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Highlights

What are the main findings?

A connectivity-aware multiscale down-sampling phase unwrapping strategy is pro-
posed to overcome phase segmentation along the water canal, reducing the root-mean-
square error of retrieved deformation velocity to 5.7 mm/y.

An AHP-FCE assessment model integrating radar kinematic characteristics with multi-
source environmental factors is constructed to achieve quantitative land subsidence
risk zonation, successfully identifying 114.6 km of very-high-risk zones.

What are the implications of the main findings?

Sensitivity analysis and multiscale evaluation support the stability of the risk assess-
ment framework under weight perturbations, providing a practical spatial mapping
approach for ultra-long linear infrastructure.

The findings bridge the technical gap between macroscopic geodetic monitoring
and quantitative infrastructure hazard risk assessment, providing critical decision
data for the digital twin construction and safe operation and maintenance of water
diversion projects.

Abstract

The Middle Route of the South-to-North Water Diversion Project (SNWD-MR) serves as a
strategic infrastructure critical to safeguarding water security in Northern China. Travers-

ing complex geographical units, the project is perpetually exposed to long-term risks of
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land subsidence. Conventional Interferometric Synthetic Aperture Radar (InSAR) monitor-
ing is hampered by waterbody isolation, causing spatial discontinuities in the retrieved
deformation fields; furthermore, relying solely on deformation metrics fails to comprehen-
sively quantify multidimensional risks. To address these issues, this study proposes an
integrated assessment framework that couples time-series INSAR observations with the
Analytic Hierarchy Process-Fuzzy Comprehensive Evaluation (AHP-FCE) model. To specif-
ically mitigate the challenge of waterbody isolation, we developed a connectivity-aware
multiscale down-sampling phase unwrapping strategy. By exploiting cross-canal bridges
to construct a spatial connection network, a highly accurate, spatiotemporally continuous
deformation field across the entire alignment was successfully reconstructed. Using the
derived deformation field as the core dynamic indicator, an AHP-FCE model integrating
hydrogeological features and human perturbations was constructed. A complementary
evaluation process comprising sensitivity analysis and an internal physical consistency
assessment was subsequently implemented. The results demonstrate that (1) the proposed
algorithm effectively resolves the spatial discontinuity issue of the cross-canal deformation
fields, reducing the deformation-velocity RMSE from 7.9 to 5.7 mm/y, corresponding to an
approximately 27.8% reduction in RMSE relative to the traditional Minimum Cost Flow
(MCF) method; (2) land subsidence along the alignment exhibits prominent spatial hetero-
geneity, with the northern Henan and southern Hebei sections identified as very-high-risk
zones; and (3) InNSAR deformation magnitude and the groundwater elevation indicator
emerge as the most influential factors in the modeled risk distribution. Overall, this study
expands conventional deformation monitoring into a systematic, quantitative risk assess-
ment framework, thereby providing scientific insights and theoretical support for the early
warning of geo-hazards and the smart operation and maintenance of large-scale water
diversion projects.

Keywords: INSAR; deformation monitoring; risk zonation; Middle Route of the South-to-North
Water Diversion Project

1. Introduction

Spanning a total length of 1432 km, the Middle Route of the South-to-North Water
Diversion (SNWD-MR) project serves as a strategic infrastructure essential for safeguarding
water security in northern China [1]. As a cross-regional linear engineering project, it tra-
verses highly complex geological environments. Specifically, the route intersects multiple
intricate geological units, including the Huang-Huai-Hai Plain, which are characterized
by the widespread distribution of expansive soils, collapsible loess, and deep Quaternary
unconsolidated sedimentary layers [2-7]. Furthermore, the North China Plain has long
suffered from groundwater overexploitation, with localized areas experiencing the super-
imposed impacts of intensive mining and urban development activities [4-8]. Driven by
the compounding effects of these intrinsic environmental constraints and extrinsic dynamic
variables, land subsidence has emerged as the primary geohazard inducing structural
damage to canal and auxiliary facilities along the route [8—20]. Consequently, the large-
scale, high-precision early identification of deformation anomalies and the comprehensive
assessment of subsidence risks are of paramount importance.

Regarding deformation monitoring, time-series INSAR (TS-InSAR) technology is
widely employed for large-scale surface deformation observations owing to its extensive
coverage and high precision [21-29]. In recent years, this technology has been progressively
applied to monitor subsidence along the South-to-North Water Diversion (SNWD) project
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and its surrounding areas [2,8-20]. However, when applying conventional InSAR tech-
niques to long-distance water diversion infrastructure, several technical challenges persist.
Due to variations in surface cover along the route, radar signals are highly susceptible to
decorrelation, leading to the spatial separation of coherent targets [2,3,13,14,21,30-33]. This
isolation of phase unwrapping units induced by water barriers often causes reference point
inconsistencies or error accumulation when conventional phase unwrapping methods
are applied across the canal, ultimately hindering the retrieval of spatially continuous
deformation fields [28,29,34-371].

Phase unwrapping research has progressed from network-flow formulations such as
the minimum-cost-flow method [34] to coherence-optimized time-series processing [35] and,
more recently, deep-learning approaches that fuse phase-gradient information or predict
phase discontinuities [36,37]. Nevertheless, persistent water barriers can partition coherent
pixels into disconnected components, preventing reliable propagation of a common phase
reference across the canal. This limitation motivates the connectivity-aware multiscale
strategy developed in this study.

Furthermore, although the deformation rate is a crucial metric for risk assessment, a
single indicator is insufficient to comprehensively capture the complex conditions driving
geological risks [38—47]. Similar subsidence velocities can exert vastly different actual
impacts on engineering structures depending on the depth to bedrock, groundwater eleva-
tions, and anthropogenic activities. Therefore, conducting a comprehensive risk assessment
necessitates integrating INSAR deformation with multi-source environmental factors. In
recent years, Multi-Criteria Decision-Making (MCDM) models, typified by the Analytic
Hierarchy Process (AHP), have been increasingly introduced into evaluation studies within
the fields of hydraulic engineering and environmental geology [40—-47]. However, current
risk assessments for the SNWD project predominantly rely on static geological and environ-
mental indicators. Studies that incorporate dynamic INSAR deformation results as a core
evaluation factor—coupled with methods like AHP to conduct comprehensive assessments
at the scale of long-distance engineering projects—remain relatively scarce [42,45-47].

Driven by these considerations, this study proposes a comprehensive assessment
framework that integrates deformation inversion with multi-source factor evaluation. First,
to overcome the phase unwrapping challenges posed by water bodies, a connectivity-aware,
multiscale down-sampling phase unwrapping strategy is introduced to acquire spatially
continuous deformation fields across the canal. Second, utilizing these INSAR-derived
deformation results as core dynamic evaluation factors, we construct a comprehensive
subsidence risk assessment model based on the Analytic Hierarchy Process and Fuzzy
Comprehensive Evaluation (AHP-FCE). Furthermore, to evaluate the stability, uncertainty,
and physical coherence of the proposed model, we conduct weight perturbation tests,
sensitivity analysis, Monte Carlo simulations, cross-method comparisons, and deformation-
distribution analysis. This research aims to provide a quantitative methodological reference
for the monitoring of surface deformation and the spatial risk assessment of long-distance
water diversion infrastructure.

2. Materials and Methods
2.1. Study Area

The study area primarily focuses on the corridor along the main canal of the SNWD-
MR (Figure 1). The route exhibits a descending elevation gradient from south to north,
gradually transitioning into the North China Plain. The geological environments and
engineering conditions along the canal are characterized by profound spatial heterogeneity.
Specifically, the Nanyang segment faces acute challenges related to expansive soils [2,3]. In
contrast, the North China Plain segment is predominantly impacted by regional land subsi-
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dence triggered by groundwater overexploitation [4-8,19,20]. Furthermore, localized areas
along the route, including Jiaozuo, Xinxiang, Pingdingshan, and Handan, are significantly
affected by the compounding impacts of intense mining activities, urban expansion, and
infrastructure construction [10,12,13,18-20].
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Figure 1. Study area and coverage of SAR imagery.

2.2. Data Source

In this study, a comprehensive database was constructed, integrating radar remote
sensing, hydrogeological, geo-environmental, anthropogenic, and meteorological data.
The core datasets consist of ascending Sentinel-1 Synthetic Aperture Radar (SAR) imagery
acquired in Interferometric Wide-swath (IW) mode from 2017 to 2023, encompassing a total
of 1773 scenes distributed across 9 frames (Table 1).

Table 1. SAR data details.

Tile Identifier
Time Span Direction Acquisitions Retained Interferometric Pairs (Top 2%)

Path Frame

11 101 201701-202312 ascending 177 312
113 101 201701-202312  ascending 204 414
113 106 201701202312  ascending 204 414
113 111 201701-202312  ascending 196 382
40 112 201701-202312  ascending 201 402
40 117 201701-202312  ascending 201 402
40 122 201701-202312  ascending 201 402
142 121 201701-202312  ascending 195 378
142 126 201701202312  ascending 194 374

Dates are presented in yyyymm format.

The digital elevation model used in this study was the Shuttle Radar Topography
Mission (SRTM) DEM, with a nominal spatial resolution of 30 m. The DEM was used for
topographic-phase removal during the interferometric processing.
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External validation was performed using Global Navigation Satellite System (GNSS)
observations from the BeiDou Ground-Based Augmentation System. The GNSS records
covered the period from January 2020 to December 2022, whereas the Sentinel-1 InNSAR
observations extended from January 2017 to December 2023.

The auxiliary datasets encompass the corresponding hydrogeological conditions, geo-

environmental settings, human activities, and meteorological records used in the risk

assessment. For the mining-related factor, mine locations were extracted as point features

from the mineral resource maps and used as the source data for constructing a continuous

mine-site-density raster. Details of the evaluation indicators and their data sources are

provided in Table 2:

Table 2. Evaluation indicator system for subsidence risk assessment.

Physical Meaning and

Category Indicator Unit Data Source Hazard-Inducing Logic
Absolute LOS deformation
Hazard InSAR magnitude; larger values indicate
. . Deformation mm/y Sentinel-1 INSAR  greater ground instability regardless
Manifestation . X T
Magnitude of deformation direction
[10-14,19,20,47].
Groundwater-surface elevation
Hydrological referenced to the 1985 National
Groundwater L2 . .
Hydrogeology . ma.s.l. Monitoring Height Datum of China; lower
Elevation . s .
Stations elevations increase effective stress
and subsidence potential [4-8,17].
Key indicator of proximity to the
Geospatial main alignment; shorter distances
Distance to Canal m P correspond to higher structural risks
Database
from lateral seepage and
pipe leakage.
Determines the thickness of
. Geological compressible layers; greater depth
Geo-environment  Bedrock Depth m Borehole Data correlates with higher potential
subsidence.
Causes swelling upon water
Expansive Soil . absorption and shrinkage upon
Distribution 0/1 Geological Maps drying, potentially triggering lining
cracks and slope instability [2,3].
A significant anthropogenic
Human Activit Normalized Dimensionless Mineral Resource interference factor triggering
Y Mine-Site Density Maps ground collapse and discontinuous
deformation [42-46].
Remote Sensing Reflects variations in surface
Land Use Type Category Classification loading and anthropogenic
Data disturbances [42-46].
Hvdrometeorolo Precipitation mm Meteorological Softens soil and induces
y &Y P Station Network deformation in expansive soils.
. Affects structural durability of the
Temperature °C Meteorological canal through freeze—thaw cycles
P Station Network

and thermal stress.
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2.3. Connectivity-Aware Multiscale Down-Sampling InSAR Phase Unwrapping Strategy

Applying InSAR technology for deformation monitoring along the SNWD-MR encoun-
ters two major challenges (as illustrated in Figure 2). First, severe decorrelation is induced
by slope vegetation. The complex land cover along the route degrades the coherence of
radar echoes, posing a significant challenge to accurate deformation inversion [21]. To
address this, this study adopts an improved Small Baseline Subset (SBAS) approach [35].
Instead of relying on traditional spatiotemporal baseline criteria, all possible interferometric
pairs were ranked in descending order according to their mean coherence calculated over
all valid pixels within each SAR frame. The top 2% were retained to ensure the overall
coherence quality of the interferometric network. Second, the water barrier across the
canal leads to phase unwrapping discontinuities. Specifically, for the SNWD-MR, the
50 m wide canal, characterized by stable water flow patterns, results in decorrelation
over the water surface, thereby disrupting the spatial integration paths required for phase
unwrapping [21,36,37]. Consequently, conventional methods are highly susceptible to
reference point inconsistencies between the two canal banks and spatial discontinuities,
which severely degrades the inversion accuracy of the cross-canal deformation fields.

\"'l
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caused by water

% ’ ’ E
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Figure 2. Challenges of INSAR Application in the Middle Route of the South-to-North Water Diversion
Project.

To overcome this challenge, this study proposes a connectivity-aware, multiscale down-
sampling INSAR phase unwrapping strategy. The conceptual framework is illustrated in
Figure 3, with the specific procedures detailed as follows:

Step 1: optimization of unwrapping reference points guided by cross-canal bridges.

Recognizing the critical role of reference points in phase unwrapping, cross-canal
bridges were used to establish spatial connections between the two canal banks. As physi-
cal structures connecting both banks, these bridges generally exhibit stable deformation
characteristics and high radar coherence [31-33]. Through visual interpretation of high-
resolution optical imagery, a total of nine cross-canal bridges were identified within the
nine Sentinel-1 SAR frames. Candidate bridges were required to connect both canal banks,
exhibit bridge-area coherence greater than 0.7, and show stable deformation without ev-
ident localized anomalies. For each SAR frame, the geometrical midpoint of the canal
segment within the frame was determined, and the qualified bridge closest to this midpoint
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along the canal was selected as the unwrapping reference. The geographic coordinates
and corresponding SAR range and azimuth coordinates of the selected reference bridges
are provided in Table 3. All nine SAR frames contained a qualified bridge; therefore, no
alternative reference procedure was required in this study. The subsequent multiscale
phase-unwrapping procedure is described in Step 2.

phase unwrapping Unwrapped
Differential interferometric Differentially unwrapped h: tL(/ -1
e~ phaseat L) _____ phaseat () Lo _|PeesteD
| 112 2 1
------------------------ 4 22" 2 Upsampling

Step 1: Optimization of unwrapping reference :
points guided by cross-canal bridges |

Identify the cross-canal bridges

[ in the SAR frames.

MR2Yx(N/2!
Level M2) /)

Unwrapped

l

l ‘Wrapped phase at L(/)

Select the bridges at the central
position of the canal section.

Level 7

<

l

Perform phase unwrapping with the
bridge center as the reference point.

]

]

1

]

]

1 phase at L(/)
2 I 2 Y I

‘. a2 2 Upsampling

]

[}

1

1

]

]

1

1

11 Ov ‘_.@ ’ i
1

Wrapped phase at L(/-1) ﬁ Down-sampling ﬁ ﬁ !
> 1

1

1

Step 3: GCP-free polynomial adjustment :
constrained by overlapping areas |

12 oy @
‘Wrapped phase at L(/-2) Down-sampling

[ Phase unwrapping results of ]

different SAR frames.

I

I

! /

I - H > V]

i phase unwrapping ‘ lUm\ rapped
1

I

I

o

Perform polynomial adjustment based on
overlapping area of the frames.

I

map of the canal.

Overall surface deformation

| y

! Differential interferometric Differentially unwrapped phase at L(/ -2)

Y ] phaseatL(-) ___________pheseatfio) YV _____ !

P 1

I«. N A |
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| : Level / < 1

Ry o ® a
1
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: ; : L L L . # - unwrapping result :

| ! Differential interferometric Differentially unwrapped |

h : phase at L(0) phase at L.(0) i

Figure 3. Workflow of the connectivity-aware multiscale down-sampling INSAR phase unwrapping strategy.

Table 3. Locations and SAR image coordinates of the reference bridges used for phase unwrapping.

. o . o Range Azimuth
SAR Frame Longitude (°E)  Latitude (°N) Coordinate Coordinate
P11F101 112.0592 32.7641 5706 4698
P113F101 112.4732 32.9854 1537 5823
P113F106 113.2513 33.9277 3574 3163
P113F111 113.3941 35.2625 4897 2290
P40F112 114.1436 35.6195 1936 3219
P40F117 114.4730 37.1585 3589 3079
P40F122 114.8669 38.6219 5496 2479
P142F121 114.9517 38.7549 726 5202
P142F126 115.4678 39.3648 2074 1221

Step 2: multiscale down-sampling InNSAR phase unwrapping framework.

To resolve the width disparity between the cross-canal bridges and the canal itself,
this study introduces the concept of down-sampling phase unwrapping, employing a
multi-level, progressive down-sampling method guided by multilooking factors to govern
the phase unwrapping process. Specifically, the algorithm initiates the unwrapping at a
low-resolution level, utilizing the unwrapped phases of the cross-canal bridges as spatial
constraints to guarantee a unified unwrapping reference. Subsequently, the unwrapped
results from the previous level are progressively propagated to the subsequent finer levels,
serving as constraints to guide the phase unwrapping at higher resolutions. This progres-
sive constraint and propagation strategy effectively mitigates the accumulation of unwrap-
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ping errors, ensuring the robustness and accuracy of the results. Finally, the high-precision
phase unwrapping details are fully restored at the original full-resolution scale (Level 0,
with a 40 m grid size), facilitating the precise inversion of deformation information.

For pyramid level k, the multilooking factor is 2 and the corresponding grid spacing
is therefore Ak = 40 x 2¥ m in both range and azimuth; Level 0 represents the original 40 m
grid, Level 1 an 80 m grid, and Level 2 a 160 m grid.

Assuming the phase of an interferogram is ¢, with range and azimuth sampling
numbers of M and N, respectively, the phase ¢ is processed through I levels. In this process,
the original interferogram phase ¢ is defined as Level 0 with a multi-look number of 1.
For level k (0 < k < I), the multi-look number is set to 2k thereby forming a total of I +1
levels. The range sampling number m and azimuth sampling number # at the highest level,
denoted as !¢, are M/2! and N/2!, respectively.

1 1

¢ - ( ¢i’j>n><m (1)
Then, the interferometric phase !¢ is unwrapped into ‘g,

1 1

?=(211) @

Afterwards, a bilinear interpolation algorithm is applied to perform a two-fold over-

-1y -1y
. L Pai 12— P2i-172j . .
sampling on ‘g, js resulting in |, J aera=1 o TEILA L Applying the same processing
! P2inj—1 2i 2]

to all elements in ‘¢ yields the phase matrix l’lq)/,

-1, 1-1_7 1-1_7 -1,/

P11 P12 P12m-1 P12m
1-1_y 1-1_7 1-1_7 -1 7
P21 (2Y) P22m-1 P22m
-1/ _ . . .
¢ = : . : 3)
1-1_7 1-1_7 -1/ 1-1_7
Pon-11 Pon-1,2 Pon—12m-1 Pou—12m
-1 -1 1-1_y 1-1_7
P Ponp Porn2m—1 Pon2m

The phase matrix has a range sampling number of 2m and an azimuth sampling
number of 21, and its scale is consistent with the phase matrix ~1¢ at level I — 1. The
matrix "~1¢ contains the topographic error phase at level I — 1, which can be affected by
factors such as the accuracy and low resolution of the external digital elevation model
(DEM), leading to phase gradients exceeding 27t and introducing unwrapping errors.

In contrast, l_l(p, is the unwrapped phase containing topographic errors, obtained by
applying bilinear interpolation to the phase matrix lp from the previous level. Its ability to
represent phase details is weaker than that of *~1¢. However, if we perform a differencing
operation between ~1¢ and l’lqol, as shown in the following equation, the resulting
phase component '~1A ¢ exhibits reduced topographic phase gradients, thereby avoiding
unwrapping errors caused by phase gaps. Here, (- - - ),,. denotes the modulo-27t operator.

Flag = (1_1A¢i'j)2n><2m - (<1_1¢"J' B l_l(p;’i>27r)2n><2m @

Subsequently, ""1A ¢ undergoes filtering and unwrapping to obtain the unwrapped
phase matrix ""'A@. By summing l’ltp/ and ""1Ag, the final unwrapped phase result
at level I — 1, denoted as ~¢, is achieved. This indirect phase unwrapping approach
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effectively mitigates unwrapping errors caused by phase gaps that would occur in direct
unwrapping processes.

_ 1./ _
g — 115 | 1-1p4

= (H ¢ )

i 2nxX2m + (lilAq’ir]' )2n><2m (5)
_ (lfl

(Pi/f) 2nx2m

This process is iteratively applied to the interferometric phase at level k(0 < k < I),

denoted as k¢ = (*¢,

enoted as ¢ ( 4’”) (I—-k+1)nx (I-k+1)m
phase at level 0 is completed. The final result represents the unwrapped solution for the
original interferometric phase ¢.

, until the unwrapping of the interferometric

Step 3: GCP-free polynomial adjustment constrained by overlapping areas.

To eliminate systematic errors introduced into the initial unwrapping values by inter-
frame reference discrepancies, this study performs a ground control point (GCP)-free
polynomial adjustment leveraging the overlapping regions of adjacent image frames. This
technique successfully establishes a unified unwrapping reference datum across the en-
tire domain, thereby ensuring the spatiotemporal consistency of the canal deformation
field. Ultimately, the spatially continuous deformation velocity field derived from this
multiscale phase unwrapping serves as the most direct dynamic indicator of potential
geohazards within the system and is directly integrated into the subsequent safety risk
assessment model.

For the GNSS validation, the comparison was restricted to the common observation
period from January 2020 to December 2022. The three-dimensional GNSS displacement
vectors were first projected onto the Sentinel-1 line-of-sight (LOS) direction to ensure
comparability with the INSAR measurements [22-29]. Using the GNSS station coordinates,
InSAR displacement values from all raster images within the common period were extracted
using the Extract Multi Values to Points tool in ArcGIS 10.8. The value of the colocated
raster cell was used directly, without neighborhood averaging. Stations without valid
InSAR observations were excluded, leaving 128 valid paired stations, and no additional
post hoc outlier exclusion was applied. Deformation rates for both datasets were then
calculated over the same period. The validation statistics included the mean bias, mean
absolute error (MAE), root mean square error (RMSE), Pearson correlation coefficient, and
the two-sided 95% confidence interval (CI) of the mean residual. The residual was defined
as the InSAR deformation rate minus the GNSS deformation rate.

2.4. Construction of the AHP-FCE-Based Subsidence Risk Assessment Model

To integrate the dynamic deformation with the specific environmental context of the
SNWD-MR project, this study developed a multi-criteria risk assessment framework based
on AHP-FCE (Figure 4). Through spatial semantic mapping, this framework achieves
a deep integration of intrinsic environmental baselines, engineering characteristics, and
anthropogenic disturbances. The overall workflow encompasses the following sequential
steps: construction of the evaluation indicator system, data standardization, AHP weighting
and consistency testing, FCE-based spatial zonation, stability and uncertainty analyses,
cross-method comparison, and internal physical consistency assessment. These procedures
are detailed as follows:
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Figure 4. Workflow of the integrated subsidence risk assessment based on the AHP-FCE model.

2.4.1. Evaluation Indicator System and Weight Allocation

In this study, “risk” is defined as a relative subsidence risk index derived from InSAR
deformation magnitude and environmental conditioning factors. It is intended for spatial
comparison along the canal and does not represent absolute engineering risk, structural
vulnerability, or expected loss. Given the extensive spatial span and the intricate envi-
ronmental conditions along the SNWD-MR, this study selected nine key indicators to
construct the risk evaluation indicator system (Figure 5). These dimensions encompass
InSAR deformation magnitude, groundwater elevation, distance to canal, depth to bedrock,
expansive soil distribution, normalized mine-site density, land use type, precipitation, and
temperature. To ensure the consistency of the spatial analysis, all indicator datasets were
uniformly resampled to a spatial resolution of 40 m x 40 m and clipped to a corridor
extending 10 km on each side of the main-canal centerline, corresponding to a total width
of 20 km. The InSAR deformation magnitude was calculated as the absolute value of the
annual LOS deformation velocity, with larger magnitudes representing greater ground
instability. The groundwater elevation and distance to canal reflect groundwater dynamics
and seepage stability. The depth of bedrock and the distribution of expansive soils char-
acterize the intrinsic regional geological baseline. Normalized mine-site density and land
use type account for anthropogenic disturbances and surface loading. Finally, precipitation
and temperature delineate climatic triggering mechanisms and freeze-thaw effects.

The discrete meteorological station records were interpolated using the Inverse Dis-
tance Weighting (IDW) method to generate continuous raster surfaces and were subse-
quently resampled to the common 40 m grid for spatial alignment with the other indicators.
Given the sparse station distribution, these surfaces primarily represent regional climatic
patterns rather than local-scale extremes.

2.4.2. Standardization via Fuzzy Membership Functions

Due to the significant variations in the dimensions and spatial distribution charac-
teristics of the aforementioned indicators, this study employs fuzzy mathematical theory
for data standardization [46,47]. A risk grade set is defined as V = {v1, v, v3,v4,v5} cor-
responding to very low, low, moderate, high, and very-high-risk levels, respectively. For
continuous indicators, ascending or descending linear membership functions are applied
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https://doi.org/10.3390/rs18162766

Remote Sens. 2026, 18, 2766

11 of 26

36° 0'0°N

33° 00

112°

30'0°F

115° 30'0°F

36° 00N 39° 0°0°N

33° 00N

A
100
C—Jkm
/12° 30°0°F 115° 30°07F
A
¢ p
100
C—km
N

/12

30°0°F

115° 30°0°F
n

39° 0'0°N

0'0°N

36

33° 0'0°N

N

A

"I

depending on their specific risk contribution directions. Conversely, for categorical and
binary indicators, expert scoring or binarization procedures are utilized.

V = {v1,v2,03,04,05} (6)

For positive indicators where higher values correspond to greater risk levels—such
as InNSAR deformation magnitude, depth to bedrock, normalized mine-site density, and
precipitation—an ascending linear membership function is employed, defined as follows:

X — Xmin
(x) = —— 7
pi(x) Xmax — Xomin 7)

For the normalized mine-site-density indicator, x represents the pre-fuzzification value
shown in Figure 5. Although the complete density raster was initially normalized to the
range of 0-1, the values remaining after extraction of the canal corridor ranged from 0 to
0.693. Therefore, x,,;;, = 0 and x5y = 0.693 were used in Equation (7) to calculate the
corresponding fuzzy membership degree.
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Figure 5. Raster maps of the indicators for subsidence risk assessment. All continuous variables
without units shown in the legends were normalized and are therefore dimensionless; units are not
applicable to the categorical variables.
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For negative indicators where lower values correspond to greater risk levels—such as
groundwater elevation and distance to canal—a descending linear membership function is

applied, defined as follows:
Xmax — X

mi(x) = (8)

Xmax — ¥min

To ensure transparency and reproducibility, the mathematical boundaries, risk map-
ping directions, and physical justifications for the fuzzification of all nine evaluation indi-
cators are systematically summarized in Table 4. The extreme thresholds (x,,;, and x;4x)
were determined based on regional engineering standards and the statistical distribution

boundaries of the dataset within the 10 km corridor.

Table 4. Canal Risk Indicators and Membership Functions.

Indicator Risk . N Membership Physical Basis &
Direction on max Function Type  Engineering Justification
InSAR Linear Larger deformation
Deformation Positive 0.20 mm/y 20.39 mm/y . magnitudes indicate
. Ascending : 1
Magnitude greater ground instability.
Lower groundwater
Groundwater Linear elevations increase
. Negative 54118 m 780.00 m . effective stress and
Elevation Descending . 1
subsidence potential in
compressible layers.
Proximity to the main
Distance to Negative 0m 10000 m Lmealj channel governs lateral
Canal Descending seepage risks and
hydraulic boundaries.
Deeper bedrock indicates
Bedrock Depth Positive 570 m 345.65 m Linear thicker compressible
Ascending Quaternary sediments
prone to compaction.
Governs
. . . swelling-shrinkage
Expan.swe.Soﬂ Binary 0 (Absent) 1 (Present) D1scr§te hazards that trigger canal
Distribution Mapping lini
ining cracks and slope
failure.
Anthropogenic driver
No1jrnahlzed N 0.693 (Dimen- Linear inducing goaf collapse, soil
Mine-Site Positive 0 : : fracturing, and
. sionless) Ascending . .
Density discontinuous
deformation.
Reflects the spatial
. 0 (For- 1 (Construc- Expert distribution of static
Land Use Type Categorical est/Water) tion) Assignments structural loads and
human disturbances.
Climatic trigger that
Precipitation Positive 0.202 0.488 Lmea'r saturates expansible clay
Ascending minerals and softens canal
foundations.
Thermal stressors
Temperature . Linear governing concrete
Range Positive 0.534 0949 Ascending freeze—thaw cycles and

structural durability.
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2.4.3. AHP Weight Determination and Consistency Test

Given the absence of comprehensive historical hazard inventories for risk assessment
and the imperative to accurately reflect underlying engineering geological mechanisms,
this study employs the Analytic Hierarchy Process (AHP) for weight determination [40,41].
Guided by InSAR deformation monitoring principles, hydrogeological and geomechanical
mechanisms, and empirical knowledge from engineering operations and maintenance,
a 9 x 9 judgment matrix was constructed to conduct pairwise comparisons regarding
the relative importance of each factor. The specific details of this matrix are illustrated

in Figure 6.
9
F1 Deformation - 1 2 2) 7 8 4 -
8
F2 Groundwater Elevation - 1/2 1 1 D 2 3 4

F3 Bedrock Depth - 1/2 il 1 2 2 2 -
4

-

6
S
F4 Normalized Mine-Site Density - 1/2 172 12 1 1 2 f
|
i
F5 Distance to Canal - 1/3 172 12 1 1 2 g
g
-4 E
F6 Precipitation - 1/4 13 12 12 12 1 2
s
P~
F7 Land Use Type -  1/6 1/4 13 172 172 12
-2
F8 Temperature - 1/9 1/6 1/5 1/4 1/4 13
-1
F9 Expansive Soil - 1/9 178 19 1/9 1/8 1/6 1/5 172
| 1 1 1 | | 1 |
F1 F2 K3 F4 F5 F6 F7 F8

Figure 6. Pairwise comparison matrix for the AHP model.

Overall, deformation magnitude serves as the primary governing factor, exhibiting the
highest weight. Groundwater elevation, bedrock depth, and normalized mine-site density
rank prominently, reflecting the key driving forces of consolidation, compressible layer
thickness, and localized anthropogenic disturbances, respectively. Furthermore, distance to
canal, precipitation, and land use type characterize the environmental conditioning and
surface loading effects. Although air temperature and expansive soil distribution exhibit
relatively lower weights at the regional scale, they remain locally significant for specific
canal segments.

W = [wy, wy, ..., wn]T

)

To verify the mathematical rigor and logical consistency of the constructed 9 x 9 pair-
wise comparison matrix, a formal consistency test was executed. The maximum eigenvalue
(Amax) of the judgment matrix was calculated as 9.387 Based on this, the Consistency Index
(CI) was derived using Equation (10) as:

_ Amax —n _ 9.387 - 9

1= = 0.0484 1
C " g 1 — 0048 (10)
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For a 9th-order matrix (n = 9), the standard Random Index (RI) is defined as 1.45.
Consequently, the final Consistency Ratio (CR) was determined as:

_ CI_ 0.0484
T RI 145

CR ~ 0.0334 (11)

Since the calculated CR = 0.0334 is well below the critical standard threshold of 0.10,
the judgment matrix exhibits highly satisfactory consistency, confirming that the allocated
indicator weights are mathematically valid for spatial computation.

2.4.4. Construction of the FCE Model and Spatial Computation

Following the completion of data standardization and weight determination, this
study employs the Fuzzy Comprehensive Evaluation (FCE) method for risk computation.
Let the weight vector be denoted as W and the fuzzy evaluation matrix as R; the com-
prehensive evaluation result, B, can thus be mathematically expressed as Equation (12).
Subsequently, within a Geographic Information System (GIS) environment, a Weighted
Linear Combination (WLC) approach is applied to derive the final risk index for each
individual raster cell.

B:WXR:(bl,bz,...,bm) (12)
RI(x,y) = ) w;- ui(xy) (13)
i=1

Upon deriving the continuous relative risk index (RI) raster, the Jenks Natural Breaks
method was used to divide the assessment results into five classes: very low, low, moderate,
high, and very high. To convert the corridor-based raster results into linear canal lengths,
the main-canal centerline was divided into consecutive 40 m intervals corresponding to
the raster resolution. The RI value at the midpoint of each interval was extracted from
the continuous risk raster, and each interval was assigned to the corresponding risk class.
The interval lengths were subsequently summed by class. Therefore, the reported lengths
represent cumulative centerline lengths rather than the areal coverage of the risk classes
within the 20 km-wide assessment corridor.

To ensure comparability among methods with different risk-index ranges, the high-
risk zone for each method was defined as the grid cells with risk values at or above the
method-specific empirical 80th percentile, corresponding to approximately the highest 20%
of the common valid cells. Cells tied at the percentile cutoff were retained. Let (A) denote
the Top 20% high-risk zone derived from the AHP-FCE model and (B) denote that derived
from a comparator method. The AHP-referenced overlap rate and intersection over union
(IoU) were calculated as follows:

ANB
Overlap Rate = | A] | X 100 (14)
|A N B|
IoU = 1 1
ou \AUB|X 00 (15)

Here, (|A N B|) represents the number of grid cells identified as high risk by both
methods, while (|A U B|) represents the number of grid cells identified as high risk by at
least one of the two methods.

3. Results
3.1. Deformation Along SNWD-MR

Figure 7 illustrates the land-surface deformation velocity within a corridor extending
10 km on each side of the SNWD-MR main-canal centerline, corresponding to a total width
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of 20 km. The deformation velocities along the entire route range from a minimum of
—20.39 mm/y to a maximum of 14.85 mm/y. To enhance the spatial visualization of
regions experiencing severe subsidence and uplift, the rendering range of the color scale
was optimally adjusted to 10 mm/y.
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Figure 7. Ground surface deformation rate map of the SNWD-MR alignment.

Macroscopically, surface deformation along the canal exhibits profound spatial het-
erogeneity. Within Henan Province, the northern canal segments, such as Anyang and
Xinxiang, experience severe subsidence with localized rates exceeding —10 mm/y. Con-
versely, the southern regions maintain deformation velocities mostly within 3 mm/y,
indicating relatively superior geological stability. In Hebei Province, distinct subsidence
anomaly zones have formed in Xingtai and Handan, with velocities exceeding —10 mm/y.
This distribution spatially coincides with the regional land-subsidence bowls of the North
China Plain, which previous studies have widely associated with groundwater overex-
ploitation. By comparison, deformation in the Shijiazhuang segment is notably milder, with
subsidence rates generally remaining below 5 mm/y. Furthermore, deformation gradient
analysis reveals that the majority of the canal route maintains a gentle variation pattern,
which is highly conducive to long-term structural stability. However, significant differential
deformation responses persist across geological tectonic transition zones and lithological
boundaries, necessitating the continuous monitoring of localized active subsidence areas.

External validation was conducted using 128 valid GNSS stations located within
the combined footprints of the nine Sentinel-1 SAR frames. Because the full SAR-frame
footprints extend beyond the narrower 20 km wide canal corridor, Figure 8a includes
several GNSS stations located outside the canal buffer but within the valid InNSAR coverage.
Using temporally matched observations from January 2020 to December 2022, the proposed
method achieved an RMSE of 5.7 mm/y, compared with 7.9 mm/y for the traditional
Minimum Cost Flow (MCF) method, corresponding to an approximately 27.8% reduction
in RMSE. The proposed method also reduced the MAE from 5.3 to 4.0 mm/y and increased
the Pearson correlation coefficient from 0.8 to 0.9. The mean bias was 3.4 mm/y (95%
CI: 2.6-4.2 mm/y) for the proposed method and 3.8 mm/y (95% CI: 2.5-5.0 mm/y) for
the traditional MCF method (Table 5). The validation was based on deformation rates
calculated over the common observation period, whereas the time-series curves were
presented only as auxiliary illustrations.
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Figure 8. Spatial distribution of BeiDou GNSS reference stations and validation of INSAR precision:
(a) spatial distribution of the reference stations; (b) comparison of INSAR and GNSS deformation rates.

Table 5. Statistical comparison between the temporally matched INSAR and GNSS deformation rates
from 2020 to 2022.

Mean Bias MAE RMSE , 95% CI of Mean Residual
Method n Pearson’s r
(mm/y) (mm/y) (mm/y) (mm/y)
Proposed 128 34 4.0 5.7 0.9 2.6-4.2
method
Traditional
MCF method 128 3.8 5.3 7.9 0.8 2.5-5.0

Beyond the external validation using the independent BeiDou dataset, we further
evaluated the internal consistency of the two methods within the overlapping regions of
adjacent SAR frames, as indicated by the gray-shaded areas in Figure 8a. Signed differences
were calculated between the deformation-rate estimates independently obtained from
adjacent frames within their common overlapping areas. In addition to the minimum,
maximum, average, and standard deviation, the median and interquartile range (IQR;
25th—75th percentiles) were calculated to provide robust summaries that are less sensitive
to isolated extreme values (Table 6).

Table 6. Statistical comparison of results in overlapping areas.

Indexes (mm/y) Proposed Method MCF
Minimum —14.34 —49.06
Maximum 19.67 62.26

Average —0.06 -0.17
Standard deviation 0.44 1.54
Median 0.010 —0.004
Interquartile range (Q1-Q3) —0.755 t0 0.773 —2.768 to 2.743
IQR width 1.528 5.512

The proposed method produced inter-frame differences ranging from —14.34 to
19.67 mm/y, with an average of —0.06 mm/y and a standard deviation of 0.44 mm/y.
In comparison, the MCF results ranged from —49.06 to 62.26 mm/y, with an average of
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—0.17 mm/y and a standard deviation of 1.54 mm/y. The proposed method had a me-
dian of 0.010 mm/y and an interquartile range of —0.755 to 0.773 mm//y, corresponding
to an IQR width of 1.528 mm/y. The MCF method had a median of —0.004 mm/y and
an interquartile range of —2.768 to 2.743 mm/y, with an IQR width of 5.512 mm/y. Al-
though the averages and medians of both methods were close to zero, the central 50%
range of the proposed method was 72.3% narrower than that of MCEF. Together with its
lower standard deviation, this robust comparison indicates greater internal consistency
of the proposed method across adjacent SAR frames and demonstrates that the broader
distribution obtained using MCF is not attributable solely to its extreme maximum value.

The aforementioned validations demonstrate that the proposed method effectively
eliminates the spatial discontinuities in deformation across different image frames and
water bodies, thereby ensuring the spatial continuity and reliability of the deformation
velocity field along the entire route. Consequently, this derived deformation monitoring
layer can serve as a highly reliable dynamic input variable to be deeply integrated into
the subsequent risk assessment framework. Building upon this, the current study con-
ducts synergistic spatial modeling and computation by coupling the INSAR deformation
magnitude with eight other environmental factors—encompassing hydrogeological condi-
tions, geo-environmental settings, and anthropogenic activities—to ultimately facilitate the
comprehensive subsidence risk zonation for the entire SNWD-MR.

3.2. Results of Subsidence Risk Zonation Along the Entire Route

By integrating the InNSAR deformation magnitude with the eight multi-source en-
vironmental factors through spatial mapping, fuzzification, and weighted computation,
the comprehensive subsidence risk zonation along the entire route of the main canal was
generated (Figure 9). This model transcends the limitations of relying solely on physical
deformation characteristics by comprehensively considering the interactive control effects
of hydro-dynamics, geological settings, and anthropogenic activities. Consequently, it
provides a spatially differentiated representation of relative subsidence risk along the canal.
Figure 9 clearly reveals that the very-high- and high-risk zones are primarily developed in
the southern Hebei Plain, the Jiaozuo-Xinxiang mining area, and the Zhengzhou—Xuchang
urban construction belt, exhibiting a strong spatial coupling with significant subsidence
funnels and intense anthropogenic disturbances. The very-low-risk class is concentrated
near the Danjiangkou headworks and in hilly or mountainous bedrock segments. In the
model, these areas combine relatively shallow competent bedrock and limited compressible
sediment with comparatively weak mining disturbances, thereby reducing the evaluated
subsidence potential.

In conjunction with Figure 9 and Table 7, it is evident that the subsidence risk along the
entire route exhibits a pronounced spatial heterogeneity, characterized by the coexistence of
discrete isolated hotspots and continuous elongated belts. Specifically, within the segment
spanning from northern Henan to southern Hebei, the presence of deep Quaternary uncon-
solidated sediments and severe groundwater elevation decline jointly form a continuous
high-risk belt of approximately 200 km under multi-factor coupling. Meanwhile, a series
of localized very-high-risk points are induced near mining areas such as Pingdingshan
and Handan due to intense mining-related disturbances. Additionally, in geologically
sensitive areas such as Nanyang, the model sensitively captures the combined hazard po-
tential of expansive soil backgrounds and specific fill structures, categorizing these zones as
moderate-to-high risk areas. These results illustrate the ability of the AHP-FCE framework
to characterize spatially heterogeneous relative subsidence-risk patterns along ultra-long
linear infrastructure.
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Figure 9. Integrated subsidence risk zonation map for the Middle Route of the South-to-North Water
Diversion Project.
Table 7. Statistics of centerline lengths, proportions, and risk-index intervals for different relative
subsidence risk classes.
Risk Level Risk-Index Interval Length (km) Proportion (%) Primary Distribution Area
Very High Risk ~ 0.3928 < RI < 0.4830 114.6 8.0 Anyang, Handan-Xingtai, and
parts of Xinxiang segments
Zhengzhou-Jiaozuo,
High Risk 0.3767 < RI < 0.3928 243.4 17.0 Cangzhou fringes, and parts of
Baoding segments
Moderate Risk ~ 0.3468 < RI < 0.3767 4153 29.0 Xuchang, Shijiazhuang, and
southern Beijing segments
Nanyang expansive soil
Low Risk 0.3068 < RI < 0.3468 386.6 27.0 segments (stable areas) and
Tianjin branch
Danjiangkou headworks and
Very Low Risk RI < 0.3068 272.1 19.0 bedrock segments in

hilly/mountainous areas

4. Discussion
4.1. Local Comparison of Deformation Patterns, Subsidence Risk, and Time-Series Evolution

As illustrated in Figure 10, representative deformation patterns and their correspond-
ing time-series curves were extracted for typical regions along the canal route. In Figure 10a,
the Xingtai and Handan segments exhibit maximum subsidence rates exceeding 10 mm/y,
with Point (I) recording a cumulative subsidence of —54.7 mm. Its time-series curve dis-
plays a seasonal fluctuation pattern characterized by rapid subsidence during winter and
spring, followed by slower rates during summer and autumn, primarily controlled by
the periodic effects of irrigation pumping and natural groundwater recharge. Figure 10b
corresponds to the Jiaozuo and Xinxiang regions, where the mapped distribution of mine
locations indicates a mining-related spatial context. Point (II) experienced two distinct
accelerated subsidence phases in 2019 and 2021. However, annual mining-production data,
time-resolved information on goaf expansion, and mining-event records were unavailable
for the 2017-2023 study period. Consequently, these two acceleration phases are reported as
characteristics of the observed deformation time series and are not interpreted as evidence
of a quantitative temporal or causal relationship with mining activity. Figure 10c reveals the
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deformation patterns of the Zhengzhou—Xuchang segment. Specifically, the strip-shaped
subsidence zone in southern Zhengzhou exhibits a high spatial alignment with the canal
direction, which is closely associated with engineering construction and operational loads.
In contrast, the subsidence characteristics in the Xuchang segment, as represented by

Point (III), display an evolutionary pattern intertwined with urban expansion and complex
geological settings.
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Figure 10. Comparison of deformation, subsidence risk, and time-series evolution in rep-
resentative canal segments: (a) Xingtai-Handan segment; (b) Jiaozuo-Xinxiang segment;
(c) Zhengzhou—Xuchang segment. The upper and middle rows show deformation rates and sub-

sidence risk levels, respectively, while panels (I-III) in the lower row show the cumulative LOS
deformation time series for the corresponding segments.

Figure 10 shows that localized deformation anomalies in the Xingtai-Handan,
Jiaozuo—Xinxiang, and Zhengzhou—Xuchang segments generally correspond to areas of
elevated subsidence risk. Moderate-risk zones are widely distributed along these segments,
with localized high- and very-high-risk patches near pronounced deformation areas. The
spatial patterns do not coincide completely because the risk assessment also incorporates
environmental and anthropogenic factors.

The analysis of these representative scenarios confirms that the subsidence along the
canal route exhibits a multi-source-driven and spatially heterogeneous pattern. Specifically,
the Xingtai-Handan segment is jointly influenced by groundwater depletion and deep
Quaternary sedimentary deposits; the Jiaozuo-Xinxiang segment spatially coincides with
the mapped distribution of mine locations, although the temporal contribution of min-
ing activity cannot be quantified using the available data; and the Zhengzhou-Xuchang
segment reflects the combined effects of urban expansion, engineering operational loads,
and complex geological settings. This implies that subsidence hazard potential must be

https://doi.org/10.3390/1s18162766


https://doi.org/10.3390/rs18162766

Remote Sens. 2026, 18, 2766

20 of 26

comprehensively assessed by considering the interactions among multiple factors—such as
groundwater elevation, depth to bedrock, and land use—rather than relying solely on con-
ventional deformation rate reclassification. In light of this, the following sections evaluate
the spatial stability, uncertainty, cross-method agreement, and physical coherence of the de-
rived AHP-FCE risk zonation through weight perturbation tests, sensitivity analysis, Monte
Carlo simulations, multi-model comparisons, and deformation-distribution analysis.

4.2. Model Robustness, Sensitivity, and Uncertainty Analysis

To mitigate potential biases inherent in subjective weight allocation [46], this study
evaluates the robustness of the AHP-FCE model from a multi-dimensional perspective:
(1) weight perturbation testing, which quantifies the spatial overlap ratio of high-risk zones
by introducing a £10% variation to the weights of the nine factors; (2) sensitivity analysis,
which quantitatively identifies the dominant factors driving variations in the areal extent of
high-risk zones; and (3) Monte Carlo stochastic simulations, which compute the mean risk,
standard deviation, and high-risk probability layers under 1000 independent uniformly
distributed +10% perturbations of the nine AHP weights, with the perturbed weights
renormalized after each iteration, thereby verifying the spatial convergence and uncertainty
of the final zonation results.

Monte Carlo uncertainty analysis was conducted using 1000 iterations. In each iter-
ation, the nine baseline AHP weights were independently perturbed by random values
drawn from a uniform distribution within £10% and subsequently renormalized to sum
to one. A fixed random seed of 2026 was used. The risk surface was recalculated after
each perturbation, and the resulting ensemble was used to derive the cell-wise mean risk,
standard deviation, and probability of exceeding the empirical 80th-percentile threshold of
0.431 used in the Top-20% analysis. The simulation was implemented in Python 3.10.19
using NumPy 2.2.6 and Rasterio 1.4.4.

The weight perturbation experiments (illustrated in Figure 11) show that the spatial
risk pattern remained stable under most tested perturbations, with spatial overlap ratios
ranging from 0.90 to 1.00 across the majority of scenarios. Among the evaluated factors, a
10% increase in the weight of normalized mine-site density yields the lowest overlap ratio
(approximately 0.51), indicating that the model is most sensitive to this specific parameter.
This is closely followed by a 10% increase in the weight of deformation magnitude (resulting
in an overlap ratio of roughly 0.69), which further corroborates the foundational role of the
InSAR monitoring data within the overall assessment framework.

The pronounced directional asymmetry for mining intensity arises from the localized
spatial distribution of mining disturbance together with the rank-based Top-20% threshold.
Increasing the mining weight promotes many mining-dominated cells across the empirical
80th-percentile cutoff and therefore changes the membership of the high-risk set. By
contrast, decreasing the mining weight leaves the ranking more strongly governed by
deformation magnitude, groundwater elevation, and depth to bedrock, which are already
aligned with much of the baseline high-risk corridor. The asymmetry therefore reflects both
spatial localization and the nonlinear response introduced by thresholding the continuous
risk surface.

The 1000 Monte Carlo simulations produced a mean risk map that was spatially
consistent with the baseline AHP risk map. Across all valid grid cells, the mean of the
cell-wise standard deviations was 0.00686, while the maximum cell-wise standard deviation
was 0.00845. These limited variations indicate that the resulting spatial risk pattern was
relatively insensitive to the specified £10% perturbations of the nine AHP weights, thereby
supporting the robustness of the model results.
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Figure 11. Statistics of the overlap rate of high-risk zones under £10% weight perturbation. Top 20%
denotes grid cells with risk values at or above the method-specific empirical 80th-percentile threshold.

Additionally, a baseline source of uncertainty stems from the spatial scale mismatch
of climatic inputs. Interpolating sparse regional meteorological station records into a
high-resolution 40 m grid may introduce localized smoothing effects. While these macro-
climatic surfaces successfully capture regional trends such as freeze-thaw zones and rainfall
gradients, future tasks should exploit high-density micro-meteorological sensor arrays to
minimize false precision at localized structural scales.

4.3. Cross-Method Agreement and Internal Physical Consistency Assessment

To further evaluate the spatial stability and physical coherence of the relative risk
zonation, two complementary analyses were conducted. First, the Top-20% highest-risk
zones derived from AHP-FCE were compared with those obtained using the Equal Weight,
Entropy Weight, and TOPSIS methods to characterize cross-method spatial agreement.
Second, the distribution of InNSAR-derived deformation velocities across the delineated risk
zones was examined to assess the physical consistency between the zonation results and
the observed deformation field.

The spatial comparison shows that the AHP-FCE framework has the highest agreement
with the Equal Weight method for the Top-20% highest-risk zones (Table 8). Moderate
agreement with the Entropy Weight method and lower agreement with TOPSIS reflect
differences in weighting strategies and decision rules. In particular, TOPSIS produces more
isolated anomalous hotspots, whereas AHP-FCE retains greater spatial continuity in the
risk belts. These results characterize both the consistent components of the mapped risk
pattern and its sensitivity to different evaluation methods.

Figure 12a compares the distributions of INSAR-derived deformation rates between
the high-risk group and the non-high-risk group, while Figure 12b presents the correspond-
ing empirical cumulative distribution functions (ECDFs). All descriptive statistics were
calculated across all valid raster pixels within each group. Specifically, the high-risk group
comprised all pixels in classes 4-5 (n = 434,030), rather than only the very-high-risk pixels
in class 5, whereas the non-high-risk group comprised pixels in classes 1-3 (1 = 5,959,523).
The mean deformation rate was —0.12 + 2.45 mm/y (mean & SD) in the high-risk group
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and 0.06 + 1.41 mm/y in the non-high-risk group. The larger standard deviation and wider
interquartile range of the high-risk group indicate greater spatial variability and a more
pronounced negative tail in its deformation-rate distribution.

Table 8. Comparison of spatial consistency for high-risk zones (Top 20%) among different evaluation
methods.

Comparison Group

AHP-Referenced Overlap IoU (%) Analysis and Conclusion

Rate (%)
AHP-FCE vs. Equal 65.87 4911 Highest spatial agreement among the
Weight Method ' ' compared methods.
AHP-FCE vs. Entropy 4861 3211 Moderate spatial agreement, reflecting
Weight Method ’ ' sensitivity to local data variability.

AHP-FCE vs. TOPSIS

Lower spatial agreement, reflecting
27.72 16.09 differences in decision rules and
sensitivity to isolated anomalies.
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Figure 12. InSAR-derived deformation-rate distributions for high-risk (classes 4-5) and non-high-risk
(classes 1-3) pixels. (a) Boxplots showing the median, IQR, 5th-95th percentiles, and mean + SD.
(b) ECDFs. n denotes valid raster pixels; all statistics are descriptive.

The ECDF curves in Figure 12b further support this distributional contrast. Strongly
negative deformation rates accumulate more rapidly in the high-risk group, indicating a
greater prevalence of severe subsidence values within this group. However, both groups
show partial overlap around zero deformation, reflecting that deformation alone does
not determine the final risk classification. This overlap is expected because the AHP-FCE
framework integrates deformation with multiple hydrogeological, geo-environmental,
anthropogenic, and meteorological factors. Overall, the deformation distributions across
the different risk groups provide an internal physical consistency assessment of the zonation
and support the physical coherence of the integrated assessment framework.

4.4. Methodological Applicability and Structural Boundaries

The proposed AHP-FCE assessment framework provides a coherent regional-scale
relative risk zonation for the plain and expansive-soil terrain of the SNWD-MR corridor,
although its applicability boundaries should be carefully considered. The current indicator
system is highly tailored for long-distance, open-canal, surface hydraulic corridors. If this
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framework is translated to water diversion projects crossing alpine valleys or involving
deep-buried tunnel networks, the dynamic and static drivers would fundamentally shift.
For underground engineering tunnels, regional ground surface risk mapping must be
heavily adjusted by incorporating rock mass rating (RMR) indexes, underground in situ
stress tensors, and tunnel excavation disturbance variables. Furthermore, while the 40 m
grid resolution is mathematically robust for regional macroeconomic risk zoning across
a 1432 km alignment, it lacks the fine-scale resolution necessary for individual structure
diagnosis, which should be augmented by multi-band sub-meter SAR imagery or terrestrial
structural health sensors.

5. Conclusions

To address the challenges of deformation field discontinuities caused by water body
obstructions and vegetation cover along the SNWD-MR, this study proposes an advanced
phase unwrapping strategy that integrates water body connectivity with multiscale down-
sampling. GNSS validation showed that the proposed algorithm reduced the deformation-
velocity RMSE from 7.9 to 5.7 mm/y, corresponding to an approximately 27.8% reduction
in RMSE relative to the traditional MCF method. Leveraging this high-precision defor-
mation magnitude as the core input, we developed a comprehensive assessment model
by fusing nine multi-source environmental factors, including hydrogeological conditions,
geo-environmental settings, and anthropogenic activities. The risk zonation reveals that
the very-high-risk zones along the entire route extend for 114.6 km, accounting for 8.0% of
the total length; these are primarily concentrated in the canal segments of Northern Henan
and Southern Hebei, which are where the modeled risk is associated with the groundwater
elevation level indicator and significant localized anthropogenic disturbances. Furthermore,
the weight perturbation tests, cross-method comparisons, and internal physical consistency
assessment collectively support the spatial stability and physical coherence of the regional
risk pattern.

Building on the current findings, future work should focus on two primary directions.
First, incorporating multi-band and high-resolution SAR data is recommended to over-
come decorrelation limitations, particularly those induced by complex vegetation cover
and high-gradient subsidence. Second, independent engineering-damage and historical-
hazard inventories covering the full study corridor are currently unavailable; integrating
such records in future work will enable external evaluation and further calibration of the
framework. Furthermore, coupling macroscopic surface deformation models with micro-
scopic finite-element mechanical models for canal structures may facilitate the transition
from regional hazard screening to structural health diagnosis, thereby supporting the safe
operation and maintenance of water-transfer projects.
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