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Phase unwrapping (PU) is one of the key processing steps in reconstructing the digital elevation model (DEM) of a scene from
interferometric synthetic aperture radar (InSAR) data. The PU problem entails the estimation of an absolute phase from
observation of its noisy principal (wrapped) values. Recently, PU approaches based on Kalman filtering have proved their
efficacy in tackling the PU problem even when strong discontinuities of the height profile and noisy data are involved.
This paper presents a novel multichannel InSAR PU algorithm using several interferometric SAR images based on the
extended Kalman filter. The proposed technique exploits the capability of the Kalman algorithm to simultaneously
perform noise filtering, PU, and multi-sensor data fusion. The proposed method, even being a Bayesian estimator, optimally
fuses height information coming from an additional maximum likelihood estimator (MLE) combining the benefits of both the
Bayesian and the non-Bayesian approaches. The performance of the proposed algorithm has been tested on simulated
interferometric images proving the effectiveness of the proposed method.
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I . I N T R O D U C T I O N

Synthetic aperture radar interferometric systems (In-SAR)
allow the estimation of digital elevation models (DEM) of
the observed scene [1, 2], starting from two SAR images of
the same scene acquired with slightly different view angles
along two different trajectories, spatially separated by a dis-
tance called baseline (single-baseline configuration).

The phase image directly extracted from a complex SAR
interferogram is wrapped since it represents a measure,
modulo-2p mapped, of the actual phase difference between
two co-registered SAR images of the same scene; furthermore,
the interferogram is subject to phase noise. In order to build
the elevation map of the scene, the phase image must be
first unwrapped so as to form a continuous phase map [2].
In this perspective, the development of phase unwrapping
(PU) algorithms has attracted growing interest during the
last years and has rapidly become one of the key topics for
SAR interferometry applications [3–11]. The main difficulties
involved in the PU problem are intrinsic nonlinearity of the
SAR interferogram and the nature of the phase noise; conse-
quently, the problem can be regarded as a classic nonlinear

estimation problem. Besides, the PU problem becomes an ill-
posed problem when the absolute value of phase difference
between neighboring pixels exceeds (Itoh’s condition is vio-
lated) [5, 6] due to the presence of abrupt terrain discontinu-
ities and/or interferometric noise. Moreover, many PU
techniques adopt a noise-filtering stage to reduce phase
noise, followed by the PU algorithm itself. It should be appar-
ent that this approach is largely suboptimal because a portion
of the information contained in the noisy pixels vanishes
during the noise-filtering stage and cannot be recovered by
subsequent processing.

In the last years, multichannel techniques [5–12], which
require multiple SAR acquisitions, have gained growing atten-
tion because of their ability to overcome, or at least mitigate,
the ambiguity problem and to improve PU accuracy by
exploiting baseline and/or frequency diversity. Some of them
are based on statistical estimation techniques, such as
maximum likelihood (ML) [5–8] and maximum a posteriori
(MAP) Bayesian [9, 10] estimation, and have proved their
effectiveness even in the presence of strong height discontinu-
ities and for high sloped and low-coherence areas.

Recently, the usefulness of the Kalman filter [4] for PU
and noise reduction has been demonstrated. The PU algor-
ithm presented in this paper is based on the extended
Kalman filter that performs simultaneously PU, noise
reduction, and data fusion. Our solution differs from that
proposed in [4] because it makes use of a maximum likeli-
hood estimator (MLE), instead of local frequency estimators,
and it is suitable for multichannel configuration.
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Furthermore, a new state model [13] incorporating the infor-
mation of the pixels in a small window around the pixel of
interest has been introduced. The main consequence of the
new state-space model is to lessen the overall impact of
the pixels affected by unwrapping errors on the estimate of
the pixels yet to be unwrapped; in such a way, the propa-
gation effect of the unwrapping errors has been mitigated.
In addition, our algorithm allows the estimation of the
height profile, producing at the same time an estimate of
the height slope along the range and azimuth directions.
One of the key points of our algorithm is its formulation
in terms of fixed-interval smoothing that makes it appropri-
ate for the batch nature of SAR interferogram data. The
paper is organized as follows: in Section II, the mathematical
statement of the PU problem for the multichannel case is
introduced, while in Section III, the proposed PU algorithm
is described. Then, Section IV reports the results obtained in
the simulations and Section V is devoted to the conclusions.

I I . P U P R O B L E M S T A T E M E N T

Given C ≥ 1 complex SAR interferograms of size M × N
obtained in multifrequency and/or multibaseline configur-
ation and corresponding to the same imaged scene, let I ¼
{(m, n)|m ¼ 1,2, . . . , M, n ¼ 1,2, . . . , N} be a rectangular
grid of points (or pixels) in each of the interferograms. With
reference to the cth acquisition channel, where c assumes its
value in the range 1,2, . . . , C, the complex value of the SAR
interferogram at pixel (m, n) [ I has the following expression:

uc(m, n) = ac(m, n) exp{jw̃c(m, n)}

= ac(m, n){ cos(wc(m, n)) + j sin(wc(m, n))}

= ac(m, n){ cos(ach(m, n)) + j sin(ach(m, n))},

(1)

where we exploited the 2p periodicity of the sin(.) and cos(.)
functions. In the previous expression, w̃c(m, n) is the
measured interferometric phase, wc(m, n) is the true unam-
biguous interferometric phase, ac(m, n) is the interferometric
amplitude, h(m, n) is the height profile and ac ¼ 4pBc

⊥/
(lcR0sinu), lc being the wavelength, Bc

⊥ the orthogonal base-
line measured along the direction orthogonal to the range, u
the view angle and R0 the distance from the centre of the
scene. Since w̃c(m, n) is ambiguous to within-integer multiples
of 2p, it is said to be wrapped. Now let W{.} indicate the non-
linear wrapping operator given by:

w̃c(m, n) = W{wc(m, n)}

= atan2 Im(ejwc(m,n)), Re(ejwc(m,n))
( )

[ −p, p] ],
(2)

which wraps the absolute phase wc(m, n) into the principal
interval ] 2 p,p] and outputs the wrapped phase w̃c(m, n).
Owing to decorrelation effects and to the presence of
speckle [14], the observed interferometric phase is also
affected by noise. The multichannel PU problem consists of
inferring the value of the ground height h(m, n) over the
entire imaged scene, using the M × N × C noisy observations
of the modulo 2p mapped interferometric phase (or wrapped

phase) w̃c:

w̃c(m, n) = W{wc(m, n) + vc(m, n)}, (3)

where vc(m, n) describes the phase noise that enters the system
through the nonlinear wrapping operator, which is assumed
to have the well-known probability density function (pdf)
depending on the interferogram coherence [14]. The inversion
of (3), which is the core element of the PU process, is an ill-
posed problem where many solutions may correspond to a
given interferogram. To overcome the obstacle, some
additional a priori information must be introduced; this is
accomplished hereinafter through the introduction of a state
model describing spatial variation of the phase within the
SAR interferogram.

I I I . M U L T I C H A N N E L P U
A L G O R I T H M

In this section, the PU problem is reformulated in state-space
form; to this end, we provide a state-space representation of
spatial variation of phase signal and we also provide a non-
linear observation model that expresses the relation between
the true absolute phase and the observable (noisy corrupted)
wrapped phase.

A) State-space model
Let x(m, n) ¼ [h(m, n) hx(m, n) hy(m, n)]T be the state vector
at pixel (m, n), where h(m, n) is the height profile, hx(m, n) is
the height slope along the x direction, and hy(m, n) is the
height slope along the y direction. The PU problem is inher-
ently an ill-posed problem because different solutions may
correspond to a single observed SAR interferogram; this
effect becomes even more severe due to the presence of
height discontinuities and phase noise. Consequently, the
PU problem has to be constrained introducing some smooth-
ness or regularity assumptions on the surface to be recon-
structed. The Kalman filter fulfills this requirement offering
an effective way to express the relationship between a pixel
and its neighborhood in terms of state-space models. A
simple way to do this is to consider the height at a given
pixel as the contribution of the height and the height slope
of the L unwrapped pixels around the pixel of interest; thus,
the state-space model adopted in this paper, which can be
applied both in the forward and backward recursion of the
extended Kalman filter, is:

x(m, n) = 1
L

∑
(k,j)[Wd>I

1 m − k n − j

0 1 0

0 0 1

⎡
⎢⎣

⎤
⎥⎦

× x(k, j)g(k, j) + v(m, n),

(4)

where I is the rectangular grid previously defined, Wd denotes
the pixels within a d × d window around pixel (m, n) and the
function g(k, j) equals one if the corresponding pixel has
already been unwrapped and zero otherwise. The noise
vector v accounts for the process noise and is modeled as a
zero mean vector with covariance matrix Q. The predicted
covariance matrix P2 to be used in the Kalman filter can be
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calculated from (4):

P−(m, n) = 1
L2

∑
(k, j)[Wd>I

1 m − k n − j

0 1 0

0 0 1

⎡
⎢⎣

⎤
⎥⎦

× P(k, j)

1 m − k n − j

0 1 0

0 0 1

⎡
⎢⎣

⎤
⎥⎦

T

g(k, j) + Q(m, n).

(5)

B) Multichannel observation model
The measurement equation (2) presents a high degree of non-
linearity; in addition, the phase noise is subject to a wrap-
around effect that circularly shifts the phase noise samples
in the interval ]2p,p]. For the given reasons, (2) is not well
suited as a basis for the design of an extended Kalman filter.
Instead, we adopt the nonlinear observation model proposed
in [4] which renders the PU problem tractable by the extended
Kalman filter, providing a good filter performance as well. In
order to formulate the measurement model for the multi-
channel configuration, we first have to express the measure-
ment equation at pixel (m, n) for the cth channel. With no
loss of generality, and without altering the phase statistic of
the observations, the sought after nonlinear observation
model is achieved normalizing the amplitude of the complex
SAR interferogram and then forming the vector made by
the normalized in-phase and quadrature components of the
complex interferogram (1), as shown:

zc(m, n) =
Re

uc(m, n)
ac(m, n)

{ }

Im
uc(m, n)
ac(m, n)

{ }
⎡
⎢⎢⎣

⎤
⎥⎥⎦ =

cos(ach(m, n))

sin(ach(m, n))

[ ]

+ wc(m, n), c = 1, 2, . . . , C, (6)

where zc(m, n) is the measurement vector at pixel (m, n), and
the measurement noise samples wc(m, n) are modeled as inde-
pendent random vectors with zero mean and covariance
matrix Rc(m, n). The linearized measurement matrix for
each single channel is given by:

Hc(m, n) = d
dx

Re
uc(m, n)
ac(m, n)

{ }

Im
uc(m, n)
ac(m, n)

{ }
⎡
⎢⎢⎣

⎤
⎥⎥⎦
∣∣∣∣∣∣∣∣

x̂.(m,n)

= ac
− sin(acĥ−(m, n)) 0 0

cos(acĥ−(m, n)) 0 0

[ ]
,

c = 1, 2, . . . , C, (7)

where ĥ−(m, n) is the predicted ground height computed
using equation (4). In principle, due to the periodic nature
of the sine and cosine functions in (6), the sole information
coming from the in phase and quadrature components of
the complex interferogram together with the state model in
(4), does not suffice to completely resolve the ambiguity

problem except when Itoh’s condition is only slightly violated
or when it is not violated at all. In order to overcome this
limitation, the approach proposed in this paper tries to
combine the advantages of the Bayesian estimation, guaran-
teed by the Kalman filter, to the already proven effectiveness
of the maximum likelihood height estimator (MLHE)
described in [5] for resolving the phase ambiguity due to
highly sloped height profiles eventually characterized by
strong discontinuities. At each pixel (m, n), the ML height
estimate is the value of h that maximizes the multichannel
likelihood function, and can therefore be expressed as:

ĥML(m, n) = arg max
h

∏C

i=1

L wi(m, n)|h(m, n)
( )

, (8)

where h(m, n) is the height profile to be estimated and

L(wi(m, n)|h(m, n)) = 1 − |g|2
2p(1 − |g|2 cos2 (wi −aih))

× 1+ |g| cos (wi −aih) cos−1 [− |g| cos (wi −aih)]

[1 − |g|2 cos2 (wi −aih)]1/2

{ }
(9)

is the pdf [14] (i.e. the single-channel likelihood function for
the ith channel) of the measured wrapped wi given the
actual phase aih. In the expression of the single-channel like-
lihood function (9), g is the coherence coefficient whose value
is determined by the decorrelation effects responsible for the
differences between the couple of SAR images that originated
the interferogram.

In our approach, the ML estimate (8) is considered as a
supplementary pseudo-measurement to be used in the
Kalman filter update step. Equations (6) and (8) describe
the set of all of the available measurements for the nonlinear
multisensor data fusion problem defined by the expressions
in (4) and (7). Now, we move to the expression of the global
observation model for the multibaseline configuration, in
which we bring together all of the available observations
coming from the C acquisition channels and the ML height
estimate (the latter eventually filtered by means of a median
filter). The proposed approach to deal with the multisensor
data fusion problem is to combine the observations into a
single composite observation model. To this end, using (6),
(7), and (8), we introduce the (2C + 1) × 1 composite obser-
vation vector:

z(m, n) = [ĥML(m, n) zT
1 (m, n)zT

2 (m, n) · · · zT
C(m, n)]T

(10)

and the composite linearized observation matrix of size (2C +
1) × 3:

H(m, n)

= [HT
ML(m, n) HT

1 (m, n) HT
2 (m, n) · · · HT

C(m, n)]T ,

(11)

where HML(m, n) ¼ [1 0 0]. Finally, the composite noise
vector w of size (2C + 1) × 1 and its covariance matrix R of
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size (2C + 1) × (2C + 1) are given respectively by:

w(m, n) = [wML(m, n) wT
1 (m, n) wT

2 (m, n) wT
C(m, n)]T

(12)

and

R(m, n) = E[w(m, n)wT (m, n)]

=

RML(m, n) 01×2 01×2 01×2 01×2

02×1 R1(m, n) 02×2 02×2 02×2

02×1 02×2 R2(m, n) 02×2 02×2

02×1 02×2 02×2
. .
.

02×2

02×1 02×2 02×2 02×2 RC(m, n)

⎡
⎢⎢⎢⎢⎢⎢⎣

⎤
⎥⎥⎥⎥⎥⎥⎦

,

(13)

where RML(m, n) is the variance of ML estimate of height h.

C) Data fusion algorithm based on extended
Kalman Smoother (EKS)
The multichannel PU algorithm described here is an EKS,
which is a two-step technique for nonlinear fixed-interval
smoothing consisting of a forward recursion and a backward
recursion both followed by a smoothing step which yields the
desired smoothed estimate. On the other hand, the fusion of
the noisy interferometric data is automatically obtained,
thanks to the composite observation vector in (10). The exten-
sion of the Kalman filter algorithm to the two-dimensional
case requires the introduction of a scanning pattern for the
M × N SAR interferograms, for example, we may consider
this scanning pattern: left to right, advance one line, then
right to left. We can formally model an arbitrary scanning
pattern by rearranging the pixels in each of the interferograms
with the reordering function f : (m, n) [ I � k [ {1,2, . . . ,
M × N}. Now, adopting a 1D notation, the two-dimensional
nonlinear fixed-interval smoother can be summarized as
follows:
where x̂f (k|k − 1) and x̂b(k|k + 1), denoting the forward and
backward estimate of the state vector, respectively, are evaluated
using (4), whereas their covariance matrices Pf (k|k − 1),
Pb(k|k + 1) are evaluated using (5), ẑ f (k|k − 1) and
ẑb(k|k + 1) are the forward and backward predicted measure-
ments calculated using (6) and (10). The notation x̂f (k|j) indi-
cates the estimate of x(k) given the measurements z at pixels
1,2, . . . j, whereas the notation x̂b(k|j) indicates the estimate
of x(k) given the measurements at pixels MN, MN-1, . . . , j. In
Table 1, x̂(k) is the smoothed estimate and P(k) is the error
covariance matrix of the smoothed estimate. The initial con-
ditions for backward recursion are derived from the last two
equations of the smoothing step imposing the following con-
ditions x̂(MN) = x̂f (MN|MN) and P(MN) = Pf (MN|MN).

D) Filter initialization
Correct filter initialization should guarantee that the covari-
ance associated with the initial estimate reflects realistically
its accuracy; in other words, the error in the initial state esti-
mate has to be consistent with the initial state covariance.
According to the Bayesian model, the initial state estimate is

assumed to be a normally distributed random variable with
a known mean and covariance matrix. A practical way to
implement consistent filter initialization is by means of the
two-point differencing method. Consider the phase measured
at the two adjacent pixels around the first pixel (i.e. k ¼ 1) of
the scanning pattern defined by the function f, and supposing
that the first pixel is x̂f (1) = x̂f (1, 1) then:

x̂f (0|0) = 1
al

wl(1, 1)
wl(2, 1) − wl(1, 1)
wl(1, 2) − wl(1, 1)

⎡
⎣

⎤
⎦ (14)

and the corresponding covariance matrix is:

Pf (0|0) = s2
l

a2
l

1 1 1
1 2 1
1 1 2

⎡
⎣

⎤
⎦, (15)

where it is assumed that channel l is the channel with the
lowest variance. The forward filter starts updating the state
estimate at k ¼ 2.

I V . N U M E R I C A L R E S U L T S

In this section, we report the experimental results carried out
on simulated interferometric data. Three different elevation
profiles have been set-up for the purpose of testing different
characteristics of the PU algorithm. In the first test case, we
use a Gaussian surface in order to check the capability of
the proposed method to phase unwrap smooth areas.

The second test case reproduces discontinuities that are
typical of the urban environment and is henceforth meant
to investigate whether the proposed multichannel PU tech-
nique is able to resolve ambiguities due to steep phase
jumps (e.g. buildings). The concluding test case evaluates
the performance of the proposed method on more realistic

Table 1. Summary of nonlinear fixed-interval smoother for multichannel
InSAR phase unwrapping.

Forward recursion
Initialization:
x̂f (0|0) = E[x(0)]

Pf (0|0) = E[(x(0) − x̂f (0|0))(x(0) − x̂f (0|0))T ]
for k ¼ 1,2, . . . , MN
Kf(k) ¼ Pf(k|k 2 1)HT(k)(H(k)Pf (k|k 2 1)HT(k) + R(k))21

x̂f (k|k) = x̂f (k|k − 1) + K f (k)(z(k) − ẑ f (k|k − 1))
Pf(k|k) ¼ (I 2 Kf(k)H(k))Pf(k|k 2 1)

Backward recursion
Initialization:
x̂b(MN|MN + 1) = x̂f (MN|MN)
Pb(MN|MN + 1) ¼1 (select some large value)
For k ¼MN, MN 2 1, . . . ,1
Kb(k) ¼ Pb(k|k + 1)HT(k)(H(k)Pb(k|k + 1)HT(k)+R(k))21

x̂b(k|k) = x̂b(k|k + 1) + Kb(k)(z(k) − ẑb(k|k + 1))
P_b(k|k) ¼ (I 2 K_b(k)H(k))Pb(k|k + 1)
Smoothing step
for all k [ {1,2, . . . , MN}
K(k) ¼ Pb (k|k + 1)(Pf(k|k) + Pb(k|k + 1))21

x̂(k) = K(k)x̂f (k|k) + (I − K(k))x̂b(k|k + 1)
P(k) ¼ (Pf

21(k|k) + Pb
21(k|k + 1))21
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interferometric SAR data, generated from the real DEM of the
mountainous area around Isolation Peak, CO, USA, available
in [15], which has been often considered as a test case for eval-
uating SAR PU algorithms performance (see [5, 9, 11, 12]).
The availability of true height profile allows us to precisely
quantify the accuracy of the proposed technique. All the
phase patterns, simulated using the ENVISAT-ASAR par-
ameters of Table 2 in model (1), are corrupted by a decorrela-
tion phase noise with the statistical distribution (9) described
in [14] corresponding to a coherence value of g ¼ 0.5 for all
the acquisitions and according to models (2) and (3). Owing
to the low coherence value, the phase profiles are quite diffi-
cult to be correctly unwrapped using the single-channel
approach. The results obtained with the proposed method
using the 20 baselines of Table 2 are compared to the single-
channel version of our algorithm described in [13] and to the
MLHE described in [5]; for the sake of comparison the follow-
ing results will be referred to the reference channel (i.e.
channel 1). In the EKS algorithm, a 3 × 3 (i.e. d ¼ 3) pixels
window Wd and the scanning pattern mentioned earlier (i.e.
left to right, advance one line, then right to left) are selected.
The amount of process noise Q in expression of the state pre-
diction covariance matrix (5) can be set according to the

Table 2. Envisat-ASAR parameters and baselines.

Wavelength 0.0566 m
View angle 238
Range distance 850 km
Orthogonal baseline 1 (channel 1) 872 m
Orthogonal baseline 2 (channel 2) 811 m
Orthogonal baseline 3 (channel 3) 795 m
Orthogonal baseline 4 (channel 4) 723 m
Orthogonal baseline 5 (channel 5) 679 m
Orthogonal baseline 6 (channel 6) 630 m
Orthogonal baseline 7 (channel 7) 587 m
Orthogonal baseline 8 (channel 8) 554 m
Orthogonal baseline 9 (channel 9) 513 m
Orthogonal baseline 10 (channel 10) 498 m
Orthogonal baseline 11 (channel 11) 457 m
Orthogonal baseline 12 (channel 12) 421 m
Orthogonal baseline 13 (channel 13) 369 m
Orthogonal baseline 14 (channel 14) 312 m
Orthogonal baseline 15 (channel 15) 288 m
Orthogonal baseline 16 (channel 16) 257 m
Orthogonal baseline 17 (channel 17) 196 m
Orthogonal baseline 18 (channel 18) 154 m
Orthogonal baseline 19 (channel 19) 133 m
Orthogonal baseline 20 (channel 20) 115 m

Fig. 1. Gaussian phase surface. (a) True (noiseless) phase referred to ch. 1, (b) true horizontal phase slope referred to ch. 1, (c) true vertical phase slope referred to
ch. 1, (d) noisy wrapped phase acquired through ch. 1, (e) estimated phase referred to ch. 1 (single-channel EKS using baseline 1), (f) estimated phase referred to
ch. 1 (multichannel EKS using 20 SAR interferograms, baselines 1–20), (g) estimated phase referred to ch. 1 (MLHE using 20 SAR Interferograms, baselines 1–20).
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maximum expected variation of the true absolute phase slope
in the interferogram; we observed that Q ¼ diag(0.2, 0.5, 0.5)
gives satisfactory results.

In relation to the first test case, the main characteristics of
the Gaussian phase surface for the first acquisition channel
(this will be referred to as the reference channel) correspond-
ing to orthogonal baseline 1, are shown in Fig. 1(a)–1(c). The
noisy interferogram acquired through the reference channel is
shown in Fig. 1(d), whereas the comparison between the
single-channel EKS PU algorithm [13] and the multichannel
algorithm proposed here is presented in Figs 1(e) and 1(f).
Owing to the presence of noise and the phase wraparound
effect, the single-channel approach fails the unwrapping
process, on the other hand the success of the proposed
method becomes apparent from Fig 1(f). The mean square
error of the reconstructed height is 3.78 m.

The second test case is related to a discontinuous height
profile. The true unwrapped phase profile, the true horizontal,
and the vertical slopes of the second test case are depicted in
Figs 2(a)–2(c), respectively. A number of pixels that

abundantly violate the unambiguous phase difference con-
dition are presented in this image (Figs 2(b) and 2(c)), due
to this the single-channel EKS PU algorithm [13] is not able
to perform PU of the current height profile (Fig. 2(e)),
whereas the new multichannel approach can overcome this
problem. In Figs 2(e) and 2(f), we compare the results
obtained with the single channel of [10] and the multichannel
approach (Fig. 2(f)) proposed here, respectively. It can be seen
that the reconstructed phase profile appears very similar to the
reference one of Fig. 2(a); the resulting mean square error of
the height estimate is 3.57 m.

The third test case is related to the real scene around iso-
lation peak [15]. The true phase profile of the third dataset,
referred as usual to the reference channel, is shown in
Fig. 3(a). In addition, the true horizontal and the vertical
slopes are presented in Figs 3(b) and 3(c), respectively.
Figure 3(d) shows the noisy corrupted wrapped phase
acquired by the reference channel. The reconstructed phase
profile, again referred to the first acquisition channel and
obtained with the single-channel version of the EKS PU

Fig. 2. Urban phase surface. (a) True (noiseless) phase referred to ch. 1, (b) true horizontal phase slope referred to ch. 1, (c) true vertical phase slope referred to
ch. 1, (d) noisy wrapped phase acquired through ch. 1, (e) estimated phase referred to ch.1 (single-channel EKS using baseline 1), (f) estimated phase referred to
ch. 1 (multichannel EKS using 20 SAR interferograms, baselines 1–20), (g) estimated phase referred to ch. 1 (MLHE using 20 SAR Interferograms, baselines 1–20).
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Fig. 3. Realistic phase surface available in [11]. (a) True (noiseless) phase referred to ch.1, (b) true horizontal phase slope referred to ch. 1, (c) true vertical phase slope
referred to ch. 1, (d) noisy wrapped phase acquired through ch. 1, (e) estimated phase referred to ch. 1 (single-channel EKS using baseline 1), (f) estimated phase referred
to ch. 1 (multichannel EKS using 20 SAR Interferograms, baselines 1–20), (g) estimated phase referred to ch. 1 (MLHE using 20 SAR Interferograms, baselines 1–20).
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algorithm [13], is shown in Fig. 3(e) and it presents some arti-
facts due to the strong noise affecting the phase together with
the phase wraparound effect. Figure 3(f) presents the recon-
structed phase obtained using the newly proposed multi-
channel PU algorithm with seven SAR interferograms; it is
apparent that the introduction of multibaseline observations
permits reliable estimation of the phase profile even in the
presence of low coherence data. The mean square error of
the reconstructed height is 3.51 m.

V . C O N C L U S I O N S

In this paper, the potentiality of the Kalman filter to perform
DEM estimation of the observed scene from multibaseline
interferometric SAR signals has been investigated. The pro-
posed method optimally fuses the information coming from
the MLE with the interferometric data. Also exploiting the
spatial information of the neighboring pixels, the proposed
method brings together the advantages of the MLHE and
those of the Bayesian estimation provided by the Kalman
filter. Numerical results have proved the capability of the pre-
sented algorithm of performing both PU and phase noise
reduction in a single step. Moreover, its capability of recon-
structing a larger class of height profiles, overcoming the limit-
ations induced by the presence of large phase discontinuities,
has been shown. From the numerical point of view, the pre-
sented method is efficient enough and certainly acceptable
in terms of computing speed, since it does not require an accu-
rate numerical maximization of non-convex objective func-
tions. In the case of high sloped or urban areas, only a
rough ML estimate of height profile is required.
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