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Abstract The mainstream methods of tomographic synthetic aperture radar (tomoSAR) 3D reconstruc-

tion are usually realized by processing the registered 2D SAR images pixel by pixel without considering the

geometric structure of the observed targets. As a class of targets with regular facades, tomoSAR 3D recon-

struction of buildings is of important application value nowadays. In this study, to optimize the tomoSAR

3D reconstruction results of buildings, we first introduce and analyze the tomoSAR 3D reconstruction theory

based on a back projection imaging algorithm and then present a tomoSAR 3D reconstruction method based

on geometric constraints. We can accurately extract the building’s facade as the geometric constraints by

processing and fusing the point density map and the height map extracted from the spatial distribution of

the tomoSAR 3D point cloud. Taking the extracted geometric structure of the building’s facade and signal to

noise ratio (SNR) of registered 2D SAR images as prior information, we then impose geometric constraints on

tomoSAR sparse 3D reconstruction with an adaptive iterative shrinkage-thresholding algorithm and achieve

an optimized tomoSAR 3D reconstruction result. Finally, measured data of a P-band airborne tomoSAR

system is used. 3D reconstruction results show that the proposed method outperforms the traditional meth-

ods without geometric constraints regarding 3D reconstruction performance, which proves the validity and

practicality of our proposed method.

Keywords tomographic SAR, 3D reconstruction of buildings, geometric constraints, back projection, com-

pressed sensing
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1 Introduction

Compared with an optical imaging system, synthetic aperture radar (SAR) is also playing an important
role in remote sensing nowadays because of working well all day and all weather. However, due to
the projection imaging principle, which is not conducive to SAR image interpretation, there is a serious
problem of layover in traditional linear SAR images. Therefore, SAR 3D reconstruction technologies have
been developed to achieve a 3D structure of the observed targets [1, 2]. Tomographic SAR (tomoSAR)
was firstly proved to obtain the information of 3D structure with multiple observations in the cross range
direction in the 1990s [3]. TomoSAR’s mainstream 3D reconstruction methods include the fast Fourier
transform (FFT) method, spectral estimation method, and compressed sensing (CS). In 2000, Reigber
and Moreira [4] firstly achieved airborne tomoSAR 3D reconstruction results with FFT. Since 2003,
spectral estimation methods have been applied in tomoSAR 3D reconstruction [5,6], such as singular value
decomposition (SVD) and capon. Zhu et al. [7] proposed a tomoSAR 3D reconstruction method based
on Wiener-SVD. Campo et al. [8] and Feng et al. [9] respectively realized tomoSAR 3D reconstruction
with weighted covariance fitting based iterative spectral estimator and an iterative adaptive approach.
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Figure 1 The geometric model of tomoSAR.

The Rayleigh resolution of tomoSAR 3D reconstruction is usually very poor because it is limited to the
effective baseline in the cross range direction. Therefore, CS algorithm [10, 11] has gradually become
one of the mainstream methods for tomoSAR 3D reconstruction due to its excellent super-resolution
capability [12–14]. Zhu et al. [15,16] applied L1 norm based CS algorithm in tomoSAR 3D reconstruction
and proposed the Sl1MMER algorithm to achieve the spaceborne tomoSAR 3D reconstruction result of
Lasvegas. Bao et al. [17] and Jiao et al. [18] realized tomoSAR 3D reconstruction of artificial targets
and urban areas using a sparse Bayesian learning algorithm. Iterative shrinkage-thresholding algorithm
(ISTA) [19] and its improved algorithms have also been widely applied in tomoSAR 3D reconstruction.
Han et al. [20] proposed an efficient airborne tomoSAR 3D reconstruction method based on adaptive
ISTA [21], which can achieve high-resolution 3D reconstruction results while improving reconstruction
efficiency. Wang et al. [22] proposed a lightweight fast ISTA (FISTA)-inspired sparse reconstruction
network, which can ensure reconstruction performance while maintaining high computational speed.
Besides, the tomoSAR 3D reconstruction result using very few effective observations has been optimized
by combining CS algorithm and deep learning [23]. As is shown in Figure 1, focused imaging result of
the mth SAR trajectory on the slant plane under the far-field assumption can be expressed below

gm =

∫

∆s

σ(s) · exp

(

−j ·
4πbms

λr

)

ds, (1)

where σ(s) is the reflecity function along the cross range direction s, λ is the wavelength of radar, r is
the slant distance of the reference trajectory, and bm is the effective baseline of the mth trajectory to the
reference one. Therefore, 3D reconstruction of tomoSAR is equivalent to the mathmatical model,

g = Φ · σ + ǫ, (2)

φm,n = exp

(

−j ·
4πbmsn

λr

)

≈ exp

(

−j ·
4πsn∆αm

λ

)

, (3)

where ǫ is the noise vector, Φ is an M ×N sensing matrix with the element φm,n, sn (n = 1, 2, . . . , L) is
the sampled positions in the cross range direction, and ∆αm is the incident angle difference between the
mth trajectory and the reference one.

Due to the advantage of large-scale remote sensing and mapping, tomoSAR has been widely applied
in the 3D reconstruction of large-scale urban areas [7,18,24]. The mainstream methods of tomoSAR 3D
reconstruction, however, are usually realized by processing the registered 2D SAR images with different
incident angles pixel by pixel without considering structural information from the observed targets. In
practical application, affected by the number of effective observations, noise, and phase error, there will
be a large number of outliers existing in the cross range direction of tomoSAR 3D reconstruction results,
especially at the pixels of SAR images with low signal to noise ratio (SNR). In recent years, researchers
have conducted much research on accurately extracting the facades of buildings from tomoSAR 3D
point clouds, assuming that common buildings usually consist of several regular facades. In 2014, Zhu
et al. [25] conducted research on facade reconstruction of buildings with scatterer density estimation
and successfully achieved the buildings’ models in Lasvegas by using multiview spaceborne tomoSAR
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point clouds. In 2015 and 2016, Shahzad et al. [26–29] proposed an automatic detection and extraction
method of buildings’ facades and footprints in large-scale imaging scene. In 2016, Sun [30] researched the
extraction method of the levels of detail of buildings based on the point density map. In 2021, Wang et
al. [31] proposed a progressive building facade detection method based on structure priors to effectively
detecting building facades from a massive array of InSAR spatial points with noise and achieved the facade
detection results in a large-scale urban area. Compared with all the above methods, we will define not
only the point density map but also the height map. The tomoSAR 3D point cloud elevation information
will be considered prior information to accurately estimate the height of the building’s facade. We can
achieve the geometric structure of the building’s facade from the spatial distribution of the tomoSAR 3D
point cloud by processing and fusing the point density map and the height map. tomoSAR point cloud
extracted facades can be used as prior information to optimize the building tomoSAR 3D reconstruction
performance.

In summary, we will present in this paper geometric constraints based 3D reconstruction method of
tomographic SAR for buildings. Firstly, the tomoSAR 3D reconstruction theory based on back projection
(BP) [32] imaging algorithm is introduced and analyzed, in which the equivalence between (3) and the
sensing matrix of 2D imaging results on the ground plane is proved. Secondly, an accurate facade
extraction method for buildings based on the spatial distribution of the tomoSAR 3D point cloud is
described. By processing and fusing the point density map and the height map extracted from the
tomoSAR 3D point cloud, we can effectively achieve the geometric structure of the building’s facade.
After that, a geometric constraints based 3D reconstruction algorithm of tomoSAR is proposed. Taking
the extracted geometric structure of the building’s facade and SNR of registered 2D SAR images as the
prior information, we impose geometric constraints on the sparse 3D reconstruction of tomoSAR and
effectively achieve better tomoSAR 3D reconstruction results of buildings with adaptive ISTA.

The remainder of this paper will be arranged as follows. In Section 2, tomoSAR 3D reconstruction
theory based on the BP imaging algorithm will be first introduced and analyzed. The facade extraction
method for buildings based on the spatial distribution of the tomoSAR 3D point cloud is then described
in Subsection 3.1. After that, geometric constraints based 3D reconstruction algorithm of tomoSAR will
be proposed in Subsection 3.2. Processing with the proposed method, airborne tomoSAR experimental
result at P-band will be shown in Section 4 to prove the validity and practicality of our method. Finally,
our conclusion and future work will be discussed in Section 5.

2 TomoSAR 3D reconstruction theory based on BP imaging algorithm

The geometric model of tomoSAR based on the BP imaging algorithm is illustrated in Figure 2, which
consists of M linear SAR trajectories with different incident angles αm. The average incident angle of M
trajectories is represented as ᾱ, and θ is the azimuth angle of tomoSAR geometry relative to the coordinate
direction x. (x,y, z) represents the Gaussian geographic coordinate system, in which the coordinate of
target P is represented as (xp, yp, zp). Under the far-field assumption, the projected imaging result gm of
the mth trajectory with the BP imaging algorithm at the pixel (x, y) can be expressed as follows [17,33]:

gm(x, y) =
∑

p

σp(x, y) · exp(−j · 2kr · lOAm), (4)

where σp(x, y) is the backscattering coefficient of P related to 2D point spread function (PSF), lOAm is
the projected length of the mth trajectory on the reference imaging plane, and kr represents the wave
number in the ground range direction [34, 35], which can be expressed as follows:

kx =
2π

λ
· sinᾱ · cosθ, (5)

ky =
2π

λ
· sinᾱ · sinθ, (6)

kr =
√

k2x + k2y =
2π

λ
· sinᾱ. (7)
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Figure 2 The geometric model of tomoSAR on the ground plane.

Therefore, the projected imaging result of the mth trajectory with the BP imaging algorithm can be
expressed as follows:

gm(x, y) =
∑

p

σp(x, y) · exp

(

−j ·
4π

λ
· zp · sinᾱ · cotαm

)

. (8)

According to (8), we can invert the elevation zp by constructing the sensing matrix Φ with the element,

φm,n = exp

(

−j ·
4π

λ
· zn · sinᾱ · cotαm

)

. (9)

Under the far-field assumption, the projected imaging results of each trajectory can be considered to
be located at the same pixels on the reference imaging plane after registration of 2D SAR images. The
phase difference between the mth trajectory and the reference one can be calculated as follows:

∆φm,n = exp(−j · 2kr · (lOAm − lOA))

≈ exp

(

−j · 2kr ·
lAB

sinᾱ

)

≈ exp

(

−j · 2kr · zn ·
∆αm

sin2ᾱ

)

= exp

(

−j ·
4π

λ
· zn ·

∆αm

sinᾱ

)

, (10)

where ∆αm is the incident angle difference between the mth trajectory and the reference one. According
to the following relationship between the cross range direction s and the elevation direction z [36], the
equivalence between (3) and (9) can be proved:

z = s · sinᾱ. (11)

As is exhibited in Figure 3, coordinate transformation from (x′
p, y

′
p, z

′
p) to (xp, yp, zp) should be operated

to eliminate the distortion of the 3D reconstruction result in the Gaussian geographic coordinate system
based on the average incident angle ᾱ and the azimuth angle θ of tomoSAR geometry.

xp = x′
p − z′p · cotᾱ · cosθ, (12)

yp = y′p − z′p · cotᾱ · sinθ, (13)

zp = z′p. (14)
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Figure 3 Diagram of the coordinate transformation operation from the side view.
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Figure 4 Flow chart of the facade extraction method for buildings.

3 Geometric constraints based 3D reconstruction method of tomoSAR

3.1 Facade extraction method for buildings

The flow chart of the facade extraction method for buildings is shown in Figure 4, which mainly consists
of two parts. The first part is the centerline extraction of the building’s facade. And the second part is
the height estimation of the building’s facade.

To eliminate the influences of low-ground features and outliers in the cross range direction of the
tomoSAR 3D point cloud, we project the tomoSAR 3D point cloud without geometric constraints onto
the ground plane (x,y), and define the point density map P1(x,y) and the height mapH1(x,y) according
to the spatial distribution of tomoSAR 3D point cloud. P1(x, y) represents the number of points projected
onto the same pixel (x, y). And, H1(x, y) represents the maximum height among those points. Based
on all the operations in Figure 4, we can accurately extract the centerline and estimate the height by
processing and fusing the point density map P1(x,y) and the height map H1(x,y), to completely achieve



Han D, et al. Sci China Inf Sci January 2023 Vol. 66 112301:6

the geometric structure of building’s facade from the spatial distribution of tomoSAR 3D point cloud.
(1) Centerline extraction. Considering the sparsity of tomoSAR 3D point cloud, mean filtering

result P2(x,y) of the point density map P1(x,y) will be firstly achieved with a slide window of size
Nw ×Nw.

P2(x, y) =

Nw−1
2

∑

i=−Nw−1
2

Nw−1
2

∑

j=−Nw−1
2

P1(x+ i, y + j)/N2
w. (15)

Then, a binarized image P2,bool(x,y) is obatained after removing all the pixels in P2(x,y) with point
density (PD) smaller than a specified threshold to accurately locate the building’s facade. After all the
above operations, we can finally calculate the average positions of non-zero pixels in P2,bool(x,y) along
the azimuth angle θ of tomoSAR geometry, so as to extract the centerline of building’s facade.

(2) Height estimation. The height map of facade H2(x,y) will be firstly achieved by multiplying
the corresponding pixels between H1(x,y) and P2,bool(x,y).

H2(x, y) = H1(x, y) · P2,bool(x, y). (16)

Then, the height is equally divided into small intervals from the reference imaging height zref to
the maximum imaging height zmax. After that, we can achieve several sub-height maps Hp(x,y) from
H2(x,y) and count the number of non-zero points in each sub-height map Hp(x,y). Considering the
serious influence of outliers in the cross range direction of tomoSAR 3D point cloud, we can select the
height hp of sub-height map Hp(x,y) with the most points as the theoretical height of the building’s
facade.

3.2 Geometric constraints based 3D reconstruction algorithm with adaptive ISTA

In Subsection 3.1, the information of geometric structure of the building’s facade has been successfully
achieved from the spatial distribution of tomoSAR 3D point cloud by extracting the centerline and
estimating the height. As is illustrated in Figure 3, it is assumed that P (xp, yp, zp) is one of the points on
the extracted building’s facade. Preparing for the sparse 3D reconstruction with geometric constraints,
an inverse coordinate transformation from P (xp, yp, zp) to P ′(x′

p, y
′
p, z

′
p) illustrated in Figure 3 should

be firstly performed to achieve the geometric constraints of building’s facade h(x,y), in which h(x, y)
represents the height of building’s facade at the pixel (x, y) of registered 2D SAR images after the inverse
coordinate transformation.

x′
p = xp + zp · cotᾱ · cosθ, (17)

y′p = yp + zp · cotᾱ · sinθ, (18)

z′p = zp. (19)

Taking the extracted geometric constraints of building’s facade h(x,y) and SNR of registered 2D SAR
images SNR(x,y) as prior information, we impose geometric constraints on the sparse 3D reconstruction
of tomoSAR.

Firstly, a threshold SNRth is specified by us. For the pixels located at (x, y) with SNR(x, y) smaller
than SNRth which is considered to be seriously affected by the noise, the sparse solution range z in the
sensing matrix Φ can be directly constrained to

z = {z|z = h(x, y)}. (20)

In order to keep a precise preservation of the geometric structure of building’s facade, for the pixels
(x, y) with SNR(x, y) greater than SNRth, we can linearly broaden the sparse solution range z in the
sensing matrix Φ around the geometric constraints of building’s facade h(x,y), which is proportional to
the difference between SNR(x,y) and SNRth. Besides, we can simultaneously broaden sparse solution
range z around the estimated height hp of building’s facade to preserve the reconstructed details of the
building’s roof. According to the above descriptions, the sparse solution range z at the pixel (x, y) with
SNR(x, y) greater than the preset SNRth can be defined as follows:

∆h1 =
(SNR(x, y)− SNRth)

2
·∆z, (21)
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z = {z|h(x, y)−∆h1 6 z 6 h(x, y) + ∆h1} ∪ {z|hp −∆h2 6 z 6 hp +∆h2}, (22)

where ∆h2 is a specified constant, ∆h1 is proportional to SNR(x, y)−SNRth, and ∆z is the proportionality
factor which can determine the strength of geometric constraints.

Considering the layover of several buildings, we can respectively extract the geometric constraints of
each building from the tomoSAR 3D point cloud. In this case, multiple heights will be extracted by
us at the same pixel (x, y). Following (22), we should expand the sparse solution range z of tomoSAR
according to all the extracted heights.

After determining the sparse solution range z, the sensing matrix Φ at the pixel (x, y) of registered 2D
SAR images will be constructed with the element φm,n = exp(−j · 4π

λ · zn · sinᾱ · cotαm), zn ∈ z.
After initialization of parameters, concave regularizer based adaptive ISTA is applied in tomoSAR 3D

reconstruction with the following iterations:

σk
new = σk −

1

L
· ΦT(Φ · σk − g), (23)

σk+1 = sign(σk
new) ·max(|σk

new| − T (σk
new, µ, a), 0), (24)

where g is the measurement vector at the pixel (x, y), L is the iteration step of adaptive ISTA which should
be larger than the max eigenvalue of ΦTΦ, sign(·) is the symbolic function, and T (σ, µ, a) = µ

(|σ|/a+1)

is an adaptive threshold with respect to the sparse solution σ, in which µ and a are positive constants.
When the relative error ‖σk+1−σk‖2 is smaller than δ, adaptive ISTA will be automatically terminated.

In summary, the proposed geometric constraints based 3D reconstruction algorithm with adaptive
ISTA can be summarized in Algorithm 1.

Algorithm 1 Geometric constraints based 3D reconstruction algorithm with adaptive ISTA

Input: the measurement vector g and number of iterations Ni.

Initialization: δ, ∆z, hp, ∆h2, h(x,y), SNR(x,y), SNRth, k = 0, σ0 = 0, and T (σ, µ, a) = µ
(|σ|/a+1)

.

If SNR(x, y) 6 SNRth

Initialization: Φ, L, zn ∈ {z|z = h(x, y)};

else

Initialization: Φ, L, ∆h1 =
(SNR(x,y)−SNRth)

2 · ∆z, zn ∈ {z|h(x, y) − ∆h1 6 z 6 h(x, y) + ∆h1} ∪ {z|hp − ∆h2 6 z 6

hp + ∆h2};

Iteration:

(1) σk
new = σk − 1

L · ΦT(Φ · σk − g),

(2) σk+1 = sign(σk
new) · max(|σk

new| − T (σk
new, µ, a), 0),

(3) if ‖σk+1 − σk‖2 < δ or k + 1 = Ni,

stop iteration;

else

k = k + 1, go to iteration (1);

Output: 3D reconstruction result σk+1 at the pixel (x, y).

4 Experimental results

4.1 Experiment description

In 2020, an airborne tomoSAR experiment at P-band was conducted by the Aerospace Information
Research Institute, Chinese Academy of Sciences in Dunhuang city, Gansu province, China. The ex-
perimental configuration of airborne tomoSAR is enumerated in Table 1. Airborne tomoSAR geometry
consists of seven effective observations with the average incident angle ᾱ = 43.57◦ and the azimuth angle
θ = 90◦. Measured by the differential GPS (DGPS), the reference imaging altitude of the BP imaging
algorithm is set to 1076 m. The optical and intensity SAR images of the observed nine-floor building
are shown in Figure 5, in which Figure 5(a) is the optical image from Google Earth, Figure 5(b) is the
optical image of the observed building framed in Figure 5(a), and Figure 5(c) is the intensity SAR image
on the ground plane.

4.2 Analysis of experimental results

In the processing with adaptive ISTA, the tomoSAR 3D reconstruction result without geometric con-
straints is first achieved based on the geometry of tomoSAR after the registration of 2D SAR images.
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Table 1 Experimental configuration of airborne tomoSAR

Parameter Value Unit

Carrier frequency 0.39 GHz

Bandwidth 200 MHz

Pulse repeat frequency 1000 Hz

Polarization of radar VV –

Number of trajectories 7 –

Average incident angle 43.57 ◦

Azimuth angle 90 ◦

(a) (b) (c)

Figure 5 Optical images and intensity SAR image of the observed building. (a) Optical image from Google Earth; (b) optical

image of the framed building with nine floors; (c) intensity SAR image on the ground plane.

(a) (b)

(m) (m)

Figure 6 3D reconstruction result of the observed building without geometric constraints. (a) Before coordinate transformation;

(b) after coordinate transformation.

In the elevation direction, the imaging grid is evenly divided into 501 intervals from −10 to 40 m. The
tomoSAR 3D reconstruction result of the observed building is shown in Figure 6, in which the colorbar
represents the altitude of the observed building. Consistent with Figure 3, Figure 6(a) is the 3D recon-
struction result before the coordinate transformation. And, Figure 6(b) is the 3D reconstruction result
after coordinate transformation with (12), (13), and (14).

Then, the tomoSAR 3D point cloud in Figure 6(b) is then projected onto the ground plane. In Figure 7,
the point density map P1(x,y) and the height map H1(x,y) are achieved according to the definitions
in Subsection 3.1. The colorbar in Figure 7(a) represents the number of the tomoSAR 3D point cloud
points projected onto the same pixel on the ground plane. And the colorbar in Figure 7(b) represents
the maximum height relative to the reference imaging altitude among all the projected points.

Based on Figure 7(a), we firstly achieve the mean filtering result P2(x,y) of point density map with
a sliding window of size 9 × 9 in Figure 8(a). To preserve the point density map of building’s facade
and extract a continuous centerline, pixels in Figure 8(a) with PD greater than 0.35 after normalization
will be preserved to achieve a binarized image P2,bool(x,y) in Figure 8(b). After that, we can calculate
the average positions of non-zero pixels in P2,bool(x,y) along the azimuth angle θ = 90◦ of tomoSAR
geometry to extract the centerline of building’s facade in Figure 8(c). The black line in Figure 8(d) is the
corresponding position of the centerline located in the 2D SAR image, in which the colorbar represents
SNR of the 2D SAR image. The height map of facade H2(x,y) can be achieved by multiplying the
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Figure 7 Point density map and height map of tomoSAR 3D point cloud. (a) Point density map; (b) height map.
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Figure 8 Extraction of centerline from point density map of tomoSAR point cloud. (a) Mean filtering result of point density

map; (b) the binarized image with PD > 0.35 after normalization; (c) extraction of centerline along the azimuth angle of tomoSAR;

(d) corresponding positions of the centerline in 2D SAR image.

corresponding pixels between H1(x,y) (Figure 7(b)) and P2,bool(x,y) (Figure 8(b)). After equally
dividing the height from 0 to 40 m relative to the reference imaging altitude of 1076 m, we can achieve
several sub-height maps Hp(x,y) and count the number of points in each sub-height map in Figure 9.
Considering the serious influence of outliers in the cross range direction of the tomoSAR 3D point cloud,
we can select the height hp =26 m with the most points as the theoretical height of the building’s
facade.

Combining the extracted centerline in Figure 8(d) with the estimated height of the building’s facade
in Figure 9, the geometric constraints of the building’s facade can be finally obtained in Figure 10 after
inverse coordinate transformation with (17)–(19).
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Figure 9 Statistic number of points in each sub-height map. Figure 10 Geometric constraints of building’s facade.

Based on the extracted geometric constraints and SNR of 2D SAR images, tomoSAR 3D reconstruction
experiments with different geometric constraints have been conducted by us, which is mainly determined
by the value of SNRth and ∆z in (21). Firstly, we specify an threshold SNRth in (21) to 10 dB. ∆z in
the first experiment is set to 1.0 m, so the first experiment is called tomoSAR 3D reconstruction with
weak geometric constraints. In the second one, which is relatively called 3D reconstruction with strong
geometric constraints, ∆z is set to 0.5 m. Besides, ∆h2 in (22) is set to 2.5 m to keep precise preservation
of the details of the building’s roof. Processing with geometric constraints based 3D reconstruction
algorithm with adaptive ISTA proposed in Algorithm 1, a comparison of tomoSAR 3D reconstruction
results with different geometric constraints is shown in Figure 11 with the same display threshold after
normalization, in which the colorbar represents the altitude of the observed building.

However, quantitatively evaluating the tomoSAR 3D reconstruction results is usually difficult, espe-
cially in the absence of models. Therefore, two quantitative evaluation indicators are defined by us to
objectively evaluate the tomoSAR 3D reconstruction results with different geometric constraints. The
first indicator is defined as the discrete ratio (DR) of the 3D point cloud, which is calculated as follows:

DR =

(

Norigin −Nfilter

Norigin

)

× 100%, (25)

where Norigin represents the number of points in the original tomoSAR 3D point cloud and Nfilter rep-
resents the number of points after point cloud filtering with the same parameters. After 8-bit grayscale
quantization of the tomoSAR 3D complex image, the second indicator is defined as 3D image entropy,
which can be calculated as follows:

P (i, j) =
χ(i, j)

Nx ×Ny ×Nz
, (26)

H = −

255
∑

i=0

255
∑

j=0

P (i, j) · ln(P (i, j)), (27)

where (i, j) represents the combination of the gray value i of pixels and the gray mean j of the neighbor
domain of size N × N × N , χ(i, j) is the statistic number of the combination (i, j), and Nx × Ny ×
Nz represents the matrix size of tomoSAR 3D reconstruction result. For both of the two quantitative
evaluation indicators, smaller values can indicate better performance of tomoSAR 3D reconstruction.

To calculate the DR of the point cloud, statistical outlier removal is selected to realize point cloud
filtering, in which the number of points to use for mean distance estimation is set to 6, and the standard
deviation multiplier threshold is set to 3. In the calculation of 3D image entropy, the size of the neighbor
domain is set to 3 × 3 × 3. Evaluation results of tomoSAR 3D reconstruction with different geometric
constraints are listed in Table 2. As shown in Figure 11 and Table 2, we can conclude that tomoSAR 3D
reconstruction results with weak geometric constraints (DR = 7.31%, H = 0.1777) and strong geometric
constraints (DR = 6.75%, H = 0.1699) can both have much better reconstruction performance than the
3D reconstruction result without geometric constraints (DR = 13.79%, H = 0.2578).
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Figure 11 Comparison of tomoSAR 3D reconstruction results with different geometric constraints. (a) Front view of 3D recon-

struction result without geometric constraints; (b) side view of 3D reconstruction result without geometric constraints; (c) front

view of 3D reconstruction result with weak geometric constraints; (d) side view of 3D reconstruction result with weak geometric

constraints; (e) front view of 3D reconstruction result with strong geometric constraints; (f) side view of 3D reconstruction result

with strong geometric constraints.

Table 2 Evaluation results of tomoSAR 3D reconstruction with different geometric constraints

Experiment DR of 3D point cloud (%) 3D image entropy

Reconstruction without geometric constraints 13.79 0.2578

Reconstruction with weak geometric constraints 7.31 0.1777

Reconstruction with strong geometric constraints 6.75 0.1699

5 Conclusion and discussion

In this paper, a geometric constraints based 3D reconstruction method of tomoSAR for buildings was
studied to optimize the tomoSAR 3D reconstruction performance of buildings. Based on the spatial distri-
bution of the tomoSAR 3D point cloud, we successfully extracted the geometric structure of the building’s
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facade. Processing with a geometric constraints based 3D reconstruction algorithm of tomoSAR, it was
found that 3D reconstruction results were well optimized. Urban 3D reconstruction results of the P-
band airborne tomoSAR system have verified the correctness and effectiveness of our proposed method.
In our future work, we will carry out research on structural information extraction of complex targets,
which is not limited to the extraction of buildings’ facades. Besides, tomoSAR 3D reconstruction based
on automatic geometric constraints extraction of large-scale urban areas is also our significant research
direction.
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