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Formulation of Forward—Backward Method Using Novel

Spectral Acceleration for the Modeling of Scattering from Receiving field element
Impedance Rough Surfaces \ Bs Asymptotic

N "Lit" Region

/

Hsi-Tseng Chou and Joel T. Johnson
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group, with weak interactions
in which NSA will be employed

Abstract—F-BM/NSA [3] with computational complexity of O(N) is group with strong interactions
very efficient in method of moment (MoM) modeling of large-scale scat-
tering problems from rough surfaces. The previous formulation for PEC  Fig. 1. Impedance rough-surface profile = f(x) and geometric

surfaces is here extended to treat impedance surfaces. Similarly, numer- interpretation of asymptotic “lit" region along forward sweefs, is the

ical experiment shows F-BM/NSA is far more efficient than the competitive  distance within which the source elements have strong interaction with the
BMIA/CAG [4] in the order of magnitude. receiving element.

Index Terms—Forward-backward method, method of moment (MoM),
rough surfaces, scattering.

at the center of the'”

tion given by

element. In (2)g(g», Fm ) is the Green’s func-

|. INTRODUCTION

Iterative forward—backward method (F-BM) [1], [2] with novel spec- 9(Pns Prm) = ﬁHél)(Mﬁn = Pml) 3)
tral acceleration (F-BM/NSA) [3] has been shown to be very efficient
in solving the method of moment (MoM) matrix equations for thgyhere H{'" is the zeroth order Hankel function of the first
large-scale scattering problems from the one-dimensional (1-D) roughd. The elements of” andT are given byV, = E‘(7.) and
surface. F-BM requires only three or four iterations to obtain a vely, — (9E(z,)/on). In (1),T = [I.] is the unknown matrix to be
accurate solution in many cases of practical applications, and the NRf\nd. The iterative forward-backward sweep procedure described
algorithm reduces the computational complexity fr6fiN*) in the i [3] can be implemented directly here to solve the induced current
original F-BM approach t&(V'), whereX is the number of unknowns jn (1), Like the PEC case, numerical experiments have shown that
in MoM modeling. This is true in the operational count of both thgisually only three or four iterations are sufficient to obtain accurate

matrix-vector multiplication and memory storage as the surface lengfsits. However, F-BM requires repeated computation of
increases for a fixed frequency. In the previous paper [3], the algo-

rithm was formulated for perfectly electrical conducting (PEC) rough n—l
surfaces. The formulations of an NSA algorithm for impedance rough Es(prn) = Z Zrm Im 4)
surfaces are presented in this paper. The numerical results will be com- m=1

pared with a competitive method of the banded-matrix iterative ag-
proach/canonical grid (BMIA/CAG) [4]. Similar to the PEC cases, i

is found that the CPU time required is also a very small portion of that N

obtained from BMIA/CAG. Ey(p7) = Z ZnmIm (5)

m=n-+1

Il FORMULATION which denote the forward and backward radiation by the source current

A large-scale problem of scattering from a 1-D rough surface sucheléments in the front and in the rear of the receivirlg element, re-
an ocean-like surface is illustrated in Fig. 1, in whick: f(z) denotes Spectively, and result in at(N*) operational count in each iteration.
the impedance surface profile. The MoM matrix equation in terms &1 this paper, we tak&'; as an example and extend the NSA algorithm
electrical fieldE for a tapered” M. plane wave incidencef’') on the Ppreviously formulated for the PEC cases in [3] to fast compute (4) and
surface is given by [5] thus reduce the operational count and memory storag¥ 16). The

acceleration on the computation®f in (5) can be treated in the same
T=V. 1) fashion.

Similar to the development in [3], the acceleration algorithm starts
with the decomposition aE'; in terms of strong interaction contribu-
tion E, and weak interaction contributioB,, , respectivelyE; is the
%ield radiated from the strong interaction source group, which is se-
ected within neighborhood distande, of receivingnth element. It
is noted that in most of the practical casés,is a very small portion
of the surface length and remains fairly fixed for a given roughness of
surfaces regardless of the surface length, and therdfpris,found via

Manuscript received January 27, 1999; revised May 4, 1999. the conventional exact computation. On the other hangd, which is
ve|r-|s.i-t;|/-. ((::r:lgrl:gl-sL;N?itzhothTeaszpr)marthmoerg Oziﬁgﬂfcﬁéhﬂ%‘gﬁﬁ% “uagazuetx)”\'adiated from the source group selected outside the strong interaction

J. T.’ Johnson is V\}ith the I’De['Ja;’tn'{ent of Electrical Enginéeriné, E.Iect.rg—Ource gr_oup, b_ecomfas.lmportant.when the angle of wave incidence is
Science Laboratory, The Ohio State University, Columbus, OH 43210 USA.Near grazing or if one is interested in backscattered field. The computa-
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Approximated expressions for the elementsZofire [5] shown in (2)
(shown at the bottom of the next page), wheris the Euler number
0.577 216¢0 ande; are the permittivities of the nonmagnetic region
above and below the surface profile respectively: w,/ioe€o is the
propagation constant in free space, apddenotes the position vector
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Fig. 2. Integration contour dﬁfél) on the complex) plane.C', is the original
contour, and”s is the deformed contour. Fig. 3. Bistatic scattering pattern o896 A-long rough surface (rms height
2.27) illuminated by a tapered field with incident angle 0’85

V|ath_e exact computation, and makes F.'BM very inefficient. The €ONMis noted that the far-field patternin (9) is independent of the receiving
putation ofE,, can now be accelerated via the novel spectral-expan5|8n)ment except the reference point is selected,an order to avoid

technique. One first expresses, in (4) as numerical error. The plane-wave expansion relates the contribution of

n— N —1 ) L. source elements’ radiation to the receiving element. It is noted that
Eu(pi) = Z 1., {_ 4 \/EM far-field patternF;, (¢) will continuously build up via (9), while a new
me1 kY el on source element is born in the weak interaction group as the receiving
o 9F(xm) . element sweeps in the forward direction. On the other hand, the radia-
+ 9(Pn, ﬂm)} 1+ (m)zﬂf (6) tion contribution to the receiving element will only rely on the far field

pattern of the direct radiation contribution from the source elements as
whereN, (=L./Ax) denotes the number of elements that have strofgscribed in (8). In practice, it is desirable to employ a new integration
interaction with the:th element. Employing the spectral representatiogontourC’s instead ofCy in (8) because the far field pattedn, (o)
of Green’s functiory(7,., f.) in (3) gives in real ¢ space tends to have a narrow main lobe and many narrow
side lobes for a large surface, in contrast to a slowly varying pattern
/' oA Fl(Tn =7m) cos o+(2n—2m) sin 9] is  (7) alongC5s. The high efficiency of this algorithm relies on the fact that
C for a slowly varying far-field pattern, one may integrate (8) numerically
with a constant sampling rate according to the roughness of the surface
where in (7), the contour of integratiatl, is shown in Fig. 2. Substi- and regardless of the surface length. The criterion in sele€tirig de-

N
)_47r

tuting (7) into (6) gives scribed in [3] and is indicated in Fig. 2, whefe= tan™"' (1/b) with
Ae [ b = max[\/kR:/20- &5 — 1, 1], ¢s = tan™ ' [(zmax — 2min )/ Bs],
Bu(py) = J4 * / Fo(¢)e?**n=m? g4 (8) andR, = \/I2 4 (Zumax — zmin)2. The integral of (8) oved is dis-

w e,

cretized int2@ + 1 plane-wave directions and mapped to the real axis

o ) ccording to the complexity of the far-field pattern in (9). The mappin
whereF,, (¢) is related to far-field pattern (or plane-wave spectrum)oI the “Iit”gregion wh:re|Rtg/(d>)| < 3. as ingicated in (Fl)g 1is gi\f)epn 9
the weak interaction group with the reference point selectéd.at0), by ' T '
and it can be found by a recursive procedure

do — A¢67j6 (10)
Fu(¢) =Fno 1(0)e?* 7% 4+ I, i, \/E—O [— sin ¢ and
1
6 — ¢p = pApe 7P, (11)

However, it is noted that along's, outside the asymptotic lit region,
the plane waves are highly evanescent and cancel their contribution via
fast oscillation. Therefore, the integrand in (8) may be windowed with

X ejk(AWS#»l)Ao: cos ¢>6fjk;n,1,ws sin d‘n. (9)

j Jeo iAx 2j kAx - — , T — _
TR + {1 += {111 <?\/l + (df(mn)/dln)z) + v} } V314 (df(xn)/dzn)?, n=m

2
. q e ) 2

{_ ¢ G_OM + g(pn, /)Tn)} 1+ <8{?(x7n,)> A, n#m
/ Tm

@)
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Fig. 4. CPU time requirement to solve a matrix equation for the induce{ﬁ|
current over rough surfaces (rms heigh27A and A/8 sampling segment)
illuminated by a tapered field with incident angle of’85

afilter that is flat over the lit region and tapers to zero in the “shadow” [1]
region (Re(é,)| > 3s) to filter out plane waves that would otherwise
be attenuated via cancellation. The windowed form of (8) is given by

(2]
E ( _,) _ ‘}AtLé’*Jé i VV(’ )F ((b ) jkz, sin épAé (12)
wlpn) = —— Op ) Frn(op)e Ag 3]
p=—Q
where the window functio®V (¢,,) is unity for |[Re(¢,)| < 45 and (4]

tapers smoothly to zero over a fixed number (usually five on each side)
of oscillations for|[Re(¢,)| > A,. This reduces the number of plane
waves required to be included in the current approach. Therefore,
andA¢ can be found [3] by (3]

P

s ~

Q= Ao + 95 (13)
and
Ao = 0 /22 (14)
T VER, T

Itis noted thath ¢ depends only on the roughness of the surface and the

size of segment selected for the strong interaction source group. Also
3s is selected according to the maximum roughness of the surface so
that the asymptotic lit region remains fixed for a given surface when the

receiving element sweeps forward and backward. However, in many
cases, one can simply emplgy = /(10/kL.) and selectL, >

(zmax — Zmin)/4, @s suggested in [3].

Using (12) to compute the weak interaction term and direct numer-
ical summation to compute the strong interaction term, the total opera-
tional count involved in this procedured¥( V) [3] in both vector-ma-
trix multiplication and memory storage as the surface length increases
for a fixed frequency.

I1l. NUMERICAL RESULTS AND DISCUSSION

In this section, F-BM/NSA algorithm is validated by considering
the scattering from a 40961-D impedance rough surface illuminated
by tapered plane wave with a near-grazing incident angle af Bte
surface considered is one realization of a 3 m/s windspeed Pierson-
Moskowitz ocean spectrum at 14 GHz (rms height at 2)2With a
dielectric constans8 + 40 and is sampled with eight unknowns per
wavelength. The numerical result is compared with a reference solu-

607

tion obtained from BMIA/CAG. The accuracy of the F-BM is demon-
strated in Fig. 3, where two curves are almost overlapping and cannot
be distinguished from each other. It is noted that both F-BM/NSA and
BMIA/CAG require only three iterations to obtain the converged re-
sult. It is also noted that in some applications, such as if one is in-
terested in the emittivity from dielectric surfaces, eight unknowns per
wavelength may not be sufficient, and more unknowns need to be em-
ployed in MoM modeling. However, this does not affect the validity
of the current approach, because F-BM/NSA tends to accelerate the
computation in solving the unknown current matrix in MoM instead
of trying to modify MoM procedure itself. Furthermore, the number
of total unknowns employed in F-BM/NSA is not restricted to be a
power of 2, as usually employed in BMIA/CAG. In BMIA/CAG, the
number of unknowns, including the pending zeros, usually increases
in the power of 2 in order to efficiently use the fast fourier transform
(FFT) for the acceleration of computation, while surface length in-
1o 10° creases. The CPU time is also compared and shown in Fig. 4, which
showsO(NN) behavior for F-BM/NSA, while surface length increases

r a fixed frequency. It is found that F-BM/NSA is far more efficient
an BMIA/CAG in the order of magnitude.
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A Generalization of the Maximum The noise fraction of théth band is defined as
Noise Fraction Transform
Var{ N;(x)}/Var{Z;(x)}.
Christopher Gordon
The maximum noise fraction transform (MNF) results in a pelvand

o ) ) ) uncorrelated data set which is a linear transform of the original data
Abstract—A generalization of the maximum noise fraction (MNF) trans-

form is proposed. Powers of each band are included as new bands before

oo — Al e
the MNF transform is performed. The generalized MNF (GMNF) is shown Y(r)=A" Z(x).
to perform better than the MNF on a time dependent airborne electromag-
netic (AEM) data filtering problem. The linear transform coefficients!, are found by solving the eigen-

Index Terms—Maximum noise fraction, noise filtering, time dependent Value equation
airborne electromagnetic data.

ASNE T = AA 1)
|. INTRODUCTION whereA is a diagonal matrix of the eigenvalues, The noise fraction
The maximum noise fraction (MNF) transform was introduced bip Y; () is given byA;. By convention the\; are ordered so that, >
Greenet al.[1]. It is similar to the principle component transform [2]A2 > -+ > A,. Thus the MNF transformed data will be arranged in
in that it consists of a linear transform of the original data. Howevdpands oflecreasingioise fraction. The proportion of the noise variance

the MNF transform orders the bands in terms of noise fraction. described by the first MNF bands is given by
One application of the MNF transform is noise filtering of multi- .
variate data [1]. The data is MNF transformed, the high noise fraction Z A

bands are filtered and then the reverse transform is performed.
We show an example where the MNF noise removal adds artificial >
features due to the nonlinear relationship between the different vari- Z)‘i
ables of the data. A polynomial generalization of the MNF is intro- i=1
duced which removes this problem. ) o ) )
In Section Il we summarize the MNF procedure. The problem dafd'e €igenvectors are normed so tHAtS A is equal to an identity ma-

set is introduced in Section I1l and the MNF is applied to it. In SectioK!X-
IV, the generalized MNF transform is explained and applied. The con-The advantages of the MNF transform over the PC transform are that

clusions are given in Section V. itis invariant to linear transforms on the data and the MNF transformed
bands are ordered by noise fraction.
The high noise fraction bands can be filtered and then the transform
reversed. This can lead to an improvement in the filtering results be-
In this section, we define the MNF transform and list some of itsause the high noise fraction bands should contain less signal that might
properties. For further details the reader is referred to Get¢a@h [1]  be distorted by the filtering. Examples of this approach have been given
and Switzer and Green [3]. A good review is also given by Nielsen [4}y Greeret al.[1], Nielsen and Larsen [7], and Le¢ al. [5].
A reformulation of the MNF transform as the noise-adjusted principle An extreme version of MNF filtering is based on excluding the ef-
component (NAPC) transform was given by Legeal. [5]. An efficient  fects of the first- components. That isis chosen so as to include only

method of computing the MNF transform is given by Roger [6].  bands with high enough noise ratios. This can be achieved by
Let

Il. THE MAXIMUM NOISE FRACTION (MNF) TRANSFORM

Z*(x) = (A" RA" Z(x) )
Zi(l')'/ 1:175p
o ) ) o N whereZ* (x) is the filtered data and is an identity matrix with the
be a multivariate data set wifhbands and withr giving the position of it .. diagonal elements set to zero. Thus eliminating the effect of one

the sample. The means &f () are assumed to be zero. The data cag more of the MNF bands produces a filtered data set which is a linear
always be made to approximately satisfy this assumption by subtractiighsform of the original data. This MNF-based filter uses interband
the sample means. An additive noise model is assumed correlation to remove noise.

In order to us€1) to computed, ¥ has to be known. Nielsen and
Larsen [7] have given four different ways of estimatiiNg=). They
all rely on the data being spatially correlated. A simple method for

Z(z) = S(z)+ N(z)

where 27 (v) = {Zi(x), ---, Zy(x)} is the corrupted signal and RN () is b
S(x) and N () are the uncorrelated signal and noise components Gymputing: () is by
Z(x). The covariance matrices are related by N(2) = Z(x) — Z(x + 6) @3)

CoviZ(z)} =X =S5 +3In _ _ | |
whereé is an appropriately determined step length. We are effectively

whereX y andZ s are the noise and signal covariance matrices. ~ assuming

S(x) = S(x+06).
Manuscript received March 30, 1998; revised February 28, 1999.
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Fig. 1. Unfiltered AEM data. Bands 1 to 7 are shown. The band number of
each spectrum is labeled to the left of the spectrum. The dotted line of each 0 500 1000
spectrum marks the zero amplitude for that spectrum.

Ill. AIRBORNE ELECTROMAGNETIC DATA

We test the MNF filtering methodology on a flight line produced
by SPECTREM'’s time dependent airborne electromagnetic (AEM)
system. Background information on this AEM system has been
explained by Leggatt [8]. A multiband image can be formed by con-
secutive flight lines but usually each flight line is examined separately.

Fig. 1 shows a flight line of data, consisting of the seven windowed
AEM X band spectra. All seven bands are displayed stacked above each
other. The amplitude of a band at a particular point is proportional to the k {
vertical distance of the spectrum from its corresponding zero amplitude 7 | e o i -
reference (dotted) line. Neighboring points along a line are responses
from neighboring points on the ground. The higher band numbers are
associated with greater underground depths.

Ore bodies are often associated with small features in the higher ©
bands. Analysis can be made easier by filtering the spectra. Because
this data set has substantial interband correlation, the MNF filteripgy. 2. A comparison of the MNF and GMNF filtering methods. Only a portion

methodology can be used. of the flight line for bands 5, 6, and 7 is shown for each figure. The sample

Fig. 2(b) shows the MNF filtering of the spectra in Fig. 1. Onlylumber is displayed on the horizontal axis of each subplot: (a) unfiltered AEM
rcrl ta and (b) MNF filtered AEM data. The “S” symbols mark parts of the data

the last three bands (ie., 5, 6.’ and 7) and .a pomor! of the ﬂ'_ght h_ %ere spurious features have been introduced by the MNF filtering, and (c)
are shown. The noise was estimated by taking the difference in neigiianE filtered AEM data.

boring pixels, as in (3). The data were filtered by excluding the first

two MNF bands which accounted for approximately 86% of the noise

fraction. Although the noise has been reduced, spurious features hahereR z, (¢) is the difference betweefd; (z) and a least squares re-

been added, indicated by “S.” Excluding only the last MNF componegtession ofZ; (x) based on all the other bands. The clear pattern of

does not significantly reduce the magnitude of the spurious features aimel residuals plotted in Fig. 3 is evidence that the relationship between

does almost no noise reduction. Zi(z) and the other bands is not linear. Similar patterned residuals
As seenin (2), the MNF filtered data is composed from a linear funesere found for residual plots based on the other bands. In the next sec-

tion of the original data. Fig. 3 shows a plotf(r) againstR, (), tion we show how the linear assumption can be relaxed.
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To apply the GMNF filter to the data in Fig. 1, the GMNF transform
was applied with powers of up to order 6 for each band appended to
the original data. Cross terms were found to make little difference to
the result and so were not included. The first 15 of the 42 GMNF com-
ponents, contributing approximately 80% of the noise fraction, were
eliminated.

Fig. 2(c) shows the GMNF filtered AEM data. A comparison with
the MNFfiltered data [Fig. 2(b)] shows that for GMNF filtered data, the
noise reduction is greater and spurious features are much less evident.

V. CONCLUSION

We have proposed a generalized maximum noise fraction transform
(GMNF) that is a polynomial as opposed to linear transform. The
GMNF was applied to filtering a test AEM data set. It was found
to remove more noise while adding less artificial features than the
MNF-based filter.

Implementing the GMNF is a simple extension of the MNF imple-
mentation. Software written for the MNF transform can be be used for
the GMNF transform without any modification.
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Detection and Extraction of Buildings from Interferometric  tures), multiple scattering due to the building geometries, and layover

SAR Data effects, in addition to the intrinsic IFSAR system level noise. There-
fore, itis clear that there is still a strong need to evaluate which type of
Paolo Gamba, Bijan Houshmand, and Matteo Saccani information is available from these data and to what extent it is possible

to extract them.

) The resolution problem is being increasingly resolved by the new
Abstract—in this paper, we present a complete procedure for the extrac- eneration of radar sensors that are currently operational or will be
tion and characterization of building structures starting from the three-di- 9 A , . Yy op
mensional (3-D) terrain elevation data provided by interferometric SAR ~ OP€rational in the near future, like the NASA/JPL AIRSAR system
measurements. Each building is detected and isolated from the surround- [18]-[20] (currently a 40 MHz system, but to get upgraded to 80
ings by means of a §uitably modified _machine vision app_roach, originally MHz) and the DLR E-SAR system [21]. The goal of these systems
developed for range image segmentation. The procedure is based onalocaliS to provide a 1-m level spatial resolution, which therefore can

approximation of the 3-D data by means of best-fitting planes. In this way, | f the obiect ti b . t As f
a building footprint, height and position, as well as its description with a resolve many or the 0_ JECLS present in an ur gn enVIr.onmen - As Tor
simple 3-D model, are recovered by a self-consistent partitioning of the the second problem, instead, we found very interesting to apply to
topographic surface reconstructed from interferometric radar data. the original remote sensing images some suitable machine vision
Index Terms—SAR urban analysis, 3-D building extraction. approaches. Indeed, even if developed for very different situations,
these procedures are of invaluable utility when used in this context.
In this work, we focus on the task to extract information on urban

|. INTRODUCTION structures of interest from high-resolution IFSAR data. Specifically,

The urban environments, with their complex structure compos¥f Want to automate the detection (and subsequent analysis) of the
of buildings of different kinds and shapes, small and/or large gregr'?'ght and shape _Of_ the buildings present_ In a given area. To this am,
areas, infrastructures (roads, railroads, bridgeg,and continuously V€ apply to the original data a segmentation algorithm able to exploit

changing suburbs have constantly been a challenge for remmsir resolution, while maintaining at the same time a high robustness
sensing analysts. Notwithstanding the large number of works on figghoise. ) . ) .

interpretation of urban images acquired by different sensors, from the_Th_e paperis organized as fOHO_WS' Sec'uo_n Il presents _the complete
classic photocameras synthetic aperture radars (SAR) [1], [2] frombund.lng detgctlon strategy used in the 3-D image anaIyS|s.pr0cedure.
multispectral [3] to hyperspectral sensors (like AVIRIS [4]), a |arg§_ect|on I, m;tegd,_ghows the results obtained on actual images _an_d
amount of information is still hidden in the raw data. discusses their significance for urban area analysis as well as their limit

On the other hand, with the largest part of the population in the worﬁﬂr a mpre refined model-bgsed extrz'action of the urban profilg. Finally,
already settled in towns and cities, it is increasingly important to dil Section IV some conclusions and lines of thought for future improve-

velop a set of flexible tools for the analysis, monitoring and plannirf§Ients are introduced.
of urban environments. Even the study of geological and hydrological

risks in urban areas can give useful hints to prevent and alleviate haz-
ards like earthquakes and floods, whose costs (in terms of lives more

than dollars) have been steadily increasing in the past years [5]. Our goal is to extract the significant buildings from interferometric

To this aim, the continuous trend in research is to merge measugaR images, that is to locate somgecial regionsnside them. There-
ments and data from different sensors [6]—{8] to refine, by means of théfre, we must face a segmentation of the image, since segmenting an
interaction, the quallty of the information extracted. Contemporar”}f,nage means to divide it into meaningfu| Objects according to a given
very interesting analyses in recent years have been dedicated to invggiferion. The task is analyzed in [22], where some heuristic criteria for
gate how all-weather sensors, like the SAR, can be exploited to evalu@f€ correction of the shape of isolated buildings are applied to interfer-
bio- and geophysical parameters in urban areas [9]. In particular, majetric data, and in [23], where the author explored, in a more general
papers have been presented aiming at determining which radar datzgfitext, how to find the parameters of a given building model that best
terms of polarization [10], [11], wavelength [12], [13] or viewing angleit the measured 3-D data. Both papers, however, do not address the
[14], [15]) are more useful for urban image analysis. problem of building extraction in a crowded, complex urban environ-

However, very few papers are devoted to the use of interferometgent.

SAR (IFSAR) measurements [16], [17] for urban image analysis: oneQn the other hand, we may find useful to rely on consolidated ap-
of them is [4], where IFSAR and AVIRIS data are merged to bettgjroaches studied in machine vision. In this field, when considering 3-D
distinguish buildings from green areas. Indeed, the three-dimensiop@ually calledange) images, generally the criteria applied to segment
(3-D) measurements obtained by this system may be extremely usgfidl data are geometric ones (see, for instance, [24] or [25]), often in-
for extracting the complete topography of a urban environment (for igolving the principle of plane-fitting (i.e., to find the plane which better
stance, for hydrological purposes) as well as for gathering more insightiproximates a given surface). In our situation this approach can be
on particular structures or infrastructures (like the road network).  yseful when looking for the regions corresponding to the building roofs.

Analysis of the IFSAR terrain elevation data in urban areas are difffhe idea is therefore not only to partition the image (each pixel must
cult due to the insufficient spatial resolution (with respect to urban fegelong to one region) but also to discard the data that do not carry useful

information during image segmentation.

Manuscript received June 9, 1998; revised November 23, 1998. This work 0 this aim, the simplest possible algorithm could be an iterative re-
was supported by a contract with the National Aeronautics and Space Adn@ion growing approach: we start from randomly chosen pixedy
istration, Washington, DC. and examine all the adjacent ones. If one of themsuilicientlynear
i P. Ggmbg;lrgoMP. Sgcclanli are with the Dipartimento di Elettronica, Universiig the seed in the 3-D space (whexeficientlymust be defined by a

l gé\lﬂﬁhlshmand isa\\:\llﬁh iﬁg'.]et Propulsion Laboratory, Pasadena, CA gll%gtable th'jeShc’l_d): itis added._ HOW@Ve_I’,_ this i_S only a first step of the
USA. segmentation, since the data is now divided into regions whose geo-
Publisher Item Identifier S 0196-2892(00)00408-3. metric characteristics are still to be determined (for instance, are they
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0196-2892/00$10.00 © 2000 IEEE
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Fig. 1. Block diagram of the segmentation algorithm used to analyze the IFSAR images.

Fig. 2. On the right, an AIRSAR C-band image of Santa Monica, West Los Angeles (VV polarization). For a visual comparison, on the left an aerial photo of
the same area is displayed. The blocks of black pixels correspond to large building shadows in the photograph, and to pixels labeled as “errsitiealigiacqu
the SAR data.

planes or not?). However, since we expect that almost all of the strucFirst Step—Scan Line Segmentatiomhe pixels belonging to the
tures in a urban environments can be roughly described by polyhedeame scan line are grouped into segments according to a simple geo-
with plain faces, we can try to approximate each of these regions bynetric criterion [27]: a curve is iteratively broken in two parts until no
plane. point of the original curve is far from the resulting segment chain more
This idea can be further improved by the algorithm outlined in [26than a given threshold(). Since one scan line of the IFSAR image
In this approach the primitives of segmentation are not pixels, but sceam be viewed as a curve in the thirdrige dimension, this step rep-
lines (the lines of the image), in order to save cpu time. Grouping linegsent an approximation by segments of the 3-D topographic data along
it's faster to find consistent planes hidden in noisy data. We appliedch line of the image. Moreover, since this 3-D curve actually presents
this procedure, suitably changed, following three processing steps (seme discontinuities (the building edges, for instance), we follow [26]
also Fig. 1). in using edge pixels (pixels with value very different from their left
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Zone#2

Zone#3

Fig. 3. Zoomed views of the aerial image in Fig. 2 showing the three zon:
around Wilshire Boulevard that were analyzed in this paper.

Fig. 5. The Coastal Federal Bank in Wilshire Boulevard: the building profile
as reconstructed from IFSAR data and a photo from the ground.

This condition is measured by controlling that the directions and the
intercepts of the seed segments coincide as much as possible (see also

(b) [26, Eq. (11)]). The index used is
Fig. 4. Raw 3-D interferometric data provided by the TOPSAR system above ip = 0.5+ 1 Z mi - m; + ni-ny 1)
the first zone of Fig. 3 and the reconstructed building profiles after the data 12 \ = [millm;]  |na]|ng]

analysis. wherem; = (a;, —1),n; = (b%, —1),ands; = a;e+b;,i =1, 2, 3

are the algebraic expressions of the segments of a seed.

Next, the iterative region growing is performed. All the segments
or right neighbor) as further breakpoints. Finally, each segment fouadjacent to the best seed are examined: if a segment is close enough
is recorded in a list, with pointers to its neighbors (i.e., adjacent sgggain, by a thresholds) with respect to both its ends to the plane
ments). that approximates the seeds, it is added to the region. This process is

Second Step—Planar Region Aggregatidh:consists of finding iterated (considering the new region as an enlarged seed), until no more
first the seedsfor the aggregation and then to perform a regioexpansion is possible. Successively, less optimal seeds are used for the
growing procedure to get the final, segmented image. Each seedasne process until the image is divided into planes and only segments
constituted by three adjacent segments (longer than a given threstiblt could not be aggregated are left.

#2) belonging to different scan lines. The seeds are ordered and usedhird Step—The Final Refinementhe previous segmentation may
for segment aggregation into planar surfaces starting from the dme improved by means of heuristic algorithms or more refined edge
nearest to the ideal condition of three segments aligned on a pladetection scheme to adjust the boundaries of the regions. In [26] the
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simple method to reassign boundary pixels to the nearest plane is Sngvorse cases. We found, however, that the overpartitioning rule in the
gested. first step of the procedure usually provide only small segments, and the
As already stated above, to this procedure we must add a last sthpice of a varyings does not change the quality of the results.
requiring that the best-fitting plane for each region is approximated Another important point regards the prefiltering of the data. We de-
with an horizontal one, for a first, imprecise simulation of buildingided not to make any prefiltering of the image (even if this could be
roofs. extremely critical for the image analysis) because classical approaches
Moreover, we must note that not all the pixels of the original imag®e SAR filtering (see [28] for a recent review) usually provide also a
belong to a plane, when the algorithm stops: points affected by largmoothing of the image, that would have caused a loss of resolution,
noise, or regions where no actual planar surface is observable (forrmaking the identification of the correct borders of each building diffi-
stance, trees in a park) are not aggregated. These points could bealle Instead, the range segmentation offers a self-consistent smoothing
to an error to be corrected or could carry important information not tuf the 3-D data driven by the simple building models (essentially, par-
be missed. At this point of the procedure it is difficult to say which iallelepipeds) that we use. In other words, the best-fitting plane proce-
the case, until no further information is gained. dure above delineated can be seen as the application ajptiraum
filter to the problem to recoversignalcorrupted by noise knowing its
shape (again, it's a plane). For this reason there is no need to perform
any prefiltering. It is true, however, that more recent papers have devel-
oped pyramidal [29] or filter bank approaches [30] to avoid as much as

Itis clear that the method described in the preceding paragraphs \Bg§5|ble the degradation Of SAR image ‘_’Ete‘_"s after denoising. These
developed originally as a machine vision approach to range image s thods alloyv a more precise edge location in radar measuremgnts af-
mentation. Therefore, several problems arise when we try to obtain Sf@(_:ted by noise, and we plan to add some sort of edge analysis as a
nificant results from the application of this algorithm to the topographn:”th‘:"r information source useful for our task.

data computed by SAR interferometry. We discuss here first the choicd INally, we want to add a practical note: the approximation of the
of the thresholds in the above outlined procedéied;), and then the range regions with horizontal planes is made by using the mean value

point of prefiltering or not the original data. Finally, a few words Wi”between the points belonging to each slanting plane. This introduces

be also dedicated to the choice to approximate each plane with an Hfbfurther approximation which affects the values of the heights of the
izontal one in the final resulting 3-D topography. buildings. On the other hand it minimizes evaluation errors due to noise

We found that, as far as the first step (scan line partitioning) is coﬁnd/Or false reflections.
cerned, the breakpoints based on the original algorithm were not al-
ways the optimal ones. In low-resolution SAR images, it is necessary
to overpartition the lines because of the small number of points defining 11l. EXPERIMENTAL RESULTS AND DISCUSSION
each structure, while a different choice causes the merging of separate
buildings into a unified object. It can be argued that this method intro- The interferometric SAR range image used to show the results of this
duces some kind of error in the segmentation procedure. However, tasearch covers a portion of Santa Monica, in the metropolitan area of
problem is later corrected by the segment grouping carried out in thes Angeles (see Fig. 2). It is a range image, that is to say an array of
growing process (while an underpartitioning would have been impasambers representing the surface elevation with respect to a reference
sible to adjust). In a few words, this corresponds to a choide ¢dee plane. So, this image already gives us the 3-D profile of the urban sur-
the previous paragraph) as low @8¢;,., whereos,,,, is the mean face.
local image variance of the original data. The data were obtained with an interferometric SAR, the AIRSAR
For the same reason also the definition eafge pixelsmay be system, operated by NASA/JPL and mounted on a DC8 plane. The
changed according to the type of building that we want to extract. Feystem is operated at C-band (5.6689 cm wavelength) with a 40 MHz
instance, for high structures, edges correspond to large height stgpise bandwidth, and has a nominal height accuracy inthe order of +2.5
while when looking for residential objects, we have lower values. Im. The spatial resolution of the SAR system is therefore 3.75 minrange
this research we adopted a sort of conceptually pyramidal approadinection but, after the interferometric processing by phase unwrapping
and started by first extracting the large buildings. When workingrocedures [31], [32], this range is reduced to 7.5 m, since two pixels
instead on residential structures we think that it would be better &me averaged. The averaging in the azimuth direction is also performed
lower the value of what is to be considered an edge accordingly. toyield a square resolution cell. So, the ground range resolution for the
The second threshold in the algorithén) is set to evaluate only sig- mid-swath area (nominally 45 radar incident direction) is about 10 m,
nificant segments when looking for plaseedsilt is clear that, to dis- even if the images of the AIRSAR interferometric elevation data are
card possible error, it must be chosen as small as possible with respeovided after sampling at 5 m postings, geocoded, and rectified.
to the physical characteristics of the searched objects and the resolutiofihis resolution makes the building detection an extremely difficult
of the image. As for our IFSAR data are concerned (10 m resolutiontdsk; nevertheless, these data were used in this research just to show
m posting), even segments of two of three pixels are meaningful sirtoew well the procedure behaves even when the spatial coarseness of
there exist buildings with these dimensions. This requires to considee measurements is relatively low (10 m are comparable with most of
a large number of seeds, leaving to a successive interpretation stepthiecbuilding footprints’ dimensions).
task to choose if all the planar regions are meaningful or not. ThereforeThe images we show here come from a larger data series recorded
a value smaller than the original value of 10 is used. on August 5, 1994, from the height of 11000 m. The flight path was
Finally, the last parameter to be tuned) defines somehow which from 33.97 N latitude;-118.47 longitude to 33.97 N latitude]118.41
is the largest difference between a plane and a given segment to allomgitude. The radar look angle for the proposed area is nominally 45
its aggregation. This parameter refers to the distance between the pkamé shadow/layover effects are observable as it can be seen by looking
and the segment ends. Therefore, even ifin [26] itis suggested a uniqtithe black pixels irFig. 3 left, corresponding to incorrect measure-
value for any situation, itis intuitive that longer segments require lowenents that were discarded by the TOPSAR data processor.
values (they can be aggregated only if they are significantly consisteniWe stress that we present here only a very small part of the data
with those already grouped), while smaller ones can be considered alsmorded.

A. Critical Points of the Algorithm for Interferometric Data
Segmentation



IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 38, NO. 1, JANUARY 2000 615

3

et
T

-
]

it

¢
¥

Ve
!

I

Fig. 6. Building profile of 11755 Wilshire Boulevard as reconstructed from IFSAR data and two photos from the ground.

A. Wilshire Boulevard from the interferometric measurements, while the other one shows the

Within the study area, we applied the above outlined procedureQytPut Of our program. It is immediately clear that the raw data are
a subimage covering part of Wilshire Boulevard (East Santa Monicfgnfusmg, with dlstgrblng noise and blqrred bU|Id|ng_ edges, while in
The image was in turn divided into three parts (see Fig. 3) for a betfdf 3-D graph obtained from our algorithm the profiles of the most
analysis, and the above presented algorithm was applied separatefftgvant buildings are now evident. Moreover, each of them is now a
each of them. This was done in order to handle the data easily an@®arate object. In other words, we operate simultaneously on Fig. 4(a)
facilitate the identification of the buildings. three operations:

However, it should be mentioned that the original 3-D data lack the 1) & denoising procedure, as it is clear for instance looking at the
definition of a suitable ground level, because multiple reflections atthe  roofs of the building in Fig. 4(b);
building edges produce responses that alter this value. To overcome thig) @ structure recognition, because now we are able to distinguish
problem, we used the same procedure discussed in [4] and compute the buildings from their (probably less interesting) surroundings;
the overall height distribution of the data. Ground level is taken as the 3) an image segmentation.
highest peak in the histogram, due to the presence in the area of larg&s a final comment, we should note that there are also some artifacts
flat green areas, and points that have lower values are discarded.sBY visible for the lower objects present in the scene, that we neglect
means of this technique, only a very small number of pixels (in our ardar the moment.
less than 2%, and mainly around building edges) are not considered, biKlore in detail, in Figs. 5 and 6 two of the buildings situated in
the successive detection procedure is considerably improved. Wilshire Boulevard are shown by simply retaining only those 3-D

The results of the complete analysis for zone #1 of Fig. 3 are showalues that we found belonging to each of them. After that, their
in Fig. 4: the upper picture represents the raw 3-D surface extracwthpe was compared either with maps or to the information that we
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World Savings
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L-shaped building
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Fig. 7. Footprints of all the buildings extracted from the three subimages in Fig. 3 compared with their actual sections (shadowed): a squatstor2éspg.

PERCENTAGE ERROR IN DETERMINING THE

TABLE |

BUILDING FOOTPRINTSBEFORE AND AFTER THE REFINEMENT
STEP IN SECTION VI-A

building

before refinement

after refinement

Coastal Federal Bank

World Savings

11755 Wilshire Boulevard

Barrington-Plaza Apt.

11645 Wilshire Boulevard

L-shaped building

-39%
-48%
-67%
-88%
11%
-50%

-20%
-25%
-37%
-88%
-9%
-1%

TABLE 1l
ACTUAL AND MEASUREDHEIGHTS OF THEBUILDINGS EXTRACTED (MEAN

ERROR= 2.2 m,c = 4.9 m)

building

actual height

measured height

absolute error

Coastal Federal Bank
World Savings

11755 Wilshire Boulevard
Barrington Plaza Apt.
11645 Wilshire Boulevard

L-shaped building

81
110
98

74

45

51

86
99
99
71
49
52

-5
-11
+1

-3
+4
+1

building and to have a first idea of the validity of our results by means
of a rough comparison of its shape and height. These figures show,
respectively, the reconstructed shapes of the Coastal Federal Bank and
11755 Wilshire Boulevard, together with some photographs from the
ground.

B. Some Comments on the Results

The firstimportant thing to observe is that all the large buildings por-
trayed in the photographs had been extracted by our algorithm without
any exception, and this is the minimum results we expected for. In addi-
tion, we observe that all the extracted structures correspond to commer-
cial, financial and directional sites, that is buildings characterized by
relevant heights and large dimensions. Smaller houses on the contrary
are much more difficult to distinguish because of their small dimen-
sion. Moreover, we have not yet collected ground truth in a sufficient
detail for that area to help in tuning the parameters of the extraction
procedure. Finally, IFSAR data with higher spatial resolution than the
one we used are needed to extract and recognize them; to this aim, the
2.5 m posting data, that the new TOPSAR system will be able to pro-
vide, may give sufficient information for a more detailed extraction of
the less evident structures.

Each building carries at least three types of information, namely its
position, shape and height. As far as the positions of the buildings are
concerned, comparing our output graph with the color image, we have
noticed that they are substantially correct (within the range of spatial
precision of the data).

Instead, Fig. 7 shows the footprints of all the largest buildings in the
three zones of Fig. 3, and a comparison with their actual shape is per-
formed. It is clear that while the reconstructed shape of the objects is
generally a sufficiently good representation of the real one, the area of
the buildings is heavily underestimated. The main reason is the shad-

extracted from a color image of the analyzed zone coregistered withing/overlay effect due to the relative position of the airplane carrying

the IFSAR original data. Furthermore, we had a number of coltiie radar and the illuminated large bodies on the ground. It affects the
photographs taken on the ground depicting the main buildings afcuracy of the 3-D data related to the transition between a building
Wilshire Boulevard. The photographs allowed us to identify eadnd the road (or another building, the grass, etc.). As a result, it is hard
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for the algorithm to find good borders, and this was the reason to obtaimuld be extremely useful for research as well as civic applications such
a building footprint mask using another sensor in [4]. Table | preserds urban growth, and change monitoring.

the errors computed as a percentage of the original area for the same
examples of Fig. 7. Worse results are related to buildings “badly” ori-
ented with reference to the flight direction (this is the case, for instance,
of the Barrington Plaza Apt.)

To overcome the problem, we introduced a further refinement step[1]
to our procedure, devoted to two tasks: reduce the unclassified pixels,
and merge horizontal planes that have very similar heights. The first
task is due to the fact that in our final images there are many pixels nof]
belonging to any plane; they are added to the nearest classified set if it
is sufficiently near (less than 3 times the SAR precision, i.e., 7.5 m).
Moreover, since the previous results show that probably each buildingf?’]
roof is detected as a set of differently oriented planes (due to SAR pro-
cessing errors, or to spurious reflections) we merged the final detected
surfaces that are adjacent and very similar in height (the threshold is thé4]
same than above). Heights are changed taking into account the weight
(in terms of pixels) of each merged set. The results obtained with the
aid of this technique are presented in Table I, and show a significans
improvement in the footprint estimate in almost all the cases.

The last comment regards the building heights, that happen to be ned8]
essarily approximated because we model each structure by using only
planar surfaces; moreover, all the roofs are taken as flat ones. Never; ]
theless, the resulting values seem to be in very good accordance wit
those determined from field measurements. Table Il shows the dif-
ferences between the extracted heights and the actual values, togeth@ﬂ
with the mean error; again, the minus sign represents an underestimate.
This result (+4.9 m) must be compared with the mean error that we ex-g|
pect (according to [20]) from TOPSAR measurements, i.e., 2.5 m. We
may say that the loss in resolution from the original data to the clas-
sified one is limited, especially considering that this result is partially, 10]
due to the error in the location of the ground level. Moreover, we thinlJ
that it is better in an urban environment to have less precise informa-
tion on each built structure as a single entity than to know the exact 3-[L1]
position of each measured point, without knowing to what it belongs.

In other words, we believe that the limited loss in precision of our re- 12]
sults with respect to the original data is more than compensated by the
recognition of interesting urban structures. [13]

(14]

[15]
IV. CONCLUSIONS
[16]

This work presents the application of a modified machine vision ap-
proach to 3-D data extracted from interferometric SAR measurements.
The proposed approach has proved to be useful in reconstructing the
3-D structure of large commercial structures from a 10 m resolutiorj1g]
data. Their shape is sufficiently well reconstructed and their height is
found with an absolute mean precision around 2 m and standard de-
viation of £4.9 m. However, building footprints are largely underesti- [19]
mated.

Therefore, the proposed approach exploits almost completely the
vertical (2.5 m) resolution of the original data and enables us to recod20]
nize and isolate those buildings that raise well over their surroundings,
but lacks a suitable system to overcome layover/shadowing effects. (Fl]
further refinement of this work is also needed for the recognition an
analysis of smaller buildings such as residential houses by using both
more detailed data and improved extraction algorithms. However, eve
these preliminary results show that there is a strong possibility to e 22]
tract from IFASR data building models characterized with a precision
only slightly worse than the original topographic data. Such analysis
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U mean wind velocity in the surface layer;
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K von Karman'’s constant.
Effects of Atmospheric Boundary Layer Moisture on The von Karman's constant is nondimensional and has been
Friction Velocity with Implications for SAR Imagery determinegl fro_m varic_>us expt_arime_nts to b_e about_0.4 (e.g., [12]).
The quantityo is a universal similarity function that is often called
Steven M. Babin and Donald R. Thompson a nondimensional stability function. This function is represented by

different expressions for stable and unstable conditions but reduces to
unity for neutral stability. Wher{2) is integrated over altitude using

Abstract—Using computer simulations, it is shown that failure to the boundary condition that the velocity at the surface is zero, we
consider water vapor effects may lead to anomalous friction velocity obtain

changes with static stability. When interpreting synthetic aperture radar

(SAR) imagery showing sea surface features induced by marine boundary U

layer spanning eddies, consideration should be given to the effects of water U= —(n(z/20) —¥) 3)
vapor. K

Index Terms—Atmospheric boundary layer, friction velocity, synthetic ~ wherez, is an integration constant called the surface roughness length
aperture radar (SAR), water vapor. andv is an integrated form ab. The surface roughness is propor-
tional to but smaller than the mean height of the rough elements of the
surface. This surface roughness is related to the wind-induced surface
stress. Therefore, the SAR backscatter cross section is related to the

Synthetic aperture radar (SAR) images of the ocean surface havetion velocity.
not only revealed features of the ocean but also of the atmospherene ran several computer simulations to calculate the friction velocity
Many previous studies have discussed atmospheric effects on fifign a variety of input air-sea temperature differences, wind speeds,
ocean surface and their corresponding signatures observed in S#x humidities. Plots were then made comparing friction velocities cal-
imagery (e.g., [1]-[4]). In particular, the presence of atmospherigilated from various wind speeds and air—sea temperature differences.
boundary layer spanning eddies affects the roughness of the sea $His paper will demonstrate that atmospheric boundary layer water
face. Boundary layer spanning eddies enhance sea surface roughygsér has a significant impact on the stability and therefore on ocean
beneath and down wind of convective downdrafts. Similarly, thesgrface roughness and the resulting SAR imagery.
eddies decrease sea surface roughness beneath and down wind of
convective updrafts [3]. This roughness variation is often detectable
with SAR. Under certain conditions, these atmospheric boundary layer
spanning eddies form longitudinal rolls roughly parallel to the mean The algorithm for calculating the friction velocity.{) was adapted
wind [5]-[7]. The role of atmospheric stability in the developmenfrom Babinetal.[13] and Babin [14]. The foundation for this algorithm
of boundary layer rolls has been discussed by many authors [B]the atmospheric surface layer theory of lgual. [15] and modi-

fications to this theory made by Fairat al. [16]. Fairall et al. [16]
found that certain areas of the Létial.[15] theory could be improved.
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TOGA-COARE BULK FORMULA (SST=25C, RH=70%, Z=10 m)
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Fig. 1. Plots of friction velocity: .. versus air—sea temperature difference where this difference is determined using ordinary temperatures. Each line represents a
different wind speed. This plot is determined from calculations assuming a 10 m measurement height, a sea surface tempef&uapd2®lative humidity
of 70%.

TOGA-COARE BULK FORMULA (SST=25C, U=2 m/s, Z=10 m)
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Fig. 2. Same as Fig. 1 except that the 10 m wind speed is fixed at 2 m/s and each line represents a different relative humidity (60, 70, 80, and 90%).

in the Tropical Ocean Global Atmosphere Coupled Ocean Atmospherd-or the calculations used in this paper, the measurement height was
Response Experiment (TOGA-COARE) and were verified by simultéixed at 10 m. The sea surface temperature was assumed to be fixed
neous flux and bulk measurements made from numerous ships, buey25°C. The atmospheric pressure was fixed at 1015 hPa. Calcula-
and aircraft [18]. tions were performed for wind speeds from 2 to 10 sThe relative

The equations of Buck [19] and a salinity correction [20] are used taumidity at the measurement height was an input variable. Two cases
calculate saturation water vapor pressures accurately. Using the Fairadie examined. In the first case, the influence of variations in the 10 m
et al. [16] technique, initial estimates of the Monin—Obukhov scalingelative humidity on plots of.. versus air—sea temperature difference
parameters are made assuming neutral stability. Then, an iterative prere examined. In the second case, the effects of this relative humidity
cedure is used to obtain their nonneutral values. Whereas Fetiadll  on plots ofu. versus air—sea virtual potential temperature difference
[16] fixed the number of these iterations, Balginal. [13] continued were examined.
the iterations until the new Monin—Obukhov parameters were within Virtual potential temperature is a more accurate determinant of at-
0.001% of their previous values. This convergence typically takes las®spheric stability over the ocean than ordinary temperature [21], [22].
than 20 iterations. Virtual temperature is defined as the temperature that dry air must have
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Fig. 3. The same as Fig. 1 except that the abscissa is virtual potential temperature difference.

to equal the density of moist air at the same pressure. Because megdbcity. When atmospheric water vapor is not considered as part
air is less dense than dry air, it is more buoyant. Therefore, virtual teof- the stability criterion (Figs. 1 and 2), the. versus stability
perature effectively accounts for the effects of moisture on stabilityurves change with relative humidity. However, when atmospheric
The virtual potential temperaturé,() is commonly used in the atmo- water vapor is considered, these curves do not change with relative
spheric boundary layer because it also removes the temperature vdrianidity (Fig. 3). Because the friction velocity. is related to the

tion caused by altitude changes (i.e., adiabatic lapse rate). Therefsteface roughness, these atmospheric effects may be observed in SAR
the buoyancy or stability of a moist air mass can be assessed by ithagery. Such effects are also more significant at low wind speeds.
vertical profile or gradient of virtual potential temperature. Wien At low wind speeds, the effects of stability on convective eddies are
is constant with altitude, the air is neutrally buoyant and therefore hasre pronounced than at higher wind speeds where wind shear effects
neutral stability. Wher,, decreases with altitude, the air is positivelywould dominate. Therefore, it is important to consider the contribution
buoyant and is considered stable. Widerincreases with altitude, the of atmospheric water vapor to static stability when interpreting SAR
air is negatively buoyant and is considered unstable. imagery over the ocean, particularly at low wind speeds.
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