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Abstract: Unmanned aerial vehicle (UAV) array InSAR is a new type of single-flight 3D SAR imaging system with the advan-
tages of high coherence and resolution. However, due to the low altitude of the platform, the elevation ambiguity of the system
is smaller than the maximal terrain elevation. Since the spatial phase unwrapping is conducted based on the assumption of
phase continuity, the inappropriate ambiguity will cause significant unwrapping errors. In this work, a 3D phase unwrapping
algorithm assisted by image segmentation is proposed to address this issue. The Markov random field (MRF) is utilized for
image segmentation. The optimal spatial phase unwrapping network is achieved based on the segmentation results. The asymp-
totic 3D phase unwrapping is adopted to get the refined 3D reconstruction. Results based on the real airborne array-InSAR
data show that the proposed method effectively improves the elevation ambiguity.
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INTRODUCTION

Synthetic aperture radar (SAR) is an imaging radar, working on spaceborne or airborne platforms, has the
capabilities of high-resolution, day-and-night, and weather-independent imaging, which is widely used in
various applications [1]. The targets in 2D radar imaging are mixed along the cross-range direction. Using
two SAR images with a slight different viewing angle, the interferograms caused by phase differences can
be obtained [2]. The interferometric phase can be used for terrain elevation mapping, denoted as SAR
interferometry (InSAR) [3]. The spatial phase unwrapping is the main step of InSAR with the assumption of
phase continuity [4]. However, this assumption often fails if the elevation difference is larger than the height
ambiguity. The multi-baseline InSAR is an efficient way to solve this issue by the baseline diversity [5] and
achieving precise height measurements of the terrain [6]. However, conventional spaceborne SAR system
acquires repeat-pass images using a single antenna, which requires a long period to accumulate multibaseline
InSAR (MB-InSAR) observations. To solve this problem, the array InSAR system with a linear antenna array
uses the multiinput multioutput (MIMO) technique to acquire a stack of multibaseline images in a single
flight, which significantly improves the practical capability of 3D reconstruction [7].

In the practical application, the linear antenna array with a large number of channels will incur high costs.
Moreover, the array InSAR system with more channels will increase the system and processing complexity
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because of the cross-channel calibration and decoupling. To reduce the number of channels, an asymptotic
3D phase unwrapping (PU) is proposed to achieve a reliable 3D reconstruction using only three-channel
array InSAR images [7]. This type of 3D PU assumes that the acquired MB acquisitions include both short
and long baseline interferograms, following the successful unwrapping criteria. If the systematical height
ambiguity is less than the actual height difference, the unwrapping errors in the initialization by the short
baseline interferogram will bias the final results. The single-pass array-InSAR interferograms are with high
coherence for both artificial and natural targets, which increases the probability of phase jumping.

A potential improvement for reliable phase unwrapping is separate the artificial targets to get a refined
unwrapping network, denoted as segmentation-aided phase unwrapping. However, different from the optical
images, it is more difficult extract the information from the SAR images. For target objects in SAR images,
the information may overlap, which can lead to the inability to accurately extract the phase information of
the target in the image, and cause difficulties for PU.

Image segmentation algorithms can be theoretically divided into two categories. The first category in-
cludes traditional segmentation algorithms such as threshold segmentation [8], edge detection [9], and clus-
tering algorithms [10]. The second category includes segmentation algorithms based on specific theories,
such as graph theory-based segmentation algorithms [11] and the Markov random field-based segmentation
algorithm [12], etc.

In this work, we propose a segmentation-aided phase unwrapping (PU) to avoid the unwrapping errors,
leading to a better 3D reconstruction. First, we iteratively segment the SAR image using a Markov random
field model [13]. Then, the unwrapping network can be refined using the segmented image. Finally, the
experiments are conducted using real airborne array-InSAR data.

The remainder of this paper is organized as follows. We introduce the image segmentation and the asymp-
totic 3D PU in Section ”Methodology”. Real data description from Ref. [14], results of Image segmentation
and on 3D reconstruction are shown in Section ”Results and analysis”. The conclusions are presented in
Section ”Conclusions”.

METHODOLOGY

The flowchart of the proposed segmentation-aided 3D reconstruction is shown in Figure 1. First, the SAR
amplitude image is used for the segmentation. Setting the number of categories for classification and the
number of iterations, K-means clustering is used for the initialization [15]. Then, the posterior probability
of pixels is obtained by combining Markov random field [12] and Bayesian formulation [16]. The labels of
all pixels are updated iteratively. The segmented image is used to refine the unwrapping network using the
classified labels. Finally, 3D reconstruction of airborne array InSAR images is conducted using the refined
network.

Image segmentation

Let Xs represent the amplitude value of pixels in the SAR image, and Ys represent the classification label of
each pixel in the SAR image. For a binary classification question, Ys belongs to {1, 2}. For preprocessing of
the image, according to the amplitude of each pixel Xs, using K-means clustering algorithm [15] to obtain
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Figure 1 Flowchart of the proposed segmentation-aided 3D reconstruction.

the classification label of each pixel Xs.
The image segmentation problem can be considered as the problem of estimating the optimal label Ŷs with

the given amplitude Xs by the Expectation-Maximization algorithm (EM) [17], which is defined as follows:

Ŷs = arg max
Ys

P(Ys|Xs). (1)

According to Bayesian formulaP(Ys|Xs) as follows [16]:

P(Ys|Xs) =
P(Xs|YS ) · P(Ys)

P(Xs)
. (2)

The P(Xs) can be obtained through observation. However, the P(Ys) and P(Xs|YS ) need the following method
to solve it.

The P(Ys) can be solved by analyzing the relationship between pixels of SAR images. The Markov random
field [12] is an efficient way to model the spatial relationships between pixels. Regard the SAR image as a
collection of discrete pixels, for each pixel in SAR images, the relationship between pixels can be described
by a neighborhood system [18], which is shown in Figure 2. Conventional neighborhood system includes
two types. One is the first-order neighborhood system, where pixels are surrounded by four surrounding
neighborhoods, as shown in Figure 2(a). The other one is a second-order neighborhood system, where pixels
are surrounded by eight surrounding neighborhoods, as shown in Figure 2(b).

For preprocessed images by K-means clustering algorithm, using a second-order neighborhood system to
analyze the relationship between pixels. In a second-order neighborhood system, each pixel has the label
Ys(Ys belongs to {1, 2}). By counting the number of pixels with label values Ys equal to 1 and Ys equal to
2 in the neighborhood system, the prior probability of the central pixel in the neighborhood system can be
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(a)
(b)

Figure 2 Neighborhood system. (a) First-order neighborhood system; (b) second-order neighborhood system.

obtained, as follows:

P(Ys = 1) =
N1

N
(3)

P(Ys = 2) =
N2

N
(4)

where N1 and N2 represent the number of pixels with Ys equals to 1 and Ys equals to 2 in the neighborhood,
respectively. N represents the number of pixels in the neighborhood, excluding the center pixel.

Assuming that each pixel in the SAR image is statistically independent and satisfies a Gaussian distribu-
tion. Divide all pixels with Ys equal to 1 and Ys equal to 2 in the SAR image, and extract information on all
pixels Xs for each class to construct a function, the P(Xs|YS ) can be solved as follows [19]:

P(XS |YS ) =
1
√

2πσ
· e−

(x−µ)2
2σ2 . (5)

Through this approach, the P(Xs|YS = 1) and P(Xs|YS = 2) are obtained, and then the posterior probability
P(Ys|Xs) is calculated for each pixel in the image. Using the maximum P(Ys|Xs) of each pixel for image
iteration until get the optimal label Ŷs, and the image segmentation part is completed.

3D PU

Following the conventional InSAR process, the flat earth effect can be well estimated using the SAR system’s
geometric parameters. After removing this phase, 3D PU can be applied to the flattened phase. Note that the
performance of 3D PU depends on the probability of phase discontinuity. In the multi-baseline SAR inter-
ferograms, such an assumption is evaluated using the relationship between the interferograms with varying
baseline lengths. Inappropriate baseline diversity will increase the probability of phase discontinuity, leading
to unwrapping errors. Here, the segmented image is used to refine the processing by considering the labels
during the phase unwrapping. Only pixels with the same labels will be unwrapped in the same network.

The spatial PU is the integration of the phase gradient in the spatial domain. Its reliability depends on the
selection of the phase difference. However, since the phase difference is always smaller than π, it is impossi-
ble to check whether the arc satisfies the PC assumption using a single baseline interferogram. Alternatively,
using the smoothing criteria with a pair of interferogram [7], the reliability of the spatial PU can be improved.

During the process of 3D PU, the spatial PU is conducted on the interferogram with the shortest baseline,
and the initial height estimation can be obtained as follows [20]:

ĥS =
λ

4π
R sin θinc

B⊥,S
ϕS, (6)
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where ϕS denotes the unwrapped phase of the interferogram with the shortest baseline. R is the slant range.
Bperp denotes the equivalent perpendicular baseline. θinc is the local incident angle and λ is the radar wave-
length.

Using the initial height, the spatial PU of the long baseline interferogram follows the interferogram pair
PU approach [7]. Supposing that the unwrapped phase difference between two scatterers p and q is ∆ϕp,q,
denoted as an arc, the pseudo unwrapping phase and the corresponding ambiguity of this arc can be estimated
as follows:

∆ϕp,q,pseudo,L =
4π
λ

B⊥,L
R sin θinc

∆ĥp,q,S =
B⊥,L
B⊥,S
∆ϕp,q,S, (7)

n̂p,q,L,0 =
∆ϕp,q,pseudo,L − ∆φp,q,L

2π
. (8)

n̂p,q,L = round
{
n̂p,q,L,0

}
, (9)

where ∆φp,q,L denotes the unwrapped phase difference between two scatterers p and q in a long baseline
interferogram. round{·} denotes the rounding operation. Whether a long baseline interferogram can be
successfully unwrapped depends on the uncertainty of the estimated phase ambiguity, denoted as SU criteria,
which is defined as follows:

| n̂p,q,L,0 − n̂p,q,L,true |<
1
2
. (10)

In practical scenarios, the aforementioned equation can rewritten as follows:

B2
⊥,L

B2
⊥,S
σ2
ϕS
+ σ2

ϕL
<

(
π

ua

)2

, (11)

where σ2
ϕS

and σ2
ϕL

denote the phase variances of the short baseline interferogram and the long baseline
interferogram, respectively. Note that the multi-baseline interferograms satisfied this SU criteria and can be
regarded as the optimal baseline design.

If n̂p,q,L,0 satisfies the SU criteria, the unwrapped phase of the arc can be calculated as

∆ϕp,q,L = ∆φp,q,L + 2π · n̂p,q,L. (12)

Using the same reference point during the spatial PU of the short baseline interferogram, the unwrapped
phase of the long baseline interferogram is obtained by the spatial PU denoted as ϕL. Note that only arcs
satisfying the SU criteria are used in the spatial PU.

With the unwrapped phase ϕL, the final height can be estimated using the follows [20]:

ĥL =
λ

4π
R sin θinc

B⊥,L
ϕL. (13)

RESULTS AND ANALYSIS

In this section, we show the results obtained by the proposed methodology using the real airborne array-
InSAR images [14] and the main parameters of the SAR system are list in Table 1.

The following is a brief description of the experimental region, along with the results of image segmenta-
tion. Finally, the segmentation results are used for phase unwrapping and achieving 3D reconstruction.
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Table 1 Main parameters of the system

Parameters Value

Center frequency 15.2 GHZ

Signal form FMCW

Polarization mode HH

Signal bandwidth 1200 MHz

Antenna size (single channel) 0.05 m (pitch) × 0.32 m (yaw)

Resolution better than 0.2 m × 0.2 m

Central viewing angle 45◦

Figure 3 Optical images and photos of the investigated area (Source: Google Earth, Date: December 8, 2023).

Experimental region

The dataset covers the main region around the Lingang Business Building in Tianjin, China. The optical
images are shown in Figure 3. The building consists of two 15-story towers and a two-story podium, and
covers an area of 22905.6 m2, with a height of 69.2 m and a spacing of 57.6 m. The podium is 12.4 m high,
105.6 m long, and 72.4 m wide. The structure of the building is representative, and the surroundings are
relatively open [14].

Results of image segmentation

Using the proposed MRF segmentation approach, Figure 4 shows the original image and the corresponding
segmentation results.

The Figure 4(b) shows a simple segmentation by the threshold, which can roughly separate buildings
and background areas. However, the threshold segmentation does not fully utilize the relationships between
pixels in the image and thus shows many natural targets in the final segmentation.

Figure 4(c) shows the segmentation by the proposed algorithm, which can better utilize the relationships
between pixels in the image to get a more accurate result of segmentation. Finally, the image is divided into
two categories: the white mask is buildings, while the dark one denotes the low reflection areas such as trees
and grasslands.

In the conventional unwrapping network, the arcs are generated using the neighboring principle. The rapid
phase change between the building and the ground may lead to unwrapping errors. Using the segmented
image, the generation of the unwrapping network can be optimized by removing arcs formed by different
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(a) (b)

(c)

Figure 4 Original airborne array-InSAR image and segmented images. (a) Original airborne array-InSAR image; (b) image of segmentation
based on threshold; (c) image of segmentation based on MRF.

types of scatterers, as shown in Figure 5. Figure 5(a) shows the conventional unwrapping network, the
connection between building and road will induce the probability of rapid phase change, i.e., unwrapping
errors. In the proposed optimal network, the individual network within each class will significantly reduce
the unwrapping errors.

Results of 3D reconstruction

Since the baseline design of this dataset satisfied the SU criteria, it is possible to achieve a good success rate of
phase unwrapping using the asymptotic 3D phase unwrapping method. Figure 6 shows the 3D reconstruction
results by conventional 3D PU and segmented image-assisted 3D PU, respectively. In Figure 6(a), we present
the results of a 3D reconstruction process conducted without the use of image segmentation techniques. It is
evident that the basic reconstruction of the experimental area has been completed, with rough depictions of
the heights and geographical positions of the buildings. The experimental area is divided into two parts during
the reconstruction process: the high-rise building area and the surrounding low-rise buildings. By analyzing
the high-rise section in the experimental area, we compared the color of the reconstructed top part of the
high-rise section with the color bar on the right side of the image and eventually concluded that the height of
the high-rise building is approximately between 60 to 70 m, which is consistent with the actual height of the
high-rise buildings, demonstrating a certain level of accuracy in the reconstruction results. However, it should
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(a) (b)

Figure 5 Delaunay triangulation of a local image. (a) Connection of buildings and roads; (b) separation of buildings and roads.

(a) (b)

XY

H

XY

H

Figure 6 Results of 3D reconstruction. (a) Without the image segmentation; (b) with the image segmentation.

be noted that in the actual experimental area, there are two high-rise buildings. However, in Figure 6(a), only
one of them is reconstructed, while the other one is not. This situation may be the result of interference
between ground and building information. To address this limitation, image segmentation was employed as
an aid in Figure 6(b) for 3D reconstruction. This improvement not only preserved the precise reconstruction
of building height as shown in Figure 6(a), but also overcame the limitation of incomplete reconstruction of
the experimental area in Figure 6(a), significantly enhancing the accuracy of the 3D reconstruction results.

CONCLUSIONS

This study proposes an image segmentation-aided 3D reconstruction for 3D imaging of array InSAR data. By
using MRF and Bayes, the segmentation of SAR image is conducted with both good accuracy and computing
efficiency. The segmentation algorithm fully considers the relationship between pixels in the image and their
surrounding pixels, and can better utilize spatial correlation and statistical features in the image, resulting
in quite good segmentation results. Under the constraint of segmentation results, 3D phase unwrapping can
avoid phase jumps and effectively solve the problem of elevation ambiguity. The method of segmentation-
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aided phase unwrapping for 3D reconstruction fully utilizes image characteristics to achieve reliable phase
unwrapping, which effectively improves the practical application of unmanned aerial vehicle (UAV) array
InSAR systems. This work only considers isolated buildings. Future work will focus on more precise
segmentation for more complex 3D reconstruction with height ambiguity.
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