation. The interferometric coherence
is also a function of the time duration (surface coherence time) over which the principal scatterers, i.e.,
Bragg waves, retain the same shape. Longer the wavelength of ocean waves is, longer the coherence time
becomes. For AT-InSAR operating at X- to L-bands, the coherence time is estimated as approximately
0.2–0.02 ms [65,66,696–699].
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As mentioned briefly in Section 2.3, the conventional AT-InSAR system with two antennas measures
only the velocity in the range direction, while an airborne AT-InSAR equipped with four antennas was
developed to produce current vectors [71].
AT-InSAR can also detect and measure the slant-range velocity of a moving hard targets such as
vehicles and ships [74–79]. The principle of this technique known as moving target indicator (MTI)
by AT-InSAR is essentially the same as that for current measurements. It utilizes the difference in the
interferometric phase between a moving hard target and a stationary target, in that the velocity and
acceleration components in the azimuth and range directions give rise to the phase difference to the
return signals.
5. Polarimetry
SAR polarimetry is a current “hot topic”. Expectation of polarimetry to extend the current
SAR and InSAR technologies has lead increasing number of spaceborne SARs equipped with the
quad-polarimeric mode as listed in Table 2 and almost all airborne SARs are able to acquire
quad-polarization data. This enthusiasm stems from the fact that polarimetric data contain more
information on the scattering objects than the conventional single- and dual-polarization data. PolSAR
data describe the changes of polarization states of received microwave by the structures and dielectric
constants of the objects, so that these properties can, in principle, be extracted from the polarimetric
data. However, at present, SAR polarimetry and possible applications need further stringent validation
using ground-truth data, and it has not yet been used in practice as much as the DEM generation and
measurements of surface deformation by SAR interferometry.
5.1. Principle of Polarimetry
A part of the reason for slow development of PolSAR in routine practice may be its mathematical
complexity in comparison with SAR interferometry. Much of PolSAR data analysis is based on the
matrix manipulation, so that it deters researchers in some fields of geoscience and related applications,
who are not accustomed to using complex matrix manipulation. Reflecting this, a free software is
provided by ESA to promote and expand the utilization of PolSAR data [700]. In the following, the
principles of PolSAR are briefly summarized with least mathematics.
Polarimetric SAR measures the complex scattering matrix of a scattering object with different
polarizations. On the linear polarization base, the microwave pulses of alternating horizontal and vertical
polarizations are transmitted from either a single antenna or multiple antennas, and the horizontal and
vertical polarization components of the backscattered signals are received. There are four possible
combinations of transmitted and received polarizations, i.e., HH: horizontal transmission and reception,
HV: horizontal transmission and vertical reception, VV: vertical transmission and vertical reception, and
VH: vertical transmission and horizontal reception. The scattering matrix [S] describes this relation of
the polarization states before and after the microwave scattering by the objects, and is expressed by
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where EH,V
and EHV
are the transmitted and received electric fields of corresponding polarizations
respectively, and the matrix elements are given by Smn = |Smn | exp(iϕmn ) : m,n=H,V . For a monostatic
SAR system using a single antenna used for both transmission and reception, the relation SHV = SV H
holds for the reciprocal backscattering, provided that there is no Faraday rotation. Further, since the
phases are not absolute values, ϕmn needs to be referenced to a particular phase, and the phase of the
HH-polarization element is generally chosen as a reference phase. Thus, the meaningful parameters in
Equation (5) are the amplitudes, |SHH |, |SHV |, |SV V |, and the phases, ϕHV and ϕV V . SAR polarimetry
is a technique to extract information on the scattering objects from these five parameters. It should be
noted that the polarimetric calibration is an important process prior to data analyses [133,134,701,702].
To date, many algorithms have been proposed for polarimetric analyses e.g., [85–87]. Among them,
three most used techniques, i.e., polarization signature, model-based scattering power decomposition
analysis, and eigenvalue analysis, are summarized here.

5.2. Polarization Signature
A conventional well known method of expressing the changes of polarization states by scattering
objects is by the polarization signature [80,82,83]. The polarization signature is a three-dimensional or
two-dimentional visualization technique in which the normalized power is expressed in terms of the tilt
angles and ellipticity angles as shown in Figure 14. Using the polarimetric signature, different scattering
processes can be classified. Typical scattering processes that can be identified by the polarimetric
signature include those by a plate, a sphere or a trihedral reflector, double-reflection, dipoles, crossed
wires (helix scattering), and others.
Figure 14. Three-dimensional polarimetric signature of co-polarization channel for a plate
and sphere (left), and the corresponding two-dimensional visualization (right).

Depending on the polarimetric signature of co- and cross-polarization channels, there appear
stationary points of peaks, valleys, and saddle points of which the positions are inherent to scattering
objects. Using these characteristic polarization states, polarimetric filters can be produced for image
enhancement, contrast optimization, and classification e.g., [88–91,94,100,102,114].
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5.3. Model-Based Scattering Power Decomposition Analysis
In 1998, Freeman and Durden [98] proposed a three-component scattering power decomposition
analysis based on fitting the observed scattering matrix to the model-based matrix. In this analysis,
the total received power P is considered as a sum of the three types of scattering powers, namely, those
by single-bounce surface scattering, double-bounce scattering, volume (multiple) scattering as follows.
P = |SHH |2 +2|SHV |2 +|SV V |2 = Ps +Pd +Pv

(6)

where Ps , Pd , and Pv are the scattering powers by single-bounce, double-bounce, and volume scatterings
respectively. Single-bounce surface scattering arises from the water and ground surfaces where the Bragg
scattering is dominant. Double-bounce scattering arises from dihedrals, for example, to wall-ground
and tree trunk-ground interactions. Volume scattering can be caused by randomly orientated dipoles
such as tree branches and vegetation. Later, Yamaguchi et al. [104] extended the analysis to a
four-component-scattering power decomposition by adding helix scattering. For simplicity, only the
three-component scattering power decomposition analysis is briefly described in the following.
∗
From Equation (5), the covariance ⟨Smn Sm
′ n′ ⟩: m,n,m′ n′ !H,V of different polarization combinations can
be estimated. The three- (and four-) component scattering powers are computed from the covariance or
coherency matrices. The three-component decomposition analysis assumes the reflection symmetry of
the polarimetric covariance matrix elements, i.e., the co- and cross-polarized scattering coefficients are
∗
∗
statistically uncorrelated, so that the assumption of ⟨SHH SHV
⟩ ≃ ⟨SV V SHV
⟩ ≃ 0 holds. The reflection
∗
symmetry occurs, for example, in L- and P-band data from forests where the phases of SHH SHV
and
∗
SV V SHV are random and uniformly distributed between (0, 2π].
The HV-base scattering matrix in Equation (5) can be represented by the covariance matrix
√


∗
⟨|SHH |2 ⟩ ⟨ 2SHH SHV
⟩ ⟨SHH SV∗ V ⟩
√
√

∗
∗
2

⟨[C]⟩ =
(7)
⟨ 2SHV SHH ⟩ √⟨2|SHV | ⟩ ⟨ 2SHV SV V ⟩
∗
∗
2
⟨SV V SHH ⟩ ⟨ 2SV V SHV ⟩ ⟨|SV V | ⟩
The covariance matrix is simple and describes correlation between different polarization images that are
directly related to the physical elements of scattering objects. Note that Equation (7) is often normalized
by the HH-polarization element as ⟨[C]⟩/⟨|SHH |2 ⟩.
In order to deduce the individual scattering power contributions, the scattering matrix of Equation (5)
is first rotated by an angle around the radar line-of-sight direction, and expressions corresponding
to the scattering elements of the covariance matrix of Equation (7) are calculated by assuming a
suitable probability density function (PDF) for the orientation angles of elementary scatterers. In the
three-component decomposition analysis, this PDF is assumed to be uniform. From comparison of
the covariance matrix elements of Equation (7) and those derived from the scattering matrix under the
reflection symmetry, the following set of equations can be derived.
⟨|SHH |2 ⟩ = |b|2 fs +|a|2 fd +fv
⟨|SHV |2 ⟩ = fv /3
⟨SV V |2 ⟩ = fs +fd +fv
⟨SHH SV∗ V ⟩ = bfs +afd +fv /3

(8)
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where fs , fd , and fv are the surface, double-bounce and volume scattering contributions respectively,
and a and b are unknown parameters.
The volume scattering contribution fv can be estimated directly from ⟨|SHV |2 ⟩ in the second of
Equation (8), so that there remain three equations and four unknown parameters. Equation (8) cannot
be solved unless one of the unknown parameters is known. An assumption is then made that if the real
component of ⟨SHH SV∗ V ⟩ is positive, the surface scattering is dominant and put a = −1; but if it is
negative, the double-bounce scattering is dominant and put b = 1. Once the values of a, b, fs , and fd
are known, the powers, Ps , Pd , and Pv corresponding respectively to the surface, double-bounce, and
volume scattering can be estimated from
Ps = fs (1+|b|2 )
Pd = fd (1+|a|2 )
Pv = 8fv /3 = 8⟨|SHV |2 ⟩

(9)

The three-component scattering decomposition assumes the reflection symmetry [98]. This
assumption is generally valid for natural targets such as forests and vegetation, but it is often violated for
urban scenes where, for example, the double-reflection scattering from the ground-building orientated
in non-orthogonal directions to the radar line-of-sight. The generalized four-component scattering
decomposition analysis is valid without the assumption of the reflection symmetry and includes the helix
scattering [104]. Helix scattering changes the linearly polarized incidence microwave to a circularly
polarized backscattered wave. This change in polarization state may be caused by, for example,
crossed wires and quarter wave plates. In the four-component approach, the modified PDF takes
into account the vertical structures of tree trunks and branches and also vegetation, depending on the
⟨|SHH |2 ⟩/⟨|SV V |2 ⟩ ratio.
Figure 15 shows the L-band and X-band Pi-SAR images decomposed into three scattering
powers [305,307]. The area (the Kojima district in Okayama, Japan) is covered predominantly by rice
paddies. The image size is approximately 3.5 km in both the azimuth (from top to bottom) and range
(from right to left) directions. The bunches of rice plants were mechanically transplanted in a regular
interval, and almost fully grown with height approximately 60–90 cm at the data acquisition date of the
13th of July 1999.
At L-band, double-bounce scattering can be seen between roads and houses, and canal water and
banks. The dominant backscattering by double-bounce appears in the triangular district at the center of
the image, where the walls of the houses, roads and canals that are orthogonal to the range (illumination)
direction, but little double bounce scattering can be observed in other districts, where they are not
non-orthogonal to the range direction. Double-bounce scattering as a result of the Bragg resonance
scattering between the bunches of rice plants and water is indicated in red in the ground survey map
in the top-left of Figure 15 [307]. Apart from the Bragg scattering, little radar backscatter is observed
from other rice paddies due to long penetration depth of L-band microwave. Lotus plants of height
approximately 1.5–2 m over the water indicate a mixture of double-bounce and volume scattering.
Volume scattering is mainly from trees and bushes, and interestingly from vegetation in the green houses
composted of frames of metal pipes covered by polyolefin films that are transparent to microwave.
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Figure 15. Airborne Pi-SAR X-band (bottom-left) and L-band (bottom-right) images
decomposed into three scattering powers with approximate scene center at (N: 34.57◦ ,
E: 133.90◦ ).

At X-band, the dominant backscatter is volume scattering with some surface scattering.
Double-bounce between the roads and houses are seen in the central triangular district, but much less
than the L-band image. The backscatter from the canal water and banks also includes surface scattering
as well as double-bounce. The rice paddies that give rise to the double-bounce Bragg scattering at L-band
do not now satisfy the Bragg condition. Lotus fields are dominated by volume scattering, and the volume
scattering contribution from the green houses is greater than the L-band image.
As can be noticed in Figure 15, the double-bounce scattering occurs between the ground and flanks
of houses facing toward the radar, and also the water surface and canal banks that are orthogonal to
the radar line-of-sight. If the flanks and faces of banks are not alined in other directions, the incident
microwave is reflected away from the radar and little backscatter is received by the antenna, as in the
upper and lower districts of the images in Figure 15. To compensate this effect and to enhance the
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double-bounce scattering contribution, a four-component scattering power decomposition with rotation
of coherency matrix is proposed [118] (see also [125] based on the equivalent covariance matrix). In
this classification scheme, the coherence matrix is rotated along the radar line-of-sight, and then the
rotation angle that minimizes the cross-polarization (volume scattering) component is sought. Since
the rotation is a unitary transform of the coherency matrix, the four-component (or three-component)
scattering power decomposition can be applied to the rotated matrix without loss of generality. This
algorithm is particularly useful for improving the classification accuracy in urban areas by distinguishing
the double-bounce scattering from volume scattering.
5.4. Eigenvalue Analysis
Unlike the covariance matrix (and coherence matrix) which is a measure of the complex degree of
coherence between different combinations of polarization data, this classification algorithm is based on
the eigenvalue analysis.
The mathematical formulation of the eigenvalue analysis is usually given in terms of the coherency
matrix ⟨[T ]⟩ which is related to the covariance matrix through the unitary transform
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Now, the Pauli scattering vector is defined as




SHH +SV V

1 

kP = √ 
 SHH −SV V 
2
2SHV

(11)

where SHH +SV V , SHH −SV V , and SHV describe odd-reflection, even-reflection, and volume scattering
respectively. Using this Pauli vector the coherency matrix can be expressed as
⟨[T ]⟩ = ⟨kP · k∗T
P ⟩

(12)

where the superscript T means transpose, and the averaging operation is taken over N neighboring pixels.
The coherency matrix can also be expressed in a diagonal form using the unitary matrix [U3 ]
as follows.


λ1 0 0


∗T

[T ] = [U3 ] 
(13)
 0 λ2 0  [U3 ]
0 0 λ3
where λ1 ≥ λ2 ≥ λ3 are eigenvalues (which should not be confused with the radar wavelength λ), and
the unitary matrix [U3 ] is given by
[U3 ] = [e1 e2 e3 ]
(14)
where
ej = eiϕj [ cos αj sin αj cos βj eiδj sin αj sin βj eiγj ]T

(15)
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are the eigenvectors with j = 1, 2, 3. This scattering model consists of the sum of three independent
scattering processes represented by the eigenvectors, e1 , e2 , e3 , which occur with the probability
Pj =

λj
λ1 +λ2 +λ3

(16)

with P1 +P2 +P3 = 1. The ϕ angle is the phase of the decomposed element SHH +SV V . Note that the
angle ϕ should not be confused with the interferometric phase. The α angle describes the polarization
dependence on the scattering process from surface scattering (α = 0◦ ) to dipole scattering (α = 45◦ ),
and double-bounce scattering from perfectly conducting surface. The β angle corresponds to (twice)
the polarization orientation angle of scatterers, such as tilted rough (Bragg) surfaces and non-uniformly
distributed tree branches and vegetation, and consequently it describes the correlation between the coand cross-polarization scattering matrix elements. The δ angle is the phase difference between the
decomposed elements of SHH + SV V and SHH − SV V . Finally, the γ angle corresponds to the phase
difference between the decomposed elements of SHH +SV V and HHV .
The degree of randomness of scattering is determined by the entropy defined by
H=

3
∑

−Pj log3 Pj : 0 ≤ H ≤ 1

(17)

j=1

where 0 ≤ H ≤ 1. If H = 0, then the coherency matrix of Equation (13) has only one eigenvalue λ1 = 1,
implying that there is only one scattering process, i.e., surface scattering by, for example, a plate and
Bragg surface. If, on the other hand, H = 1, then there are three equal eigenvalues λ1 = λ2 = λ3 = 1/3.
Hence, there are three scattering processes of equal magnitudes, i.e., the overall scattering process is
random, indicating volume scattering from isotropic scattering elements (e.g., L-band backscatter from
forests). Thus, entropy is a measure of randomness of a scattering process.
The average of alpha angles is given by
ᾱ = P1 α1 +P2 α2 +P3 α3

(18)

The alpha angles of 0◦ , 45◦ and 90◦ correspond to the surface, dipole, and double-bounce scatterings
respectively.
Anisotropy is also defined as
λ2 −λ3
A=
(19)
λ2 +λ3
A classification scheme based on the scattering process using the entropy and alpha angles was
proposed as illustrated in Figure 16. The curve shows the boundary that the values of ᾱ and H can
take, and they always fall within the left-hand side of the curve, so that no values fall in the right-hand
side of the boundary.
In the H/α classifier shown in Figure 16, the scattering mechanisms are defined into nine zones. The
zone 1 is the class of the high entropy with multiple scattering, and the zone 2 is the high entropy category
with H > 0.9 and alpha angles in the range 40◦ −55◦ . This zone includes single scattering from a cloud of
anisotropic scatterers or multiple/volume scattering from a cloud of low-loss symmetric scatterers, such
as those from forest canopies and vegetation with randomly orientated anisotropic scatterers. The zone 4
belongs to the dihedral scattering such as the double-bounce between ground and flanks of buildings, and

Remote Sens. 2013, 5

761

L- and P-band double-bounce between the ground and tree trunks passing through a cloud of branches.
The zones 4–6 have medium entropy indicating the additional secondary scattering caused by increased
surface roughness and wave penetration into vegetation. The zone 5 is the dipole scattering category with
medium entropy, corresponding to vegetation with anisotropic scatterers. The zones 7–9 are all in the low
entropy category of surface scattering, where the zone 7 corresponds to low entropy multiple scattering,
including the scattering from isolated dihedral scatterers. The alpha angles in the zone 8 indicate the
dipole scattering with large co-polarization amplitude difference. Sparsely distributed vegetation with
anisotropic scatterers falls into this category. The zone 9 has small alpha angles so that it corresponds to
the surface scattering from rough soil and water surfaces.
Figure 16. Classification scheme based on the scattering process using the entropy H and
alpha angle ᾱ.

In case of λ2 ̸= λ3 , λ2 and λ3 yield a same H, and they cannot be determined. The anisotropy of
Equation (19) can then be used to distinguish these two eigenvalues. Taking the anisotropy as the vertical
axis, the H/α space can be extended to a three-dimensional H/A/α space. It is then possible to classify the
targets in a same zone into new classes of different anisotropy values [101]. The total power instead of
the anisotropy can also be used to extend the two-dimensional H/α space into a three-dimensional space.
Many image classifiers using PolSAR data have been proposed, most of which are based on the
feature vector in feature space. These methods are extensively used in image processing of optical
remote sensing data, including the maximum likelihood and minimum distance classifiers. A classifier
known as the Whishart classifier has also been proposed as a promising tool, utilizing the coherency
matrix which obeys the Whishart distribution [99,101,121].
Figure 17 shows an example of the eigenvalue-based classification scheme. The data were acquired by
ALOS-PALSAR in the polarimetric mode over the Tokyo Bay, Japan. The image size is approximately
44 km and 28 km in azimuth and range directions respectively. The left and middle images are
the classified images using the H/α classifier only and with the Whishart distribution (5 iterations)
respectively. It can be seen that urban areas and numerous ships are better identified by using the
Whishart distribution than the H/α alone.
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Figure 17. A classified image of the ALOS-PALSAR image of Tokyo Bay using the H/α
classifier (left), a classified image with the Whishart classifier of 5 iterations (middle), and
the reference optical image (right). The image size is approximately 44 × 28 km in azimuth
and range directions respectively with scene center at (N: 35.35◦ , E: 139.82◦ ).

There are several parameters introduced for improving the eigenvalue-based classification accuracy,
such as the Shannon entropy (SE) [143] and radar vegetation index (RVI) [93].
5.5. Pol-InSAR
Pol-InSAR uses the combination of SAR interferometry and polarimetry. One of the emerging
techniques is forest information extraction, in particular, measurements of vertical structure of forests
as described in Section 3.1.3. The basic idea of Pol-InSAR in its simplest form is that two sets
of polarimetric images with diffrent incidence angles are produced from two passes. Polarimetric
analysis can identify the scattering mechanisms; while the heights of scattering centers can be estimated
by interferometry, Thus, by combining SAR polarimetry and interferometry, the heights of volume
scattering centers can be estimated. In order to obtain the scattering from the forest interior, SARs
operating with L- and P-band bands of long penetration depths are preferred. The measured heights
are those of scattering centers, related to the lidar rh100 height, and therefore forest biomass can be
estimated [155].
Another application of Pol-InSAR is in image classification. Pol-InSAR can provide the combination
of three polarization data, SHH , SHV , and SV V (assuming SHV = SV H for the monostatic SAR) from,
in its simplest case, two passes at different times, and hence, the total of nine sets of data in different
combinations are available. The degree of interferometric temporal coherence was found to improve
the accuracy of the classification algorithms by the conventional InSAR. The relevant references on
Pol-InSAR are cited in Section 1 and Section 3.1.3.
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The main application of PolSAR is target classification and that of Pol-InSAR is tomography.
However, the measurement accuracies have not yet been fully proven in a strictly quantitative manner as
those of InSAR and DInSAR, since there are not enough reports on the comparisons using ground-truth
data, in particular, for image classification. Nevertheless, there is no doubt that quad-polarization SAR
data contain much information on the scattering targets in comparison with single- and dual-polarization
data, and radar polarimetry is expected to provide a new tool for the various fields of science and
engineering in the near future.
6. Conclusions
Recent trend and advances of the state-of-the-art SAR technologies are described in this article with
selected applications ranging from the conventional SAR, InSAR and DInSAR to polarimetric SAR.
As is well known, increasing number of airborne SARs have been built and increasing numbers of
spaceborne SARs have been launched during the last several decades. This is due to the all-weather
and day-and-night imaging capabilities of SAR, and because the spatial resolution is improving (up
to submetric) and becoming comparable with that of optical sensors. One of the interesting trends is
the increasing number of light-weight SARs. Although satellites with multiple sensors have their own
advantages, a constellation of these compact sole-SAR satellites enables to reduce revisit intervals that
have been a major problem in satellite remote sensing. The feasibilities of bistatic SARs and digital
beam forming are also tested using airborne SAR systems.
Amplitude is the most basic parameter in SAR data, containing information on the electric and
structural properties of scattering objects. Alongside with interferometry and polarimetry, utilization
of amplitude data in single polarization and combination of different polarizations will be continued
in various applications such as measurements of forest biomass and soil moisture, monitoring of
agricultural crops, extraction of geological features, disaster monitoring and mitigation, and those listed
in Table 1. Applications of amplitude information in oceanography include the spectral estimation
of ocean waves leading to improvement in wave forecast and providing real or semi-real time wave
information, and measurements of oceanic internal waves leading to deeper understanding of the
interaction between continental shelf and deep water, their effects on phytoplankton and fishery, and
the effects on marine architecture and underwater communications. Measurements of ocean wind field
by SAR can be made in much finer scale than wind scatterometers. Although further study is required
for the determination of wind direction, this application is particularly useful in estimating wind field
near coastal waters where the measurements are difficult to make by scatterometers of coarse resolution
(order of several to few tens of kilometers). Amplitude data can also be used to monitor the spatial
and temporal variations of oil slicks, major currents, fronts, and icebergs and sea ice in cryosphere.
Ship detection and identification by SAR and combined with AIS are another application for combating
increasing maritime crimes, monitoring and controlling of maritime traffics, and fishery.
Cross-track InSAR and DInSAR utilize the phase information of complex SAR images. This
technology is matured to an established technique for producing DEM and measurements of surface
movement and deformation caused by earthquakes, volcanic activities, and glacier flows. Following
the DEM of the earth by the SRTM mission in 2000, a higher resolution digital elevation model
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of which the characteristics are listed in Table 5 is currently being made using TerraSAR-X and
TanDEM-X data. DInSAR has been used extensively to evaluate the surface deformation associated
with major earthquakes from the 1992 Landers earthquake in California to the recent 2011 Tohoku-Oki
earthquake in the north-east Japan. Improved accuracy of the order of few millimeters per year can be
achieved by PS-InSAR and related techniques for the deformation measurements over discrete persistent
scatterers as well as distributed scatterers. Cross-track DInSAR measures the surface deformation only
in the line-of-sight (slant-range) direction, but MAI (multiple aperture interferometry) can measure the
along-track (azimuth) displacement by making forward- and backward-looking interferograms from
multi-look (2-looks in general) processed sub-images before and after an event. By combining with
the conventional DInSAR technique, two-dimensional surface deformation can then be measured. The
use of InSAR is not limited to the DEM generation and measurements of surface deformation, but
can also be applied to forestry. Although the technique and its accuracy are under study, the InSAR
coherence is shown to be a useful parameter for tree height estimation. Unlike the CT-InSAR system
using multiple antennas (for airborne systems) or multiple baselines (for both airborne and spaceborne
systems) separated in the cross-track direction, the along-track InSAR system uses multiple antennas
along the platform direction, and measures current fields over oceans and rivers; it can also be used for
MTI (moving target indicator). AT-InSAR has been limited to the airborne system due to the technical
difficulty of placing multiple antennas on a satellite, but the antennas of TerraSAR-X and TanDEM-X are
split into two sections in the along-track direction, enabling AT-InSAR from space. The current velocity
measured by AT-InSAR is proportional to the time lag between the two antennas, so that the measurable
lower velocity is limited by the small separation of the split antenna of TerraSAR-X (and TanDEM-X).
However, the formation flight by these two satellites, currently being experimented, should yield flexible
and extended range of velocity measurements.
Polarimetry is a recent emerging state-of-the-art technology, and expanding the present SAR
technology to the field of new dimension. PolSAR and Pol-InSAR have been used by airborne systems,
but with the launch of the first spaceborne fully polarimetric ALOS-PALSAR in 2006, interest has
accelerated with great enthusiasm resulting in substantial numbers of research publications. In the
model-based scattering power decomposition analysis, the backscattered power can be decomposed into
three or four components of different scattering mechanisms, and thus the technique is used for a new
type of image classification, which cannot be achieved by amplitude data alone. Eigenvalue analysis can
determine the randomness of scattering by the entropy, and different scattering processes by the alpha
angle. Using these two parameters in Cartesian coordinates, a new classification scheme based on the
scattering process has been proposed, which can be expanded to a three-dimensional space using the
anisotropy or total power. Many other classifiers based on feature vector in feature space using PolSAR
data have been proposed, including one based on the Whishart distribution. While these techniques are
based on statistical averaging, pixel-based non-statistical analyses such as the Pauli decomposition have
been used for target detection and classification. Pol-InSAR is a new technique combining polarimetry
and interferometry. The former is used for classification of scattering mechanisms, and the latter for
height measurements. Thus, Pol-InSAR can be applied to estimating the height of a target having a
particular scattering process, e.g., surface, double-bounce, or volume scattering, and as such, can be used
to measure tree height. Pol-InSAR using L-band or P-band of long penetration depth can also be used for
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tomography. A recent interesting new scheme is compact polarimetric SAR (CP-SAR). CP-SAR cannot
provide the full polarimetric information that can be obtained by the conventional quad-polarization data,
but it has advantages of reducing the transmission power and hardware requirements, and also mitigating
the ionospheric effects. SAR polarimetry is at a developing stage, and for practical applications, it
requires further effort for stringent validation of its methodology.
As to the present status of spaceborne SARs, CosmoSkyMed and SAR-Lupe series, and
RADARSAT-2 are in operation, and TanDEM-X with TerraSAR-X has started to produce new results.
Reflecting these recent trends, new spaceborne and airborne SARs are being planned by the agencies
and institutes of various countries. Using the great amount of these data, much advance is expected
in research, developing and validating new SAR technologies, and in applications to geoscience and
related fields.
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