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Abstract: Synthetic aperture radar tomography (TomoSAR) is a useful tool for retrieving the
three-dimensional structure of buildings in urban areas, especially for datasets with a high spatial
resolution. However, among the previous TomoSAR estimators, some cannot retrieve the 3-D
structure of objects with a high elevation resolution, some cannot maintain the spatial resolution,
and some require the selection of a hyperparameter. To overcome these limitations, this paper
proposes a new nonparametric iterative adaptive approach with a model selection tool based on the
Bayesian information criterion (IAA-BIC) for the application of TomoSAR in urban areas. IAA-BIC
employs weighted least squares to acquire a high elevation resolution and works well for both
distributed and coherent scatterers, even with single-look. Concurrently, IAA-BIC does not require
the user to make any difficult selection regarding a hyperparameter. The proposed IAA-BIC estimator
was tested in simulated experiments, and the results confirmed the advantages of the IAA-BIC
estimator. Moreover, the three-dimensional structure of the Hubei Science and Technology Venture
building in Wuhan, China, was retrieved through the IAA-BIC method with nine very high spatial
resolution TerraSAR-X images. The height estimation accuracy for this building was about 1% and
4% relative to its real height for single-look and multi-look, respectively. In addition, a comparison
between the IAA-BIC estimator and some of the typical existing TomoSAR estimators (Capon, MUSIC,
and compressed sensing (CS)) was also carried out. The results indicate that the IAA-BIC estimator
obtains a better resolution for coherent sources than Capon and MUSIC; notably, the IAA-BIC
estimator obtains a similar performance to CS, but in less computation time.

Keywords: IAA; IAA-BIC; SAR tomography (TomoSAR); urban areas; three-dimensional structure

1. Introduction

Recently, the launch of a new generation of SAR satellites (e.g., TerraSAR-X, TanDEM-X,
and COSMO-SkyMed) has provided us with many high spatial resolution SAR datasets [1–3]. This
offers an unprecedented chance to identify and model three-dimensional (3-D) urban infrastructures

Remote Sens. 2018, 10, 1004; doi:10.3390/rs10071004 www.mdpi.com/journal/remotesensing

http://www.mdpi.com/journal/remotesensing
http://www.mdpi.com
https://orcid.org/0000-0003-4461-068X
https://orcid.org/0000-0003-1277-564X
https://orcid.org/0000-0001-9816-8562
https://orcid.org/0000-0003-4293-3354
http://www.mdpi.com/2072-4292/10/7/1004?type=check_update&version=1
http://dx.doi.org/10.3390/rs10071004
http://www.mdpi.com/journal/remotesensing


Remote Sens. 2018, 10, 1004 2 of 17

(e.g., structure, shape, and texture), owing to the weather-independent characteristics of the SAR
sensors. However, due to the side-looking imaging geometry, the severe layover and foreshortening
effects impede the 3-D infrastructure modeling in urban areas when using the classical interferometric
SAR (InSAR) techniques [4].

The synthetic aperture radar tomography (TomoSAR) technique has been confirmed as a useful
and advanced tool to solve this problem, given its ability in three-dimensional imaging [5–7]. Notably,
the TomoSAR synthesizes an additional aperture along the elevation direction through a combination
of multi-baseline acquisitions, in addition to the formation of the conventional aperture in the
azimuth-range plane. Therefore, TomoSAR can separate different scatterers in one resolution cell;
accordingly, it is theoretically capable of retrieving the 3-D structure of objects, even for cells affected
by layover and foreshortening.

To date, various spectral analysis methods have been developed for TomoSAR to perform
tomography inversion. These methods can be divided into three groups: (1) nonparametric spectral
estimation [8–13], (2) parametric spectral estimation [14–20], and (3) the compressive sensing (CS)
approach [21–32]. Each of the three groups of TomoSAR methods have their respective advantages
and drawbacks. For instance, the nonparametric spectral estimators (e.g., beamforming [8,12] and
Capon [9,12]) are robust to focusing artifacts but obtain a low elevation resolution. The parametric
spectral estimators, such as multiple signal classification (MUSIC) estimator [14], the maximum
likelihood (ML) estimators [15], and the weighted subspace fitting (WSF) estimators [15,16], can obtain
a better elevation resolution than the nonparametric spectral estimators. On the other hand, they do
require some prior information input, such as the number of scatterers, resulting in their sensitivity to
the model error. Moreover, multi-look is required to estimate the sample variance matrix in most of
the nonparametric and parametric spectral estimators, degrading the spatial resolution of the inversed
3-D structure map in both the azimuth and slant-range directions. It is important to maintain the
azimuth-range resolution to observe the inherent scale of urban infrastructures, especially for high
spatial resolution SAR images. In addition, coherent scatterers are frequently encountered in urban
areas, and some estimators such as Capon and MUSIC show degraded performances in the case of
coherent sources [15,16]. The compressed sensing (CS) method can achieve super-resolution along
the elevation direction without any prior information and can maintain the spatial resolution with
single-look. However, it requires the user to select the hyperparameter, which directly affects the
performance of CS. If this value is too small, it can lead to overfitting, whereas too large of a value
can lead to underfitting. In practice, the user needs to adjust this value repeatedly until a good
performance is obtained, which can be time intensive. In summary, the aforementioned estimators
are not hyperparameter-free and cannot retrieve the 3-D structure of objects with a high elevation
resolution while simultaneously maintaining the spatial resolution.

To overcome the above-mentioned limitations of the existing TomoSAR estimators, we propose
a new nonparametric iterative adaptive approach (IAA) with a model selection tool based on the
Bayesian information criterion (BIC) to retrieve the 3-D structure of urban infrastructures, which is
referred to as IAA-BIC. IAA-BIC is the post-processing result of IAA through the use of the BIC-based
model-order selection tool to remove spurious, insignificant estimations. The proposed IAA-BIC
method offers several benefits that the existing TomoSAR estimators cannot provide. Firstly, it
can estimate the power of the reflectivity along the elevation direction without requiring any prior
knowledge by the weighted least squares approach [33,34]. Secondly, the IAA method performs well
for both distributed and coherent scatterers with either a few multiple looks or single-look, which can
maintain the spatial resolution. Thirdly, the IAA-BIC estimator can give sparse point detection results,
without requiring any difficult selection of hyperparameter.

The aim of this study is to provide a hyperparameter-free sparse spectral estimation method which
offers high elevation resolution power as well as maintains the spatial resolution for the application of
TomoSAR over urban areas.



Remote Sens. 2018, 10, 1004 3 of 17

2. Methodology

2.1. Overview of the TomoSAR Imaging Model

Through multiple baseline observations of SAR over the same area at different times and
slightly different incidence angles, a stack of N SAR images can be obtained. For the nth image
after co-registration, deramping, and phase calibration with respect to a common master image,
the focused complex value yn(l) at an arbitrary pixel (x0, y0) can be expressed as [6]:

yn(l) =
∫

γs(l) exp (−j2πξns)ds (1)

where l = 1, · · · , L indicates one of the L independent realizations of the signal acquisition. In other
words, L equates the number of looks. γs(l) represents the complex reflectivity along the elevation
direction s, and j is the plural unit. ξn is the spatial frequency, which depends on the perpendicular
baseline bn, the slant range between the master image and the pixel r, and the wavelength λ, and is
written as:

ξn =
−2bn

λr
(2)

The continuous-space system model of (1) shows that the multi-baseline acquisitions can be
regarded as a randomly sampled Fourier transform of γs(l). Thus, we can define ρs = λr

2∆b as
an inherent Rayleigh resolution for the elevation, where ∆b is the total baseline span [6,19].

By discretizing the continuous reflectivity γs(l) with D intervals along the elevation s, the system
model (1) can be approximately written as [6]:

y(l) = Ax(l) + e(l) (3)

where y(l) is the vector of the N observation measurements; x(l) is the unknown discrete reflectivity
vector with D elements with xd(l) = γsd(l) and sd(d = 1, · · · , D) represent the discrete height position;
e(l) is the noise vector that contains N elements; and A is named an N × D steering matrix with
A = [a(s1), · · · , a(sD))]. The steering vector a(sd) is given by:

a(sd) = [exp (−j2πξ1sd), · · · , exp (−j2πξNsd)]
T (4)

where (·)T represents the transpose operator of a vector or a matrix.
If K scatterers existed in one resolution cell, their elevation positions could be estimated through

detecting the coordinates of K largest local maxima of the reflectivity power, expressed as follows [16]:

sk = argmaxs,loc

{
1
L

L

∑
l=1
|xd(l)|2

}D

d=1

(k = 1, · · · , K) (5)

We can then obtain the vertical height hk perpendicular to the horizontal plane by a simple
transformation factor, as follows:

hk = sk × sinθ (6)

where θ is the incidence angle of the radar.

2.2. IAA-BIC TomoSAR Method

In urban areas, there are usually a few scatterers inside one resolution cell, which is much less
than the discrete interval number along the vertical direction (that is, K << D). As a result, the complex
reflectivity coefficients can be considered as a sparse source along the elevation. Thus, we propose the
IAA-BIC TomoSAR method. IAA-BIC consists of two steps [33]. We first apply the IAA algorithm to
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obtain the reflectivity estimation. We then use the model-order selection tool, which is based on BIC,
to remove spurious, insignificant estimations, obtaining the final result.

Let P be a D × D diagonal matrix, whose diagonal contains the power of reflectivity at each
elevation location. The dth diagonal element pd can be expressed as:

pd =
1
L

L

∑
l=1
|xd(l)|2 (7)

From Equation (5), it is found that the diagonal elements of the weight matrix P are the parameters
of interest.

For the TomoSAR imaging model (3), the covariance matrix of y(l) can be given by:

R = E(y(l)y∗(l)) , APA∗ (8)

where E(·) is the expectation operator; and (·)∗ represents the conjugate transpose operator of a vector
or a matrix.

IAA is a nonparametric iterative adaptive algorithm based on the weighted least squares (WLS)
approach [33,34]. The WLS cost function of Equation (3) is given by:

f =
L

∑
l=1
‖y(l)− xd(l)ad‖2

Q−1
d

(9)

where ‖z‖2
Q−1

d
, z∗Q−1

d z. Qd is the noise covariance matrix, which can be defined as:

Qd = R− pdada∗d (10)

where ad = a(sd), is the dth column vector of steering matrix A.
Minimizing (9) with respect to xd(l) yields:

xd(l) =
a∗dQ−1

d y(l)

a∗dQ−1
d ad

(11)

Using (10) and the matrix inversion lemma, the above equation can be written as:

xd(l) =
a∗dR−1y(l)
a∗dR−1ad

(12)

By inspecting (7), (8) and (12), parameter xd(l) needs the covariance matrix R, the covariance
matrix R depends on the weight matrix P and the weight matrix P also requires parameter xd(l).
Accordingly, this approach must operate in an iterative way.

Omitting the iteration index for simplicity, the Equation (12) can be rewritten as [34]:

xd(l) = wdy(l); wd =
a∗dR−1

a∗dR−1ad
(13)

Then, the diagonal element pd of the weight matrix P can be rewritten as [34]:

pd = wdR̂w∗d (14)

where R̂ = 1
L ∑L

l=1 y(l)y(l)∗, is the sample covariance matrix.
Thus, the iterative process can be also carried out as “Iteration” in Figure 1. The “convergence”

in Figure 1 means ‖Pcurrent − Pprevious‖/‖Pprevious‖ ≤ 10−4, indicating that the iteration process is
terminated when the current estimates of P for the last two iterations remain almost constant. From
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Equation (5), it is found that the scatterers positions depend on the reflectivity power estimations.
During the iterative process, there is no need to estimate the scatterers positions and they can be
directly obtained from the final results of powers.

Model-order selection [35–37], which is based on Information Theoretic Criteria (ITC), is a useful
tool to clean the estimation of spurious, insignificant scatterers, giving the most likely number of
point scatterers along the elevation inside an azimuth-range pixel [18,24]. Furthermore, BIC [36,38,39]
has been demonstrated to be one of the best penalized likelihood criteria for model-order selection
schemes in tomographic applications [19]. Accordingly, we incorporated a model-order selection tool,
which is based on BIC, into the IAA algorithm, obtaining the sparse estimation without requiring any
difficult selection of hyperparameter.

Let Ω denote a set that contains the peak indices of the reflectivity power {pd}D
d=1 and Γ denotes

the set of the peak indices selected by the BIC algorithm so far.
The IAA-BIC algorithm works as shown in Figure 1:

(1) The parameters x(l) and P are estimated from the IAA algorithm.
(2) Detect all peaks of the reflectivity power and put their indices into Ω. Initializes Γ as an empty

set ∅.
(3) The first peak is selected from the set Ω according to the minimum BIC value and put its index

into Γ.
(4) The ith peak, from the set Ω− Γ, which, together with the selected peaks, gives the minimum

BIC, is determined and so on until the BIC value does not decrease anymore. Throughout the
loop, keep updating Γ by putting the index of the selected peak.

(5) The selected peak indices and their corresponding reflectivity power are the final
estimated results.

The BIC value is calculated as follows [35,38]:

BICi(η) = 2NL ln (
L

∑
l=1

∥∥∥∥∥∥y(l)− ∑
j∈{Γ∪i}

ajxj(l)

∥∥∥∥∥∥
2

2

) + 3η ln (2NL) (15)

where η = |Γ| + 1, and |Γ| denotes the size of the set Γ, i is the index of the current peak under
consideration.

{
xj(l)

}L
l=1 is the reflectivity estimate corresponding to elevation position sj, j ∈ {Γ ∪ i}.

Finally, after obtaining final reflectivity power estimation, we can calculate the scatterers’ elevation
positions through Equation (5).
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3. Numerical Examples

On the basis of the acquisition parameters described in Section 4 (see Table 1 and Figure 5),
simulated experiments were performed to investigate the advantages of the proposed approach.

Distributed scatterers are characterized by a scattering response with a random behavior that is
disturbed by the speckle. For coherent scatterers, the backscattering signal is roughly stable over all
the observations [14–16]. According to the aforementioned statistical information, a hybrid signal was
assumed, including two distributed scatterers whose heights were 0 m and 15 m, respectively, and two
deterministic scatterers located at 5 m and 10 m. The tomographic inversion was carried out in the
different simulated experiments on the extent of the elevation profile.

(1) Considering that the classical spectral estimators (Capon and MUSIC) are only suitable for
multi-look, a comparison of the reconstruction performance between IAA-BIC and the classical
spectral estimators (Capon and MUSIC) is presented for a simulated signal with 25 looks.

(2) In urban areas, CS is generally applied with single-look, maintaining the spatial resolution.
Thus, a comparison of the reconstruction performance between IAA-BIC and CS is presented for
a simulated signal with single-look.

On the basis of the above simulations, some observations can be made.

(1) For the profile reconstruction with multi-look (L = 25), the Capon algorithm clearly detected the
two distributed scatterers, but failed to discriminate the two coherent scatterers (see Figure 3a).
This situation was also seen in the performance of MUSIC. Although MUSIC obtained a higher
elevation resolution and less sidelobe than Capon, it also could not detect the two coherent
scatterers (see Figure 3b). However, the IAA-BIC estimator succeeded in recognizing these four
scatterers (see Figure 3c). This suggests that IAA-BIC can work well for both distributed and
coherent sources, but both Capon and MUSIC showed a degraded performance in the case of
coherent sources.

(2) For the sparse profile reconstruction with single-look (see Figure 2), IAA-BIC obtained the height
of the four scatterers accurately, without requiring any selection of hyperparameter. This shows
that IAA-BIC can obtain a reliable sparse estimation, even with single-look. As for the CS method,
its performance depends on the hyperparameter. If this value is not suitable, there will be
sidelobes (three red circles in Figure 2b) as well as some elevation estimation bias (two green
circles in Figure 2b). When the hyperparameter is appropriate, CS can discriminate the scatterers
with a high elevation resolution (as can be seen in Figure 2c). This means that CS requires us to
adjust the hyperparameter repeatedly until it obtains a good performance, leading to a high time
investment. In this study, the CVX solver [40] was used to solve the L1-norm minimization for
the CS estimator, thanks to its ease of implementation and compactness.

(3) According to Figures 3c and 2a, the IAA-BIC estimator can work well for both multi-look and
single-look. It is important to maintain the azimuth-range resolution to observe the inherent scale
of urban infrastructures, especially for high spatial resolution SAR images. However, in practice,
multi-look, which involves averaging pixels in the azimuth and/or range directions, reduces the
spatial (azimuth-range) resolution. This is an inappropriate way for the application of TomoSAR
over urban areas.
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On the basis of the above analysis, the IAA-BIC estimator can work well for both coherent and
distributed sources. Furthermore, it can also obtain a good performance in the case of single-look,
which can maintain the spatial resolution. In addition, it can obtain a sparse estimation without
requiring any difficult selection of hyperparameter, avoiding considerable computational consumption.

4. Real-Data Experiment and Results

A real spaceborne SAR dataset was applied in TomoSAR to retrieve the three-dimensional
structure of an urban infrastructure; this was performed to investigate the feasibility and effectiveness
of the IAA-BIC method in comparison to in-situ measurement.

4.1. Study Area and Dataset

The study area is located at the city of Wuhan, Hubei province, China (see Figure 4). Wuhan
(113◦41′ E–115◦05′ E, 29◦58′ N–31◦22′ N) is the capital of Hubei province and the largest metropolis
in central china, with an area of 8494.41 km2. The topography of the study area is relatively flat with
many high-rise buildings.
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Figure 4. (a) Geographic location of the study area overlaid on an optical image. The red rectangle
represents the footprint of the selected SAR images. (b) The intensity map of the determined master
SAR image acquired on 15 June 2015.

Table 1. Parameters of the TerraSAR-X dataset.

Polarization
Mode

Wavelength
(cm)

Incidence
Angle

Slant Range
(m)

Azimuth
Spacing (m)

Range Spacing
(m)

HH 3.10 31.003◦ 589,061.4613 0.17 0.45

We collected nine TerraSAR-X very high spatial resolution staring-mode images spanning from
28 June 2014, to 10 January 2016, over this study area. The parameters of the dataset are listed in Table 1.
The image acquired on 15 June 2015 was considered the master image. The spatial perpendicular
baselines with respect to the master track are shown in Figure 5.
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4.2. Results and Analysis

The Hubei Science and Technology Venture building (the red circle shown in Figure 4b) was
chosen from the study area as a test building for tomographic focusing. This building is located beside
the overpass at Luoshi Road (Figure 6a). The overpass appears to go through the selected building on
the geocoded SAR intensity map (Figure 6b), which suggests that layover has taken place. Accordingly,
it is expected to generate different scattering mechanisms.

According to multiple field-survey measurements taken at different angles with a hand-held laser
rangefinder, the building is 99 m high (26 floors). From the illumination direction map (Figure 7b),
only about one-third of the Hubei Science and Technology Venture building can be imaged on the SAR
images. The building features a glass wall (see Figure 7c). Given the smooth surface of the glass wall,
specular reflection occurs, and little echo can be received. Thus, four building walls and three gaps are
seen in the intensity map (Figure 7a).

An azimuth profile (the red line shown in Figure 7a) was selected as an example to undertake
tomographic focusing, which corresponds to the red polyline in Figure 7b. Figure 8 presents tomograms
of this profile estimated by the IAA-BIC estimator with single-look and multi-look (the number of looks
L = 25). The tomogram segments clearly show different scattering contribution patterns. The segment
near 25 m along the height corresponds to the building wall. The tomogram segments circled by the
yellow ellipses represent the ground scattering contribution. The multi-look IAA-BIC detected fewer
ground scatterers than the single-look IAA-BIC. Furthermore, there is no ground contribution between
the two yellow circles in Figure 8b, a result of the wall scattering which dominates this area as well
as the weak ground scattering. When the IAA-BIC estimator was applied to multi-look, it regarded
the ground scattering source as noise and suppressed it. Moreover, there were two scatterers for the
tomogram segment marked by the red circles, which resulted from the layover caused by the test
building and the overpass on Luoshi Road. This indicates that the IAA-BIC estimator can discriminate
two coherent scatterers. These two scatterers were considered as coherent scatterers because the
distributed scatterers presented a very poor performance in TomoSAR with temporal decorrelation.
In our case, the temporal decorrelation cannot be ignored, due to the significant time taken for the
acquisitions. In addition, the IAA-BIC estimator showed a similar performance with single-look and
multi-look. Although the tomogram of multi-look is more stable than that of single-look, the high
azimuth-range resolution is greatly reduced, which is undesirable.

We then obtained the tomograms in each resolution cell and estimated their heights. Figure 9
shows the reconstructed and color-coded elevation of the test building from the IAA-BIC estimator
with single-look and multi-look, respectively, visualized in two layers and overlaid with the intensity.
The first layer is the height of scatterers with a high reflectivity power, and the second layer is derived
from the scatterers with a low reflectivity power. This clearly shows that IAA-BIC obtains a similar
height estimation with both single-look and multi-look. However, slightly more bias existed in the
single-look results. For the first layer, the wall scatterers were the main contribution; their height varies
from low to high, which is consistent with the change trend from the ground to the roof. As for the
second layer, the overpass largely contributed to the scatterers.
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Finally, the building’s height could be obtained from the position difference between the roof and
the ground along the height. Table 2 gives the building’s height estimation and the corresponding
evaluation for the single-look and multi-look, respectively. This suggests that IAA-BIC obtains a high
estimation accuracy, relative to the real height, with both the single-look (relative error 0.76/99 = 1%)
and multi-look (relative error 3.26/99 = 4%). This indicates that the IAA-BIC method was highly
reliable in this study case. Furthermore, the single-look version obtained a much smaller estimation
error than the multi-look version because the single-look version could maintain the inherent scale of
the urban infrastructure. In contrast, the multi-look version averaged all the scales in the estimation
window, degrading the spatial resolution of the inversed 3-D structure map in both the azimuth and
slant-range directions. This also accounts for why we have developed and recommend the single-look
tomographic method for use in urban areas.
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Table 2. The absolute building height and estimation error obtained by IAA-BIC with single-look
and multi-look.

IAA-BIC Single-Look Multi-Look

Building height (m) 98.24 95.74
Estimation error (m) 0.76 3.26

The above analysis confirms that the IAA-BIC method is a reliable way to obtain the
three-dimensional structure of urban infrastructures, and it can work well even with single-look.
Although the results of the single-look version contained more bias than those of the multi-look
version, it retrieved a higher estimation accuracy.

5. Discussion

To further demonstrate the performance of the proposed IAA-BIC method, the classical
nonparametric spectral estimation method known as Capon, the classical parametric spectral
estimation method known as MUSIC, and the CS estimator were also used to undertake tomographic
focusing at the same azimuth profile (the red dashed line segment in the test zone, shown in Figure 7a).
The same parameters (estimation window, height range, and height sample interval) were used in
Capon, MUSIC, and the CS estimator.

5.1. Comparison between IAA-BIC and Capon

5.1.1. Theoretical Analysis

Capon, which is also known as “adaptive beamforming”, determines the weight vector by
minimizing the output power, subject to the constraint that the signal of interest is undistorted. For the
imaging model (Equation (3)), when the true covariance matrix R and ad are known, Capon can be
formulated as [12,41]:

min
P

P∗RP s.t. P∗ad = 1 (16)

The solution to the optimization problem is given by [12,41]:

wopt =
R−1ad

a∗dR−1ad
(17)

The spectrum of Capon is expressed as [12,41]:

P̂Capon = w∗optRwopt =
1

a∗dR−1ad
(18)

Note that the iterative equations of IAA-BIC are the same form as (17) and the denominator of (18),
respectively. In practice, the covariance matrix R in Capon is estimated from the sample covariance
matrix with R̂ = 1

L ∑L
l=1 y(l)y(l)∗. However, in IAA-BIC, the covariance matrix R is obtained from the

estimates of the previous iteration. Through this iterative process, the estimates are the closest to their
true values, which is impossible for Capon. Accordingly, IAA-BIC can obtain a better performance
than Capon.

5.1.2. Experimental Analysis

Figure 10 shows the tomograms estimated by Capon and IAA-BIC with multi-look (L = 25).
For the segment circled by the red ellipse, IAA-BIC successfully separated two coherent scatterers, but
Capon failed to discriminate them. Moreover, Capon obtained a biased estimation for the segment
marked by the yellow circles where the wall contribution dominates. These results indicate that
IAA-BIC can obtain a better elevation resolution than Capon.
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5.2. Comparison between IAA-BIC and MUSIC

5.2.1. Theoretical Analysis

MUSIC is a subspace-based technique which decomposes the covariance matrix R into its
eigenvalues and eigenvectors and then analyzes their properties. The MUSIC spectrum is obtained
as [14,41]:

P̂music =
1

aH
d GGHad

(19)

where G is the matrix of the noise subspace, which is determined by the N-K eigenvectors
corresponding to the N-K smallest eigenvalues of the covariance matrix R. K is the number of scatterers
in one resolution, which is the required prior information.

The estimation of covariance matrix R directly influences the performance of MUSIC. Similar
to Capon, the covariance matrix R in MUSIC is also estimated by the sample covariance matrix R̂.
This means that MUSIC cannot achieve the closest estimation of covariance matrix R. Moreover, when
different scatterer numbers K are inputted, MUSIC shows a different performance and is sensitive to
the model error. However, IAA-BIC does not require any prior information and can obtain the closest
estimate of the covariance matrix. Thus, IAA-BIC performs better than MUSIC.

5.2.2. Experimental Analysis

In this part, we assumed that the number of scatterers for the MUSIC estimator was two.
The tomograms of the azimuth profile were estimated by MUSIC and IAA-BIC with multi-look,
as shown in Figure 11. The IAA-BIC could successfully discriminate two coherent scatterers in the
region circled by the red ellipses, but MUSIC failed to do so. This suggests that IAA can obtain a good
elevation resolution in the case of coherent sources.
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5.3. Comparison between IAA-BIC and CS

5.3.1. Comparison of Estimation Accuracy

The two sparse TomoSAR estimators (IAA-BIC and CS) were applied to obtain the tomogram of
the azimuth profile with single-look (see Figure 12). For details of the CS algorithm, we refer the reader
to studies by Zhu et al. [19] and Budillon et al. [30]. Notably, the two estimators obtained tomograms
that ere the same apart from the section outlined by the red circles, in which IAA-BIC recognized
slightly more scatterers than CS. This is because IAA-BIC is completely data adaptive for every pixel,
while CS relies on the hyperparameter, which is upper bound on the noise level. Accordingly, it is
difficult for a selected hyperparameter to meet the noise level in every resolution cell in practice.
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5.3.2. Comparison of Computational Time Consumption

In this experiment, the performance of IAA-BIC was not significantly improved after about
15 iterations, which conforms to the empirical experience described in Yardibi et al. [33]. For this
profile, IAA took 186 s to obtain the tomogram.
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For the CS estimator, there is theoretically an optimal hyperparameter to make the result optimal,
but there is no accepted method to select this optimal value at present. In general, if this value is too
small, it can lead to overfitting, whereas a too large value can lead to underfitting. The selection of
the hyperparameter by the user is critical, and, to obtain a good result, it requires repeated attempts.
For this tomogram estimation, the CS estimator took approximately one and half hours, which is
30 times that of IAA-BIC.

The above analysis shows that IAA-BIC has several advantages: (1) it can obtain a good resolution
for coherent scatterers; (2) it is a completely adaptive approach, without requiring any hyperparameter,
avoiding the considerable computational burden; and (3) it can also obtain a good performance with
single-look, maintaining the spatial resolution.

6. Conclusions

In this paper, we have proposed the IAA-BIC TomoSAR method for application in urban areas.
This is an iterative adaptive approach with a model-order selection tool based on BIC, allowing
sparse point estimation. IAA-BIC is based on weighted least squares estimation. The IAA-BIC
estimator allows reflectivity profile reconstruction in urban areas along the elevation direction and can
discriminate different scatterers with a high degree of accuracy.

To demonstrate the advantages of IAA-BIC, two sets of simulated experiments were carried out.
The results showed that the IAA-BIC TomoSAR method has three main advantages: (1) IAA-BIC can
successfully separate coherent and distributed scatterers; (2) IAA-BIC can obtain a high elevation
resolution, without requiring any difficult selection of hyperparameter; and (3) IAA-BIC works
well not only with multi-look but also single-look. Moreover, about nine very high spatial resolution
TerraSAR-X images were used to demonstrate the feasibility and effectiveness of the IAA-BIC estimator.
The results showed that IAA-BIC could successfully separate two coherent scatterers and could obtain
a reliable three-dimensional structure for the Hubei Science and Technology Venture building in
Wuhan, China. The height estimation accuracy of this building was about 1% and 4% relative to its real
height for the single-look and multi-look, respectively. Although the IAA-BIC results of the single-look
version contain slightly more bias than the results of the multi-look version, it can obtain a higher
estimation accuracy while maintaining the spatial resolution. In addition, the typical TomoSAR
estimators of Capon, MUSIC, and CS were applied in a comparison with IAA-BIC. In terms of the
theoretical analysis and experimental analysis, IAA-BIC obtained a higher resolution than Capon and
MUSIC. In comparison to CS, IAA-BIC performed slightly better because it is data adaptive for every
pixel cell, whereas CS depends on the hyperparameter.

In conclusion, IAA-BIC can obtain a high elevation resolution to retrieve the three-dimensional
structure of urban objects, without sacrificing the spatial resolution or requiring any prior information.
Meanwhile, the user is not required to make any difficult selection of hyperparameter.

In our further work, we will focus on an extension of IAA-BIC from a TomoSAR application to
a differential TomoSAR (D-TomoSAR) application. Admittedly, TomoSAR is a good way to discriminate
different scatterers within a resolution cell, thereby providing the height information. However, it
cannot obtain the deformation of each scatterer along the elevation. D-TomoSAR makes this possible
because it is not only aimed at reflectivity and height estimation but also deformation estimates.
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