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A B S T R A C T   

The accuracy of phase unwrapping in multi-temporal interferometric synthetic aperture radar (MT-InSAR) 
technology affect closely on the accuracy of ground deformation monitoring. In the urban area, urban in
frastructures such as high-rise buildings present additional challenges to phase unwrapping due to the sudden 
elevation changes. The failure rate of phase unwrapping is often much higher in such areas, bringing more biases 
to the estimated deformation and height values. We propose a new method for MT-InSAR phase unwrapping 
especially for deformation monitoring in urban areas. The method isolates the propagation path of information 
by considering the building height information of a study area. Two quality controllers are also developed to 
refine the arc observation network structure for network adjustment and to correct the phase unwrapping errors. 
The proposed method is tested using both simulated and real datasets. The results show that the building height 
and the geolocation of the coherence points were estimated much more accurately, demonstrating the effec
tiveness of the proposed method in monitoring deformation of urban area.   

1. Introduction 

Urban areas often undergo various forms of ground deformation due 
to, e.g., underground construction (Wu et al. 2021), land reclamation 
(Wu et al. 2020), and infrastructure instability (Qin et al. 2021; Xiao 
et al. 2022). Monitoring such deformation is important to detect 
impending hazards. Multitemporal interferometric synthetic aperture 
radar (MT-InSAR), one of the most powerful geodetic techniques, has 
been developed to measure large-area high-resolution ground defor
mation since about 2000 (Berardino et al. 2002; Ferretti et al. 2001). In 
MT-InSAR applications, accurate deformation monitoring depends 
critically on the accuracy of phase unwrapping (Yu et al. 2019). 

Several approaches have been developed for phase unwrapping in 
MT-InSAR. The first approach is the Permanent Scatterers InSAR (PS- 
InSAR) which analyses the point targets with high phase quality (Ferretti 
et al. 2001). Several variants of PS-InSAR methods have been subse
quently developed by exploring e.g., 3D phase unwrapping (Hooper 
et al. 2004), and minimum cost flow (Pepe and Lanari 2006). The second 

approach makes use of homogeneous targets, (i.e., Distributed Scat
terers), within a SAR stack to improve the phase quality to enhance 
phase unwrapping (Berardino et al. 2002; Ferretti et al. 2011; Jiang et al. 
2015; Wang et al. 2022). Efforts have also been made on studying e.g., 
the deformation models (Van Leijen and Hanssen 2007), and networking 
strategies (Ojha et al. 2015) to enhance the accuracy of phase unwrap
ping in different application scenarios. However, in the urban area, the 
elevations of urban infrastructures vary suddenly and significantly, 
especially in the dense high-rise cities like Hong Kong, generating very 
high phase gradients in the interferograms that adversely affect the 
accuracy of phase unwrapping. 

We propose a hybrid MT-InSAR method that will improve quality of 
phase unwrapping in applications in urban areas. To avoid the impact of 
discontinuous propagation paths, a height-guided networking strategy 
will be developed to constrain the propagation paths of the network 
solutions. To enhance the quality of phase unwrapping, two quality 
control strategies will also be developed to refine the spatial network 
structure and to correct the phase unwrapping errors. 
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2. MT-InSAR phase unwrapping 

Let us assume N + 1 co-registered SAR images are obtained to 
generate M interferograms (IFGs) using either a single or multiple 
master interferometric network. P coherent points are selected from the 
IFGs stack based on a phase quality threshold. A Delaunay triangulation 
network (Fig. 1(a)) or other networks such as the freely connected 
network (FCN) (Fig. 1(b)) can be formed to link the selected points. 
Double differenced phase between point pairs (i.e., arcs) in all the IFGs 
(e.g., the arc between point i and j in Fig. 1(b)) are taken as the obser
vations. The double differenced phase on an arc is expressed as (Ferretti 
et al. 2001), 

Δψ i,j = wrap
{

Δϕi,j
defo +Δϕi,j

topo +Δϕi,j
orb +Δϕi,j

APS +Δϕi,j
noise

}
(1) 

where wrap{ • } represents the wrapping operation; Δψ i,j is the 
wrapped double differenced phase; Δϕi,j

defo is the deformation phase; 

Δϕi,j
topo is the topographic residual phase (DEM error); Δϕi,j

orb and Δϕi,j
APS 

are phase components induced by the satellite orbital error and the at
mospheric delays, respectively; Δϕi,j

noise is the decorrelation noise. Δϕi,j
orb 

can be compensated by, e.g., estimating the orbital errors (Zhang et al. 
2014). Δϕi,j

APS can be mitigated to certain extent by spatiotemporal 
filtering. For urban areas, since the arcs are constructed with high 
coherent points and are typically short (say distance < 1km), it is not 
significantly affected by the decorrelation and atmospheric effects 
(Hanssen 2001). Therefore, the first and second items are considered as 
the main phase components (MPC) of an arc. Therefore, Equation (1) 
can be written as, 

Δψ i,j = wrap
{

4π
λ

Δdi,j +
4πB

λρsinϑ
Δhi,j + Δϕi,j

res

}

(2) 

where Δdi,j and Δhi,j represent the unknown deformation and DEM 
error. In general, Δdi,j is parameterized with the deformation model i.e., 
Δdi,j = Δt • Δvi,j. B, ρ, λ and ϑ are the perpendicular baseline of the IFG, 
slant-range between radar sensor and the target, radar wavelength, and 
incidence angle, respectively. MPC is estimated using the periodogram 
solver by a discrete search of Δvi,j and Δhi,j in given intervals to maximize 
the arc quality, e.g., using temporal phase coherence (TPC) that is 
calculated by (Ferretti et al. 2001; Pepe et al. 2011), 

arg max⏟⏞⏞⏟
Δvi,j ,Δhi,j

⎧
⎨

⎩
γ̂ =

1
M

⃒
⃒
⃒
⃒

∑M

k=1
Δϕi,j

k,res

⃒
⃒
⃒
⃒

⎫
⎬

⎭
,

with Δϕi,j
k,res = ejΔψi,j

k e
− j

(

4π
λ Δtk ⋅Δvi,j+

4πBi,j
k

λρsinϑ Δhi,j

)
(3) 

where γ̂ represents the TPC. A larger value of γ̂ implies a better 
estimation of the MPC. The parameters of Δvi,j and Δhi,j are normally 
considered to be estimated correctly when ̂γ > 0.7. After all the arcs are 
estimated, a spatial network adjustment can be carried out to determine 
the parameters and the unwrapped phase by assuming that the phase 
residuals Δϕi,j

res ∈ (− π, π] (Ferretti et al. 2001). The deformation time 
series is retrieved with the spatiotemporal filtering or with a predefined 
deformation model in the process referred to as post-processing (Chang 
and Hanssen 2015). 

Many factors affect the accuracy of phase unwrapping discussed 
above. First, the network-based unwrapping algorithms are path 
dependent and can potentially diverge. For example, an arc that con
nects a point on a building to a point on the road can bias the estimation 
of the building height (Fig. 2(a)) compared with the results from the 
correct propagation path in Fig. 2(b). Second, dense double-differenced 
observations are often used (Wu et al. 2019). Such dense observations 
generate the solutions with different qualities that can propagate the 
errors during the spatial network adjustment. Therefore, a high-quality 
network needs to be extracted before the network adjustment (Jiang and 
Guarnieri 2020). Finally, current quality indicators of arc solutions (e.g., 
temporal coherence) only indicate the temporal variation of the residual 
phase, the arcs with large residual can generate the phase ambiguity 
during the adjustment. Therefore, phase unwrapping errors are often 
unavoidable. 

Fig. 1. Spatial network formed by (a) Delaunay triangulation, (b) freely con
nected network. Each line is a double differential observation between a point 
pair, or an arc as called commonly. 

Fig. 2. Estimated building height with (a) a low-quality integration path and (b) a correct path. (c) Overlay the points on Google Earth 3D-model. The red arrows 
indicate the integration path of network adjustment. 

S. Wu et al.                                                                                                                                                                                                                                      
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3. Methodology 

A height-guided spatial networking strategy and two quality control 
strategies (i.e., spatial network refinement and unwrapping error 

correction) are proposed to enhance the quality of MT-InSAR phase 
unwrapping in urban areas. 

Fig. 3. (a) LFCN, (b) subset networks due to removal of arcs with large height differences, (c) constrained network, and (d) network merging (b) and (c). The red dots 
in (b) are the selected constraint points. 

Fig. 4. Closure phase of an interferometric triplets. The black circle indicates where the unwrapping error occurred.  
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3.1. Height-guided networking 

A height-guided spatial networking (HgN) strategy is proposed to 
select the proper arcs that are used to propagate the solutions between 
the points to mitigate the impact of elevation discontinuities. More 
specifically, we perform a discrete search of Δh for each arc constructed 
by a spatial network, e.g., Fig. 3(a) generated by the Pixelwise estimator 
(Wu et al. 2019) with the local freely connected network (LFCN), 

argmax⏟⏞⏞⏟
Δhi,j

⎧
⎨

⎩
γ̂ =

1
M

⃒
⃒
⃒
⃒

∑M

k=1
Δϕi,j

res

⃒
⃒
⃒
⃒

⎫
⎬

⎭
, withΔϕi,j

res = ejΔψi,j
k e

− j

(
4πBi,j

k
λρsinϑ Δhi,j

)

(4) 

where ̂γ represents the TPC. The arcs with smaller height differences 
are kept while the others are removed. The threshold setting for the arc 

solution is experience value, e.g., 
⃒
⃒Δhi,j

⃒
⃒
〈

60&γ̂ > 0.7. Spatially isolated 

subnetworks may be generated in this process (e.g., Fig. 3(b)). In this 
case, the point heights can be estimated through network adjustment 
within each subnetwork. The points with lower height within each 
subnetwork can be selected as the constraint point (CP) (e.g., the red 
dots in Fig. 3(b)). Then the unwrapped phase of CPs is retrieved and used 
to generate a constrained network with DTN (Fig. 3(c)). Finally, the 
subnetworks and the constrained network are merged to propagate the 
solutions between the subnetworks and to construct a height-guided 

spatial network (Fig. 3(d)) for a final network adjustment. The height- 
guided networking is verified in Section 4.1. 

3.2. Spatial network refinement 

Since the quality of the arc solutions is important for the subsequent 
network adjustment, the arc solutions with high-quality can be extracted 
from the redundant arcs according to their qualities (Jiang and Guar
nieri 2020). For example, in Fig. 1(b), if the quality of arc (i, j) is low, we 
can use the other two arcs in red to propagate the solutions from point i 
to point j (i→k→j). We here define the redundant arc solutions as set R 
and the selected arc solutions as set S, where S ∈ R&Squalities > Rqualities. 
Specifically, a Delaunay network is constructed as the reference network 
structure to connect all the points. For each arc of the Delaunay network, 
we applied the shortest path algorithm (Jianya 1999) to find the optimal 
arc paths from the redundant network, R, generated by LFCN to replace 
this arc. Accordingly, when all the arcs have been replaced, the refined 
set S is extracted. 

To define a weight function for the shortest path algorithm, the 
temporal closure values (TCV) of the phase residuals is calculated for each 
arc in set R. According to (Pepe and Lanari 2006), the smaller the TCV is, 
the less phase ambiguities exists in the arc. We calculated the TCV using 
Equation (5) to ensure that the arcs with less TCV have smaller positive 
weights. 

Fig. 5. Flow chart of the proposed method.  
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C =
∑T

n=1

( ⃒
⃒Δϕa,b

res + Δϕb,c
res − Δϕa,c

res

⃒
⃒
)

n (5) 

where C represents the sum of the TCV in an arc; T is the number of 
network triplets in the interferometric network. Δϕa,b

res represents the 
phase residuals between the unwrapped and original wrapped phase of 
an arc; a, b and c represent three SAR acquisitions. The accuracy of the 
spatial network adjustment is then improved when the refined network 
is used. The effectiveness of spatial network refinement (SnR) strategy 
will be verified in Section 4.2. 

3.3. Correction of phase unwrapping error 

After achieving the unwrapped phase, the TCV has been used to 
identify phase jumps (Agram and Simons 2015). The TCV and ambiguity 

index (Kamb) of one pixel in a network triplet is calculated by, 

ϕTriplet = Δϕa,b +Δϕb,c − Δϕa,c  

Kamb = round
[
(ϕTriplet − wrap

(
ϕTriplet

))/
2π

]
(6) 

where Δϕa,b represents the unwrapped phase from SAR acquisitions a 
and b. round[ • ] stands for the nearest integer number. ϕTriplet represents 
the TCV of the unwrapped phase that should not have phase ambiguity 
(Kamb = 0). Fig. 4 gives an example of phase unwrapping error. 

To identify the source of phase unwrapping errors, each IFG that acts 
the vertex of a network triplet must be inspected. One network triplet 
can only indicate the pixel that has phase unwrapping error in one or 
more of the three IFGs used to calculate the triplet. With the help of 
multiple network triplets from multiple master interferometric network 
may make it possible to correct the phase unwrapping error (Hussain 

Fig. 6. “Real” height of (a) all coherent points used in the simulation and (b) selected CPs. The black dots in (a) are the locations of the CPs in (b).  
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Fig. 7. The statistical results of the CPs height and subnetworks numbers using different height thresholds and phase quality.  

Fig. 8. TCV of network triplets in (a) DTN, (b) LFCN with closure detection, and (c) LFCN with SnR using the simulated observations in coherence interval [0.7 1].  

Fig. 9. RMSE between simulated and unwrapped phase from weighted DTN (in 
blue), LFCN with closure detection (in green), and LFCN with SnR (in red). 

Fig. 10. Success rate of unwrapping error detection.  
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et al. 2016; Yang et al. 2013; Zhang et al. 2019). The correction of the 
unwrapping errors of a pixel can be obtained by, 

K̂ amb = argmin‖LTriplet • Kamb +
ϕTriplet − wrap

(
ϕTriplet

)

2π ‖2 +α‖Kamb‖1 (7) 

where LTriplet is T × M matrix; T and M are the number of network 
triplets and the number of the IFGs, respectively. Each row of LTriplet 

corresponds to a network triplet while a column consists of 1 or − 1 when 
the IFG is a member of a triplet or 0 otherwise. Kamb is the unknown 
integer phase ambiguity. As each IFG has an unknown Kamb, the design 
matrix LTriplet can be rank deficient, may not always have a unique so
lution. Therefore, regularization is needed, such as apply the L1-norm 
regularized least squares optimization in Equation (7), where α is the 

parameter to trade-off between the L1 and L2-norm regulation (Zhang 
et al. 2019). 

The rank deficiency problem of LTriplet can be avoided if the IFGs with 
ambiguities are identified correctly. We propose to use the residual 
phase to identify specific IFGs with ambiguities. The phase residual 
between original wrapped and unwrapped phase, Δψres, is used to 
identify IFG with unwrapping error that locates in ( − π, π]. Before this 
procedure, the phase correction of the reference point should be carried 
out (Chang 2015), which has been introduced in Supplementary Mate
rial. In addition, because of the IFGs with significant unwrapping error 
will lead to large phase residual during least-squares (LS) inversion 
(Zhang et al. 2011), we also use the phase residual of the LS estimation 
of the successive interval phase (Δϕsuc) using unwrapped IFGs to iden
tify the IFG with modulo 2π unwrapping error. Two types of phase re
siduals can be calculated by, 
{Δψres = wrap(Δψ − Δϕ)

Δϕres = Δϕ − GΔϕsuc;Δϕsuc =
(
GTG

)− 1( GTΔϕ
) (8) 

where G denotes design matrix to connect the IFGs and successive 
interval phase. We substitute the Δψres and Δϕres into (6) to identify if 
the network triplets have the unwrapping error. The interferometric 
triplets owning non-zero Kamb are labeled as error-affected triplet. The 
specific IFG on the triplet is recognized having unwrapping error when 
the threshold is satisfied, 
{

round[|Δψres/κ| ] ≥ ε, κ = π;
round[|Δϕres/κ| ] ≥ ε, κ = 2π; (9) 

where theoretically ε = 1, it can be adjusted because of phase 
filtering or interferogram multi-looking could also introduce the non- 
zero Kamb value. After the IFGs with ambiguities are detected, the cor
responding IFGs are then corrected. The Phase unwrapping error 
detection and correction are performed iteratively to correct the 
unwrapping error. The bottom Equation of (8) should not be rank 
deficient and required the connectivity of the interferometric network. If 
the condition is not fulfilled, the points with unwrapping errors can be 

Fig. 11. Rate of successful unwrapping error correction.  

Fig. 12. Spatiotemporal baseline network of (a) CSK and (b) Sentinel-1A datasets.  
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highlighted in final deformation products. The Phase unwrapping error 
correction will be verified in Section 4.3. 

3.4. Hybrid method 

The hybrid method integrates the proposed HgN, SnR, and phase 
unwrapping error correction strategies in MT-InSAR processing chain. 
The processing flow is described below,  

1) Perform MT-InSAR estimation with the Pixelwise estimator as it not 
affected by the deformation model error (Wu et al. 2019), to select 
coherent points and retrieve the unwrapped phase of the redundant 
arcs which constructed by LFCN.  

2) Carry out the discrete search of Δh with Equation (4) among 
remaining arcs to select arcs with small height difference.  

3) Detect isolated sub-networks and carry out network adjustment for 
each sub-network and select the CPs.  

4) Retrieve the unwrapped phase of CPs with Pixelwise estimator and 
construct the constrained network with DNT.  

5) Carry out SnR for each network and estimate the unwrapped phase of 
all coherent points by network adjustment.  

6) Phase unwrapping error correction.  
7) Estimate parameters by post-processing. 

In Step 3), the distribution of selected CPs is affected by the threshold 
of the height differences and the arc quality, which will be discussed in 
Section 4.1. In step 6), multi-looking or phase filtering may result in non- 
closure phase, affecting the success rate of the unwrapping error 

detection and correction. Therefore, attention could be paid to points 
that have large phase jumps. Step 7) is performed after phase unwrap
ping. Some unwanted phase components can be eliminated, such as the 
orbital errors (Zhang et al. 2014), the atmospheric delays (Liang et al. 
2018), and the topographic residual error (Liang et al. 2019). The steps 
in green color in Fig. 5 correspond to the standard steps in MT-InSAR 
processing for phase unwrapping, whereas the steps proposed are 
marked in light blue. 

4. Validation with simulated data 

4.1. Height-guided spatial network 

136 interferograms are simulated according to the baseline network 
of Figure S1 in the Supplementary Material. Phase components related 
to building height (Fig. 2(b)) and thermal dilation are simulated. Phase 
noise is simulated using a Gaussian function and the different coherent 
intervals. It is assumed that no APS and orbital error phase are present in 
the interferograms. After combining all the different phase components 
and wrapping them in the range of (-π, π], double differenced phase 
observations are obtained for a spatial network. Equation (4) is applied 
to select the CPs for evaluating the HgN strategy. 

Fig. 6(a) indicates the selected CPs points, which are marked with 
black dots and distributed on the bottom of buildings. The selected CPs 
have small height value (Fig. 6(b)) and can be used to construct the 
propagation path of the arc solutions. To test the effect of the threshold 
setting in equation (4), we performed the CPs selection using varied 
thresholds and the quality of simulated datasets. Fig. 6(c) and (d) give 

Fig. 13. Height maps estimated by (a-d) PS-InSAR, (e-h) EMCF, (i) Pixelwise estimator, and (j) the proposed method. The red rectangle indicates the location of the 
reference point. The black dots in (j) are the selected CPs. 

S. Wu et al.                                                                                                                                                                                                                                      
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two example results of selected CPs with different heights by different 
height thresholds and simulated datasets, respectively. Fig. 7(a) and (b) 
show the standard deviation of the estimated height of CPs and the 
number of generated subnetworks corresponding to different height 
thresholds and phase quality (i.e., coherence intervals), respectively. 
The selection of CPs is influenced by the threshold used. When strict 
threshold and low-quality dataset were used, the subnetworks increased 
on the building, then the coherent points on the building were selected 
as the CPs. If the unwrapped phase of CPs is retrieved incorrectly that 
will affect the effectiveness of the HgN strategy. Therefore, the experi
ence suggests that in general, a moderate height threshold of 60 m can 
be used to remove the arcs with large height differences, and a TPC 
threshold of 0.7 is used to ensure the accuracy of parameter calculation, 
which can be adjusted accordingly. 

4.2. Spatial network refinement 

Same simulated dataset of Section 4.1 is also used to study the 
effectiveness of the proposed SnR strategy for spatial network adjust
ment. Two spatial networks, Delaunay triangular network (DTN) and 
local freely connected network (LFCN)), are used to construct the double 
differential observations. After estimating the arc solution, weighted 
DTN adjustment and LFCN adjustment with phase closure detection 
(Wu, et al. 2019) are deployed respectively to retrieve the unwrapped 
phase of the points. As a comparison, we perform SnR before LFCN 
adjustment to extract the refined network that has the smallest TCV. The 
accuracy of phase unwrapping is evaluated by calculating the Root Mean 
Square Error (RMSE) with respect to their simulated “true” values. 

Fig. 8 shows some examples of the TCV derived from different spatial 
networks. The value of TCV (Fig. 8(c)) is reduced notably by the SnR 
strategy compared to the other networking strategies shown in Fig. 8(a) 
and (b). In Fig. 9, the results show that network adjustment with SnR has 

the smallest RMSE. Compared with the weighted DTN adjustment and 
the LFCN with phase closure detection, the accuracy of phase unwrap
ping, i.e., RMSE, is improved by around 0.2 rad along all the simulated 
datasets with different coherence intervals. 

4.3. Correction of unwrapping error 

The unwrapped phase is simulated according to the baseline network 
of Figure S1 in the Supplementary Material. Integer unwrapping errors 
from π to 6π with random signs are added to some of the observations 
(about 1 % to 60 % of the observations in the different tests). Gaussian 
non-closure phase noise is simulated. The unwrapping error detection 
and correction strategies are applied. The accuracy of the solutions is 
evaluated by comparing the results with the simulated “true” values. We 
repeated the experiment with 1000 times to reduce the variability 
caused by the random errors. 

Fig. 10 shows the success rates of error detection are almost 100 % 
when the unwrapping error of π are added (green line), while the rates 
are about 93 % (red line) when the unwrapping error added are larger 
than π. The mean success rates are higher than 96 % (blue line). Fig. 11 
shows the success rates of error correction under different percentages of 
errors added. For the errors added is π, the success rates are very high. 
For the errors added larger than π, the estimator significantly reduced 
the number of IFGs with errors to<5 % when the added errors are<30 % 
of IFGs. When the added errors are>30 %, the estimator only corrects 
some of them and some new unwrapping errors may potentially be 
caused by the error correction. The histogram in Fig. 11 shows the 
percentages of new errors generated when the added ambiguities varied 
from − 4π to 4π. In reality, unwrapping errors are normally moderate in 
size. Points with large unwrapping errors should have been detected by 
techniques such as closure detection in the unwrapping process. 

Fig. 14. Distributions of coherent points after geolocation refinement using the height results in (a) Fig. 13-b, (b) Fig. 13-f, (c) Fig. 13-i, (d) Fig. 13-d, (e) Fig. 13-h, 
and (f) Fig. 13-j. The color scale is the same as that used in Fig. 13. 
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5. Validation with real data 

In this Section, two SAR datasets (COSMO-SkyMed (CSK) and 
Sentinel-1A) covering Hong Kong urban areas will be used to test the 
proposed method against the conventional MT-InSAR methods. The 
scenes covered by CSK are dominated by intersecting buildings and 
roads in Fig. 2(c). The X-band (3.1 cm) CSK data with large baseline 
variations make phase unwrapping difficult in such urban areas. The 
scenes covered by Sentinel-1A are Hong Kong Island with dense high- 
rise buildings which is used to prove that the proposed method can 
still improve the solutions when the C-band (5.6 cm) data with stable 
baselines variation are used. Further information on the SAR datasets is 
given in Table S1 of the Supplementary Material. Fig. 12 shows the 
baseline networks of the 136 and 508 interferograms from 30 CSK and 
76 Sentinel-1A SAR images, respectively. 

5.1. Results from CSK data 

The CSK dataset is processed with the proposed method and three 
current methods, i.e., PS-InSAR (Ferretti et al. 2001), EMCF (Pepe and 
Lanari 2006), and Pixelwise estimator (Wu et al. 2019). The single 
master baseline networks for PS-InSAR and multiple master baseline 
network for EMCF methods are shown in Figure S2 of the Supplementary 
Material. The Pixelwise estimator and the proposed method used the 
same baseline network in Fig. 12. The estimated height maps from the 
CSK data are shown in Fig. 13. 

Fig. 13(a)-(d) are the building heights estimated by traditional PS- 
InSAR method. In Fig. 13(a), only 1,973 PS points are remained based 
on amplitude dispersion index (ADI) of 0.25. The DTN spatial 

networking is constructed for the phase unwrapping. Although the 
phase quality of the points is high, the solution is still biased, and the 
building heights cannot be separated from those of the roads. The so
lution deviates more when points with lower quality are selected (i.e., 
ADI < 0.4) in Fig. 13(b). In contrast, the LFCN is used to connect the 
nearest 50 points for each coherent point to generate more redundant 
observations and the strict threshold (i.e., TPC > 0.7) is used to achieve 
the results in Fig. 13(c)-(d). In Fig. 13(d), the optimal network is 
extracted with the SnR strategy for network adjustment and the heights 
are well estimated. Since the TCV cannot be calculated in single master 
interferometric network (i.e., PS-InSAR), we used the temporal coher
ence instead of TCV as the weight in SnR strategy (Jiang and Guarnieri 
2020). Fig. 13(e)-(h) are the estimated by EMCF method. Fig. 13(e) is 
the height maps estimated using DTN spatial network where the mini
mum cost of TCV is used during the phase unwrapping. The strict 
thresholds (TPC > 0.7) cause discontinuities in the spatial network so 
that only limited number of points remain. In Fig. 13(f), a biased height 
map on the road is achieved when relaxing the threshold to keep more 
points. In contrast, reliable results are retrieved in Fig. 13(g) and (h) 
when the LFCN and SnR are applied with the strict thresholds. 

The result in Fig. 13(i) retrieved by the Pixelwise estimator is biased 
by the dense arc solutions with different quality that affected the 
building height estimation. In contrast, the results estimated by the 
proposed method shown in Fig. 13(f) indicate that the building heights 
are well estimated and separated from those of the roads. The solution 
benefited from the use of the CPs (the black dots) in propagating the arc 
solution and the SnR in refining the network structure in the network 
adjustment. The results clearly indicate the effectiveness of the redun
dant arc observations in maintaining denser points and the necessity of 

Fig. 15. Deformation rates estimated with (a) PS-InSAR, (b) EMCF, (c) Pixelwise estimator, (d) the proposed method. (e) the histogram of residual between proposed 
method and other methods. 
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the SnR strategy in achieving reliable results. 
Using the height results in Fig. 13(b), (f) and (i) to refine the geo

locations of the points, the buildings in areas A and B as highlighted by 
the dashed rectangle are not correctly positioned as shown in Fig. 14(a)- 
(c), respectively. In contrast, using the height information obtained by 
using LFCN and SnR in Fig. 13(d), (h), and (j), the points on the buildings 
are much better aligned. The location of roads and buildings in area A 
are clearly separated, which is very helpful for urban structural health 
monitoring. The results of Fig. 14(f) have been overlaid onto the Google 
Earth map as shown in Fig. 2(c) to demonstrate the excellent quality of 
the results, the overlaid images for other results have been display in the 
Figure S4 of the Supplementary Material. 

The deformation rates estimated by the different methods are shown 
in Fig. 15. The results are based on the same unwrapping results as for 
the height estimation in Fig. 13 (d, h, i, and j). The results show similar 
deformation patterns although there are some subtle differences as 
shown in Fig. 15(e), indicating the effectiveness and reliability of the 
LFCN and SnR strategy. Similar to (Pepe and Lanari 2006), the original 
and unwrapped IFGs are used to evaluate the accuracy of phase 
unwrapping using temporal coherence that can be expressed by, 

γ̂ =
1
M

⃒
⃒
⃒
⃒
⃒

∑M

k=1
exp

[
j
(

ϕk
wrap − φ̂k

unwrap

)]
⃒
⃒
⃒
⃒
⃒
, 0 ≤ γ̂ ≤ 1. (9) 

where ϕk
wrap and φ̂k

unwrap are the original wrapped and unwrapped IFG 
phase, respectively. k is the index of the interferogram used. For a point 
where ̂γ→1, it is expected that no unwrapping error is occurred because 
of the unwrapped phase is nearly perfectly retrieved. The comparison 
results of the temporal coherence estimated by the results from different 
methods is shown in Fig. 16. The improvement of the coherence 

obtained with the proposed method is evident. Compared with PS- 
InSAR, EMCF and Pixelwise estimator, the proposed method achieved 
an improvement of about 158 %, 128 % and 18 %, respectively in terms 
of the number of points with a temporal coherence value greater than 
γ̂ = 0.7. In addition, most points from the proposed method have tem
poral coherence close to 1, demonstrating the outstanding performance 
of the proposed method in retrieving the unwrapped phase. 

Table 1 shows that the proposed method identified and used 42,310 
coherent points and only 670 of them have unwrapping errors with non- 
closing triplets>10 %, which are significantly reduced compared with 
the Pixelwise estimator (i.e., 17,527). The EMCF has fewer points (649) 
with such unwrapping errors, which benefited from the minimum TCV 
procedure of the network solution. The point density from the EMCF is 
however much lower. 

5.2. Result from Sentinel-1 data 

The height information over Hong Kong Island estimated from the C- 
band Sentinel-1 dataset is shown in Fig. 17. Around 153,000 points in 
total are obtained and the building heights are clearly separated in 
Fig. 17(a). Fig. 17(b) shows that only points with lower heights are 
selected as the CPs to construct the HgN network and to propagate the 
arc solution during the spatial network integration. 

We applied the SnR strategy to refine the spatial network with 
minimal TCV before the spatial network adjustment. Fig. 18(a) shows 
the histograms of the TCV of the coherent points. The TCV have been 
reduced notably after the SnR was used. Fig. 18(b) compares the residual 
phase between the original and unwrapped phase before and after 
applying the SnR. The dispersion of phase residuals is significantly 
reduced, and the standard deviation of the residuals is also reduced from 
0.5 to 0.29 rad, indicating the effectiveness of SnR in enhancing the 
quality of phase unwrapping. 

Fig. 19(a) gives an example of phase jumps calculated using the 
unwrapped phase of the CPs in an interferometric triplet. Fig. 19 (b) and 
(c) are the estimated deformation rates before and after correcting the 
phase unwrapping errors. Although similar deformation patterns can be 
seen in the results, the differential map shows clearly the impact of the 
unwrapping errors on the estimated deformation rates. The impact of 
the unwrapping errors on the deformation time series has been pre
sented in the Supplementary Material. 

5.3. Computational efficiency 

To compare the computational efficiency, we summarized the CPU 
time in Table 2 for obtaining the results of Fig. 13(d), (h), (i), and (j) 
from 30 CSK images with an Intel Core-i7-6900 k @3.40 GHz processor. 
Compared with traditional methods, the proposed method only slightly 
increases the computation time, and the computational burden is 
considered affordable in terms of the advantages. 

Table 1 
Summary of data processing results in Fig. 13.  

Slover IFG network Initial points 
(Threshold) 

Spatial network Arc quality PhU error (>10 %No. of Triplets) Final points 
without SnR with SnR 

PS-InSAR 
Fig. 13(a) 

Single-master 1,973 
(ADI < 0.25) 

DTN TPC > 0.6 – – 1,971 

PS-InSAR 
Fig. 13(d) 

Single-master 19,668 
(ADI < 0.4) 

LFCN TPC > 0.7 & SnR – – 15,343 

EMCF 
Fig. 13(h) 

Multi-master 19,668 
(ADI < 0.4) 

LFCN TPC > 0.7 & SnR – 649 17,354 

Pixelwise 
Fig. 13(i) 

Multi-master 320,000 
(all pixels) 

LFCN <0.4 rad & 
minimum (TCV) 

17,527 – 55,057 

Proposed 
Fig. 13(j) 

Multi-master 320,000 
(all pixels) 

LFCN & HgN <0.4 rad & SnR – 670 42,310 

* DTN: Delaunay triangular network; LFCN: Local freely connected network; TCV: Temporal closure value. 

Fig. 16. Histograms of temporal coherence of the unwrapped phase from the 
different methods. 
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6. Conclusion 

We have proposed a hybrid method for MT-InSAR phase unwrapping 
for applications in urban areas. The height-guided spatial network and 
two quality control strategies have been proposed to enhance the quality 
of phase unwrapping to estimate the deformation and building height. 
Both simulated and real SAR datasets have been used to test the pro
posed method and compared with the conventional MT-InSAR methods. 
The simulation experiments indicated that the proposed method can 

effectively isolate the propagation paths by identifying the constraint 
points to overcome the impact of discontinuity of the urban ground 
infrastructures. The quality of phase unwrapping was enhanced by the 
network refinement strategy in the reduction of 0.2 rad of RMES. 
Moreover, the strategy of unwrapping error correction can iteratively 
identify and correct the phase unwrapping error. In real experiments, 
the proposed method estimated more accurate building heights and 
geolocations, which is critical for deformation interpretation in the 
urban area. In addition, the number of points that be successfully 

Fig. 17. Estimated heights of (a) all coherent points and (b) selected CPSs. The color indicates the height values that are restricted to range [-100, 100] for bet
ter display. 
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Fig. 18. Histograms of (a) TCV of the unwrapped phase and (b) residual phase of coherent points before and after the SnR.  

Fig. 19. (a) Unwrapping errors reflected in interferometric triplets calculated from unwrapped phase of the CPs. Deformation rates estimated before (b) and after (c) 
correcting the phase unwrapping errors. (d) Differential deformation rates between (b) and (c). 
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unwrapped was doubled compared with conventional methods. Each of 
the proposed strategies in the hybrid method can be individually inte
grated into the current MT-InSAR data processing framework for urban 
phase unwrapping. 
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