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城市地面沉降的超前预测：从机器学习到物理引导的人工智

能

摘要: 地面沉降是快速城市化与地下水高强度开发区域典型地质灾
害，会直接破坏基础设施、降低城市排水能力，并加剧沿海地区内涝

与相对海平面上升风险，威胁城市安全与可持续发展。受地下水动

态、可压缩地层厚度、城市建设、降雨补给及区域水文地质条件耦合

控制，地面沉降具有强非线性、空间异质性与时间滞后性，当前仍缺

乏兼具高精度、可解释性与不确定性量化能力的预测模型。

本研究围绕城市地面沉降预测构建“数据驱动模拟—物理引导

预测”两阶段研究框架，系统探索机器学习与物理约束融合的建模

路径。第一阶段以广州市南沙区为研究区，采用极端梯度提升回归

（XGBR）、长短期记忆网络（LSTM），融合多源地学与城市环境变量
开展沉降模拟。结果显示，地下水埋深与建筑密度是控制区域沉降演

化的核心因素，机器学习模型可较好还原地面沉降的时空分布特征，

证明异质城市与地质数据能够为沉降预测提供有效支撑。

纯数据驱动模型存在物理机制解释不足、长期预测易偏离地质

规律、不确定性难以合理表达等局限。为此，第二阶段提出面向多步

预测的物理引导人工智能框架 GeoPriorSubsNet，将概率型时空预测
网络与简化水文–地质力学约束深度融合，在预测累计沉降量的同时，

同步反演有效水力传导系数、有效比储系数及松弛时间尺度，使模型

兼具统计精度、物理一致性与机制可解释性。

该框架在水文地质条件差异显著的南沙、中山两大城市盆地完成

系统验证。验证结果表明，GeoPriorSubsNet预测性能优异：南沙区决
定系数 R2=0.88，平均绝对误差 9.27 mm；中山区 R2=0.90，平均绝对
误差 1.78 mm。相比无物理约束模型，该框架在预测精度、概率区间
覆盖率、区间锐度及物理一致性上均更具优势。其中，物理约束对结

构清晰的中山地区精度与不确定性质量提升显著，对异质性更强的南

沙地区则主要增强模型稳健性与可解释性。研究揭示，南沙与中山分

属两类典型城市沉降响应体系：南沙驱动变量复杂、空间异质性强、

不确定性区间宽；中山水文地质结构清晰、驱动–响应关系紧致。模
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型反演的物理参数场与区域地质规律一致，表明物理约束的作用具有

明显区域依赖性。外部验证显示，模型推断的有效压缩厚度与钻孔资

料一致性良好，有效渗透性与抽水试验差异则反映井点尺度与网格尺

度的固有区别。

跨城市迁移实验表明，模型直接零样本迁移效果有限，经热启

动（warm start）微调后可快速恢复目标区域预测性能，证明GeoPrior-
SubsNet是具备物理结构的可迁移先验框架，而非固定通用模型，为
多城市推广应用提供可行路径。

本研究实现了城市地面沉降预测从纯数据驱动机器学习向物理

引导人工智能的跨越，所提框架兼顾预测精度、不确定性表达与物理

可解释性，可为地面沉降风险识别、长期演化评估、地下水管控、基

础设施规划及城市韧性建设提供量化技术支撑，具有重要理论价值与

实践意义。

图 10,表 1,参考文献 71

关键词：地面沉降；沉降预测；机器学习；物理引导人工智能；InSAR；
地下水开采；水文地质建模；不确定性量化；城市风险

分类号： P237；TP181
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Advanced Forecasting of Urban Land Subsidence:

From Machine Learning to Physics-Guided AI

Abstract: Urban land subsidence is a major geohazard in rapidly urban-
izing and groundwater-stressed regions because it threatens infrastructure
stability, drainage systems, and long-term flood resilience. Forecasting
this process remains difficult because subsidence is governed by coupled
hydrogeological, geomechanical, climatic, and anthropogenic controls that
are spatially heterogeneous, temporally lagged, and strongly nonlinear.
This study develops a two-stage framework for urban land subsidence fore-
casting. The first stage investigates whether machine-learning models can
recover subsidence dynamics from heterogeneous urban and environmental
observations. Using Nansha as a case study, models based on eXtreme
Gradient Boosting Regressor (XGBR) and Long Short-Term Memory
(LSTM) networks show that groundwater depth and building concentration
are dominant controls and that data-driven methods can provide accurate
subsidence simulation. The second stage addresses the main limitation of
purely data-driven prediction by introducing a physics-guided artificial-
intelligence framework, GeoPriorSubsNet, which combines probabilistic
spatio-temporal learning with reduced hydro-geomechanical constraints.
The model jointly forecasts cumulative subsidence while inferring effective
hydraulic conductivity, specific storage, and a closure-consistent relax-
ation timescale. The framework was evaluated in two contrasting urban
basins, Nansha and Zhongshan. It achieved strong predictive skill in both
cities, with R2 = 0.88 and a mean absolute error of 9.27 mm in Nansha,
and R2 = 0.90 with a mean absolute error of 1.78 mm in Zhongshan.
The results further show that the physics-guided framework improves
the balance between deterministic accuracy, probabilistic calibration,
and physical consistency relative to non-physics baselines. Cross-city
experiments indicate that direct transfer is limited under basin shift,
whereas warm-start adaptation recovers most of the target-city skill. These
findings show that urban land subsidence forecasting can be advanced
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from accurate machine-learning simulation toward a more interpretable,
uncertainty-aware, and physically constrained modeling framework, with
direct relevance for urban risk assessment, groundwater management, and
infrastructure planning.

There are 10 figures, 1 tables, and 71 references in this report.

Keywords: land subsidence; subsidence forecasting; machine learning;
physics-guided AI; InSAR; groundwater depletion; hydrogeological mod-
eling; uncertainty quantification; urban risk
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符 号 表

AI Artificial intelligence

InSAR Interferometric synthetic aperture radar

LSTM Long short-term memory

XGBR eXtreme Gradient Boosting Regressor

TFT Temporal Fusion Transformer

HALNet Hybrid attentive recurrent learning network

PINN Physics-informed neural network

GWL Groundwater level

s(i, t) Cumulative land subsidence at grid cell i and
time t

d(i, t) Groundwater depth, taken as positive
downward

h(i, t) Hydraulic head reconstructed from surface
elevation and groundwater depth

href(i) Reference hydraulic head used to define
drawdown

∆h(i, t) Drawdown relative to the reference hydraulic
head

R(i, t) Rainfall forcing

U∗(i, t) Urban-load or urbanisation forcing proxy

zsurf(i) Surface elevation at grid cell i

Heff(i) Effective compressible thickness

Hd(i) Effective drainage thickness

cH(i) Censor indicator associated with the thickness
field

x
(sta)
i Static input vector

X
(dyn)
i,t Dynamic historical input tensor
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X
(fut)
i,t Future-known input tensor

Ci,t Forecast-aligned coordinate and context
features

Ω Spatial domain or set of grid cells

L Look-back window length

H Forecast horizon length

Q Set of forecast quantile levels

q Individual quantile level

Q(i, th) Effective source or sink term in the reduced
groundwater equation

K(i, th) Effective hydraulic conductivity

Ss(i, th) Effective specific storage

τ(i, th) Learned relaxation timescale

τcl(i, th) Closure-implied consolidation timescale

δ log τ(i, th) Learned log-timescale discrepancy relative to
the closure relation

αH Drainage-thickness ratio linking Hd to Heff

κb Dimensionless closure-consistency factor

Rgw(i, th) Reduced groundwater-flow residual

Rcons(i, th) Reduced consolidation residual

Rprior(i, th) Prior-mismatch residual in log-timescale
space

Ldata Total probabilistic data loss

Lgw, Lcons, Lprior Groundwater residual loss, consolidation
residual loss, and timescale-prior loss

Lsmooth, Lbounds, LQ Smoothness loss, bounds penalty, and
optional source-term regularisation loss

λgw, λcons, λprior Weights assigned to the groundwater,
consolidation, and timescale-prior losses
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λsmooth, λbounds, λQ Weights assigned to the smoothness, bounds,
and optional source-term regularisation losses

εcons Root-mean-square consolidation-balance
diagnostic

εprior Root-mean-square timescale-prior
consistency diagnostic

MAE Mean absolute error

MSE Mean squared error

RMSE Root mean squared error

R2 Coefficient of determination

PIT Probability integral transform

BS Brier score
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Chapter 1 Introduction

Land subsidence is one of the most consequential forms of ground de-
formation affecting urban environments. It is expressed as the progressive
lowering of the land surface under the combined action of natural processes
and human activities, and it can induce long-lasting damage to buildings,
transport corridors, buried utilities, drainage systems, and flood-protection
infrastructure [1-5]. Although the phenomenon has been recognised for
a long time [6], its present significance is much greater because many of
the fastest-growing cities are expanding precisely in sedimentary lowlands,
deltaic plains, and coastal regions where the subsurface is highly suscepti-
ble to compaction [7-10]. In such settings, land subsidence is no longer a
localised geotechnical inconvenience; it has become a strategic urban, hy-
drological, and environmental problem.

The urgency of this problem arises from the convergence of several
pressures. Rapid urbanisation increases structural loading, modifies sur-
face runoff and recharge pathways, and intensifies groundwater demand. At
the same time, subsidence reduces freeboard, degrades drainage efficiency,
and amplifies exposure to pluvial, fluvial, and coastal flooding. In low-
lying coastal zones, even moderate subsidence can substantially increase
relative sea-level rise and therefore alter the scale of future flood hazard
[8-9, 11]. Recent global assessments have further shown that subsidence is
not restricted to a few emblematic cities, but affects a wide range of urban
and agricultural regions, with major implications for groundwater storage
loss, infrastructure stability, and long-term land-use planning [7, 10]. The
problem is therefore both scientifically challenging and societally urgent.

From a process perspective, land subsidence is intrinsically multifac-
torial. In many basins, excessive groundwater withdrawal is the dominant
driver because it lowers pore pressure, increases effective stress, and pro-
motes the irreversible compaction of compressible sediments such as clays
and silts [12-14, 3, 15]. However, groundwater depletion alone does not
explain the full diversity of observed deformation patterns. Subsidence
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is also shaped by lithological architecture, aquifer–aquitard connectivity,
drainage conditions, natural consolidation history, tectonic setting, and an-
thropogenic loading associatedwith buildings, transport infrastructure, land
reclamation, and urban surface sealing [16, 1, 17-19]. The resulting defor-
mation is therefore the macroscopic outcome of coupled hydrogeological,
geomechanical, and urban-development processes operating across multi-
ple spatial and temporal scales.

This complexity explains why reliable forecasting remains difficult.
Traditional physically based approaches, including groundwater-flow,
poroelastic, and consolidation models, provide an essential process-
oriented framework and remain indispensable for mechanism-based
interpretation [14, 20-23]. Yet their deployment at urban scale is often
constrained by the need for dense hydrogeological parameterisation,
boundary-condition specification, and repeated high-cost simulation. In
many rapidly developing cities, such detailed subsurface characterisation
is either incomplete or unavailable. Conversely, purely empirical and
machine-learning approaches can discover strong predictive relationships
from heterogeneous geospatial data, but they often remain weak in physical
interpretability and may produce forecasts that are statistically plausible
without being mechanistically credible [24-28]. The central methodolog-
ical problem is therefore clear: urban subsidence forecasting requires
models that are both predictive and physically accountable.

This work addresses that problem through two complementary re-
search stages. The first stage established a robust data-driven basis for land
subsidence simulation in a rapidly urbanising environment. In that study,
advanced machine-learning models, notably the eXtreme Gradient Boost-
ing Regressor and the Long Short-Term Memory network, were used to
analyse and forecast subsidence in the Nansha district. The results showed
that groundwater level and building concentration were among the most
influential explanatory variables, and that well-designed machine-learning
models could reproduce the observed deformation dynamics with strong
predictive skill [29]. That contribution was important because it showed
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that heterogeneous urban and environmental data could be integrated into
an operational forecasting workflow and that machine learning can support
risk-oriented simulation in settings where conventional modeling remains
difficult to calibrate.

However, the first stage also made a major limitation explicit. Even
when predictive performance is strong, a data-driven model does not, by
itself, guaranty physical consistency. It may capture correlations that are
highly useful for interpolation within the observed range but remain diffi-
cult to interpret in terms of groundwater depletion, storage, drainage con-
ditions, or compaction timescales. This limitation becomes more critical
when the purpose of modeling is not only to fit past deformation, but also to
support extrapolation, uncertainty analysis, scenario testing, and decision-
making in environments subject to non-stationary forcing. In urban hazard
forecasting, predictive accuracy alone is not sufficient; forecasts must also
remain consistent with the governing physical structure of the problem.

The second stage of this research therefore moves beyond black-box
forecasting and develops a physics-guided artificial intelligence frame-
work for land subsidence prediction. The central idea is not to replace
physical reasoning with machine learning, nor to force a full numerical
hydrogeological model where the required inputs are unavailable, but to
construct an intermediate framework in which deep learning and reduced
physical structure inform one another. In this study, that framework is
represented by a geomechanically constrained forecasting architecture
designed to couple heterogeneous spatio-temporal inputs with physically
interpretable effective fields, including hydraulic conductivity, specific
storage, and consolidation timescale, while producing calibrated multi-
horizon forecasts at urban scale. Such a direction is consistent with the
broader evolution of physics-informed learning, which seeks to incorpo-
rate governing constraints into data-driven models in order to improve
plausibility, generalisation, and interpretability [30-33].

The scientific novelty of this second stage lies in the fact that the model
does not treat physics as a loose regularisation slogan. Instead, the physical
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structure is formulated so that the learned dynamics can be audited against a
reduced consolidation balance and against a closure-consistent relationship
between hydrogeological fields and emergent relaxation timescale. This is
a decisive step for subsidence forecasting. It allows the model to remain
compatible with the resolution and diversity of urban geospatial data, while
also providing mechanistic diagnostics that can distinguish a purely statis-
tical fit from a physically coherent forecast. In practical terms, this means
that the model is designed not only to estimate future deformation, but also
to explain how inferred subsurface properties and system timescales organ-
ise the predicted response across contrasting urban regimes.

A second element of novelty concerns uncertainty. Many previous
subsidence studies have concentrated primarily on deterministic prediction
or susceptibility mapping [24-25, 34]. Yet urban decision-making rarely
depends on a single expected value alone. It depends on the probability
that a threshold will be exceeded, on the stability of hotspot ranking across
forecast horizons, and on the ability to distinguish persistent high-risk zones
frommore transient ones. The physics-guided framework developed in this
work therefore targets probabilistic, multi-horizon forecasting rather than
only point-wise prediction. This perspective is closely aligned with recent
progress in interpretable time-series forecasting [35-36] and is particularly
relevant for subsidence-prone cities where planning decisionsmust bemade
under uncertainty.

A third contribution is comparative. Rather than limiting the analy-
sis to a single urban setting, the research examines contrasting subsidence
regimes represented by Nansha and Zhongshan. This comparison is scien-
tifically important because it allows the forecasting framework to be tested
across different hydrostratigraphic and urban-development contexts. Nan-
sha represents a rapidly evolving coastal and reclaimed environment where
subsidence is closely tied to strong anthropogenic forcing and complex
shallow sedimentary conditions. Zhongshan, by contrast, provides a more
structured setting with different lithological and hydrogeological controls.
Investigating both regimes improves the interpretability of the results and,
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address not only predictive accuracy, but also physical consistency, trans-
ferability, and the limits of generalisation under distribution shift.

The broader impact of this research is both methodological and
applied. Methodologically, it contributes to the ongoing effort to build
forecasting models that are more transparent, more interpretable, and
more physically grounded than conventional black-box systems, while
remaining lighter and more scalable than fully parameterised numerical
simulators. Applied-wise, it supports a more proactive view of urban
subsidence management. Forecasts that are spatially resolved, physically
interpretable, and uncertainty-aware can help identify where intervention
is most urgent, where monitoring should be strengthened, and where
groundwater management or construction control may yield the greatest
benefit. This is particularly relevant in the context of sustainable urban de-
velopment, groundwater protection, and climate adaptation, and therefore
speaks directly to the broader agenda of resilient cities and responsible
resource governance [37-38].

Against this background, the present report is organised around one
central scientific question: how can urban land subsidence forecasting be
advanced from accurate data-driven simulation toward physically guided,
interpretable, and decision-relevant prediction? The report addresses this
question by first establishing the geohazard context and the methodological
gap, then presenting the data foundation and study areas, then developing
the two successive modelling stages, and finally analysing the experimental
results, their physical meaning, and their implications for urban risk gov-
ernance. In this sense, the report is not a juxtaposition of two independent
studies. It documents a research progression: frommachine-learning-based
subsidence simulation, which demonstrated the predictive value of hetero-
geneous urban data, to physics-guided artificial intelligence, which seeks
to restore mechanistic structure, uncertainty awareness, and scientific ac-
countability to urban subsidence forecasting.
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Chapter 2 State of the Art and Scientific Gap

2.1 Introduction

Land subsidence is a progressive lowering of the ground surface
caused by natural and anthropogenic processes acting on deformable
subsurface materials. Although the phenomenon has long been recognized
in the geosciences [6], its present importance is much greater because it
now affects rapidly urbanizing, groundwater-stressed, and coastal regions
where infrastructure, population, and economic assets are highly concen-
trated [7-10]. In such environments, subsidence is not simply a geological
phenomenon. It is a major urban geohazard that may damage buildings,
roads, railways, buried pipelines, drainage systems, and flood-control
infrastructure, while also amplifying pluvial and coastal flood exposure
[2, 39, 11].

The scientific challenge of subsidence forecasting arises from the fact
that the observed deformation is the outcome of coupled hydrogeologi-
cal, geomechanical, geomorphological, and urban-development processes.
Groundwater withdrawal is frequently the dominant driver, but its effect
is modulated by lithology, aquifer–aquitard architecture, delayed drainage,
anthropogenic loading, land reclamation, and local geological history [12-
13, 17, 19]. As a result, the same deformation signal can emerge from dif-
ferent combinations of processes and material properties, which makes in-
terpretation and prediction difficult.

This chapter reviews the scientific foundations of urban subsidence
forecasting and identifies the gap that motivates the present study. The
discussion begins with the physical and urban controls of land subsidence,
then examines the main observational and modelling approaches, includ-
ing InSAR-based monitoring, process-based numerical simulation, and
machine-learning forecasting. The chapter finally explains why a new
framework is needed, namely one that combines predictive performance,
physical interpretability, and uncertainty-aware forecasting within a single
scalable model.
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2.2 Land subsidence as a coupled hydrogeological and urban process

Land subsidence has been documented in many geological and urban
settings, including alluvial basins, coastal plains, deltaic environments, re-
claimed lands, mining districts, and intensively pumped aquifer systems
[3, 16, 7-8]. In urban regions, its consequences are amplified because the
deformation interacts with concentrated infrastructure and engineered sur-
faces. Even moderate differential settlement may induce cracking of build-
ings, distortion of transport networks, malfunction of buried utilities, and
increased flood susceptibility in low-lying areas [1-2, 9].

In many sedimentary basins, groundwater extraction is the principal
mechanism of long-term subsidence. Declining hydraulic head reduces
pore pressure and increases effective stress, promoting the compaction of
compressible sediments such as clays and silts [12-14]. In its most classi-
cal form, this relationship can be expressed by Terzaghi’s effective stress
principle,

σ′ = σ − p, (2-1)

where σ′ is the effective stress, σ is the total stress, and p is pore pressure.
When groundwater withdrawal lowers p, the effective stress increases, and
compaction may occur if the sediments are sufficiently compressible.

However, groundwater decline alone does not determine the final sub-
sidence pattern. The spatial and temporal response depends strongly on
lithological composition, thickness of compressible units, drainage path
length, aquifer connectivity, and delayed consolidation effects [15, 40, 18].
Additional anthropogenic influences, such as urban loading, land reclama-
tion, and engineering dewatering, may further modify the deformation field
[16-17, 19]. Tectonic or mining-related disturbance can also interact with
subsidence in certain settings [4, 41]. For this reason, subsidence must be
treated as a coupled system rather than a single-cause phenomenon.

Two implications follow from this complexity. First, a realistic fore-
casting framework must combine hydrogeological, geomechanical, and ur-
ban information rather than relying on a single driver. Second, the relative
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importance of these controls is basin-dependent. A model that performs
well in one city may not generalize to another if it is not sufficiently sensi-
tive to the underlying physical and geological context.

2.3 Observation, measurement, and diagnostic analysis

The observation of land subsidence has been transformed by satel-
lite geodesy, especially Interferometric Synthetic Aperture Radar (InSAR).
Differential InSAR and time-series InSAR techniques allow ground defor-
mation to be mapped at millimetric precision over wide urban areas, provid-
ing a major advantage over point-based monitoring methods such as level-
ling or isolated GNSS stations [42-45]. These methods have revealed per-
sistent deformation hotspots in many cities, includingMexico City, Beijing,
Wuhan, Shenzhen, Shanghai, and Semarang [1, 46-50].

The observational literature has established two major facts. First,
subsidence is often highly heterogeneous in space, even within the same
urban basin. Sharp gradients may arise over short distances because of con-
trasts in sediment thickness, groundwater exploitation, or construction in-
tensity. Second, subsidence is temporally non-stationary. Long-term trends
may be modulated by hydrological recovery, pumping cycles, engineering
projects, or management interventions [51-53]. These findings have led
to the increasing integration of InSAR with groundwater records, borehole
logs, pumping tests, land-use information, and infrastructure data in order
to move from deformation mapping toward process interpretation [18, 54-
55].

Despite these advances, observation alone does not solve the forecast-
ing problem. InSAR provides a high-resolution record of surface displace-
ment, but it does not directly resolve the subsurface state variables that gov-
ern deformation. A deformationmap is therefore a diagnostic product rather
than a predictive model. The scientific task is to move from observation to
dynamics, that is, from measured surface motion to a model able to explain
past subsidence and credibly forecast future evolution.
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2.4 Physically based modelling of subsidence

Physically based models remain the main framework for represent-
ing the causal chain linking groundwater flow, effective stress change, and
compaction. In general form, groundwater flow in a deformable medium
may be written as

Ss
∂h

∂t
−∇ · (K∇h) = Q, (2-2)

where Ss is specific storage, h is hydraulic head, K is hydraulic conduc-
tivity, and Q is a source or sink term. This equation expresses how head
evolves under storage, flow, and pumping or recharge forcing. Compaction
may then be related to head decline and to the mechanical response of com-
pressible units through poroelastic or consolidation formulations [14, 13,
56].

A large body of work has shown the value of these models in regional
or basin-scale applications. They have been used to reconstruct the effects
of groundwater exploitation, simulate delayed compaction, and test mitiga-
tion strategies in Beijing, Tehran, and other subsiding basins [57, 40-41].
More recent work has also introduced data assimilation to better anchor
model states and parameters to observed deformation fields [20-22, 58, 23].
These studies represent a significant advance because they reduce the dis-
connect between process-based simulation and surface observations.

Nevertheless, physically based modelling remains difficult in urban
forecasting practice. Reliable application usually requires dense hydros-
tratigraphic characterization, site-specific mechanical and hydraulic param-
eters, well-constrained boundary conditions, and long time series of ground-
water and deformation observations. In many rapidly urbanizing settings,
such information is incomplete, spatially uneven, or unavailable at the res-
olution needed for robust inversion. As a consequence, fully process-based
models may become underconstrained or computationally expensive, par-
ticularly when extended to wide urban domains or repeated scenario anal-
ysis. There is therefore a persistent trade-off between physical realism and
practical scalability.
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2.5 Data-driven and machine-learning approaches

Machine learning has become increasingly important in subsidence
research because it can exploit high-dimensional, nonlinear, and heteroge-
neous geospatial datasets without requiring a fully specified physicalmodel.
Tree-based algorithms, support vector machines, geographically weighted
deep learning, recurrent neural networks, and ensemble methods have been
used to map susceptibility, identify important drivers, and forecast defor-
mation [24, 59-60, 34, 25, 27, 26, 61]. In a general forecasting setting, these
approaches aim to approximate a nonlinear operator

ŝt+h = fθ (x1:t, s1:t) , (2-3)

where ŝt+h is future subsidence, x1:t denotes the history of explanatory vari-
ables, s1:t denotes past deformation, and fθ is a data-driven model parame-
terized by θ.

The literature has shown that machine-learning models can recover
meaningful predictive relationships. Studies in Beijing and other regions
have identified groundwater decline, sediment thickness, building den-
sity, and human activity indicators as important controls [24, 62, 18].
Recent work has extended these methods to spatio-temporal modelling
and scenario-based simulation [25, 27, 26]. In the context of the present
study, Liu et al. [29] showed that machine-learning models can simulate
subsidence in a rapidly urbanizing environment with strong predictive skill
while identifying groundwater level and building concentration as key
controlling variables.

However, the literature also shows clear limitations. Many machine-
learning studies focus on susceptibility mapping or retrospective fitting
rather than true multi-horizon forecasting. Even when predictive accuracy
is high, the internal representation of the model often remains difficult
to interpret in hydrogeological or geomechanical terms. This is a serious
issue because subsidence is not merely a statistical classification problem.
It is a dynamic physical response of a deformable urban subsurface. A
purely empirical model may interpolate within the training domain ef-
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fectively while remaining weak under extrapolation, distribution shift, or
policy-driven scenario changes. As emphasized by Guzy and Malinowska
[28], the challenge is not only to predict where subsidence occurs, but to
explain why it occurs and how it may evolve under changing forcing.

2.6 Toward physics-guided and hybrid frameworks

The limitations of both purely physical and purely data-driven models
have motivated a new line of research based on hybrid or physics-guided
learning. In this setting, machine learning is combined with reduced gov-
erning equations, physical priors, or structured constraints in order to im-
prove plausibility, regularity, and generalization [30-33]. The idea is not to
replace physics with data, nor to impose a full numerical simulator where
the required inputs are unavailable. Rather, it is to construct a model that
learns flexibly from data while remaining anchored to core physical princi-
ples.

For land subsidence, this direction is particularly relevant. The avail-
able observations are often rich enough to support data-driven learning, but
not sufficient to sustain a fully resolved hydrogeological inversion at urban
scale. A reduced but physically meaningful closure can therefore provide
an attractive compromise. Instead of requiring all hydrostratigraphic de-
tails explicitly, such a framework may constrain the forecast through effec-
tive storage, conductivity, drainage thickness, or consolidation timescale.
Some recent data-assimilation studies already point toward this philosophy
by combining observationswith physically structured representations rather
than treating the deformation field as a purely empirical surface [20-23].

In reduced form, a physically guided subsidence dynamics may be ex-
pressed through a relaxation law such as

∂s

∂t
=

seq − s

τ
, (2-4)

where s is cumulative subsidence, seq is an equilibrium settlement linked
to drawdown and compressible thickness, and τ is an effective relaxation
timescale. This type of formulation does not replace full poroelastic mod-
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elling, but it captures an essential aspect of delayed compaction behavior
while remaining compatible with the scale and incompleteness of urban
datasets.

Even so, a major gap remains in the literature. Existing studies often
belong to one of three broad groups. The first provides high-quality obser-
vation and diagnosis but stops short of predictive mechanistic modelling.
The second applies process-based simulation with strong physical fidelity
but substantial parameter and calibration demands. The third uses machine
learning for prediction or susceptibility mapping, often with limited phys-
ical interpretability and limited treatment of forecast uncertainty. What
remains uncommon is a single framework that combines urban-scale pre-
dictive skill, physically auditable internal structure, and uncertainty-aware
forecasting.

2.7 Scientific gap and positioning of this study

The scientific gap addressed in this research can therefore be stated
clearly. Urban land subsidence studies have achieved major progress in
observation, process-basedmodelling, and data-driven prediction, but these
advances remain only partially integrated. Observation reveals where de-
formation occurs. Physics explains how compaction can arise under speci-
fied hydraulic and mechanical conditions. Machine learning improves pre-
dictive efficiency from heterogeneous data. The unresolved challenge is
to combine these strengths in a forecasting framework that is sufficiently
accurate for urban-scale application, sufficiently structured for physical in-
terpretation, and sufficiently flexible for complex multi-source datasets.

The present study positions itself directly within that gap. A first
contribution is to establish a rigorous machine-learning basis for subsi-
dence simulation in a real urban environment, showing that heterogeneous
geospatial predictors can yield accurate deformation estimates and mean-
ingful driver analysis [29]. A second contribution is to move beyond
black-box prediction by introducing a physics-guided artificial-intelligence
framework in which forecasts are informed by reduced consolidation dy-
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namics and by interpretable effective hydrogeological fields. In schematic
form, the target is to learn a mapping of the form(

ŝq, ĥq, K, Ss, τ
)
= MΘ(X), (2-5)

where ŝq and ĥq denote forecast quantiles for subsidence and head, K is
effective hydraulic conductivity, Ss is effective specific storage, τ is effec-
tive relaxation timescale, andMΘ is a physics-guided model learned from
input data X .

The novelty of this research lies at the intersection of three require-
ments that are rarely satisfied simultaneously in the existing literature.
The first is predictive capability at urban scale from heterogeneous spatio-
temporal inputs. The second is physical accountability, meaning that the
learned dynamics can be interpreted and audited in terms of subsurface
response rather than only statistical fit. The third is uncertainty-aware
forecasting, which is essential for decision-making in risk-prone urban
systems. The scientific progression developed in this work is therefore
deliberate: the machine-learning study establishes what can be learned
directly from the available data, and the physics-guided study addresses
what remains missing when prediction is detached from mechanism.

2.8 Summary

This chapter reviewed the state of the art in urban land subsidence
research from the perspectives of physical mechanisms, observational
diagnostics, process-based modelling, machine-learning prediction, and
physics-guided hybrid frameworks. The review shows that land subsidence
is a coupled hydrogeological and urban process, whose forecasting remains
difficult because the deformation signal arises from multiple drivers acting
across different spatial and temporal scales. InSAR and related geodetic
methods have greatly improved observation, but they do not by themselves
provide a predictive dynamical model. Physically based approaches offer
strong process fidelity, yet often require more information than is available
in rapidly urbanizing basins. Data-driven approaches offer flexibility and
predictive power, but often lack mechanistic interpretability and robust
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uncertainty treatment.

The literature therefore reveals a clear scientific gap. What is still
needed is a forecasting framework that combines urban-scale predictive
skill, physically interpretable effective structure, and uncertainty-aware
prediction. This gap motivates the methodological development of the fol-
lowing chapters. The next chapter presents the study areas, data foundation,
and preprocessing strategy used to build such a framework.
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Chapter 3 Study Areas, Data, and Preprocessing

3.1 Introduction

This study is built on a multi-source urban subsidence dataset designed
to support both data-driven simulation and physics-guided forecasting. The
objective is not only to assemble deformation and environmental observa-
tions, but to organize them into a coherent modelling framework that pre-
serves physical interpretability across contrasting urban basins. The data
structure must therefore satisfy two requirements. First, it must be rich
enough to support nonlinear spatio-temporal forecasting. Second, it must
remain sufficiently structured to allow hydrogeological and geomechanical
interpretation.

Two subsidence-prone urban environments in the Pearl River Delta of
southern China are considered: Nansha District, Guangzhou, and Zhong-
shan. Their joint use is deliberate. It allows the analysis to move beyond a
single-city demonstration and to examine forecasting under contrasting ge-
ological, hydrogeological, and urban-development conditions. In the first
stage of the study, Nansha served as the basis for machine-learning-based
subsidence simulation [29]. In the second stage, both Nansha and Zhong-
shan were treated under a common city-agnostic framework in order to as-
sess physical consistency, uncertainty quality, and cross-city transferability.

3.2 Study areas

Nansha District is located at the southernmost part of Guangzhou,
along the western sector of the Pearl River Delta waterway. It occupies
a strategic position near the confluence of the Xijiang, Beijiang, and
Dongjiang rivers and has undergone intense urbanization during recent
decades [29]. The district is characterized by a low-lying deltaic setting,
widespread Quaternary sediments, and strong human modification asso-
ciated with rapid construction, land development, and growing pressure
on groundwater and infrastructure. Such conditions make Nansha espe-
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cially relevant for subsidence research, because deformation in coastal
and recently reclaimed plains often arises from the combined action of
compressible deposits, groundwater stress, and anthropogenic loading
[16, 19, 8].

Zhongshan provides a contrasting urban basin within the same re-
gional context. In this work, it is analysed on the same annual grid and
under the same harmonisation rules as Nansha. Compared with Nansha,
Zhongshan shows a more competent lithological composition, a shallower
groundwater-depth range, and a more spatially structured deformation
regime. By contrast, Nansha contains a larger fraction of fine-grained,
compressible materials and exhibits a broader hydro-environmental span
[18, 48]. This contrast is scientifically important because it allows the
forecasting framework to be tested under two different classes of urban
subsidence behaviour: a highly heterogeneous, rapidly reclaimed coastal
system, and a more organised urban basin with clearer hydrostratigraphic
structure.
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图 3-1 Field evidence of differential settlement in Nansha and Zhongshan. a, Nansha: oblique
satellite view with locations of selected InSAR pixels (NS5111–1, NS5101–1, NS5189–1) and pho-
tographs of nearby buildings. Yellow arrows indicate vertical offsets between building plinths and
the surrounding ground, with measured gaps of approximately 402–441 mm at several riverfront
structures. b, Zhongshan: similar layout for pixels ZJ1921–1, ZJ1922, ZJ1925 and ZJ1940–1, il-
lustrating tilted walls, uplifted steps, and exposed foundations with offsets of roughly 105–342 mm.
Insets show the wider building context. These field observations corroborate the persistent subsi-
dence hotspots identified by the InSAR time series in both cities.
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The combined use of Nansha and Zhongshan serves three purposes.
First, it grounds the analysis in real urban case studies of strong practical
relevance. Second, it provides a basis for comparing driver–response be-
haviour across cities rather than attributing all observed patterns to a sin-
gle local setting. Third, it supports the transition from machine-learning
simulation to physics-guided forecasting, where generalisation, mechanis-
tic consistency, and uncertainty calibration become central concerns.

3.3 Data sources and target variables

The data foundation of this study is built from heterogeneous geospa-
tial, hydro-environmental, and geological observations assembled to rep-
resent the principal controls of urban land subsidence. In the machine-
learning stage, the Nansha dataset integrated InSAR-derived deformation,
geological information, filled-soil thickness, sand-layer distribution, build-
ing concentration, and groundwater levels [29]. In the later physics-guided
framework, this data contract was reformulated so that similar classes of
information could be harmonised across Nansha and Zhongshan on a com-
mon annual grid. The resulting archive includes InSAR-derived vertical
displacement, groundwater observations, rainfall fields, borehole lithology
and thickness information, and urban-development layers such as impervi-
ousness, roads, and low-rise building footprints [42, 1, 26, 47].

The principal target variable throughout the study is cumulative land
subsidence, denoted here by s(i, t) for grid cell i and year t. This quantity is
derived from multi-temporal InSAR processing and is used because it sum-
marizes the integrated ground response over time, while remaining directly
relevant to urban hazard and infrastructure risk. In the machine-learning
framework, the Nansha deformation archive covered the period 2015–2022
and served as the basis for simulation and scenario analysis [29]. In the later
framework, the cumulative subsidence target was harmonised on an annual
support for both Nansha and Zhongshan, together with groundwater-state
information where available.

Groundwater information forms the second major data component.
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The literature has consistently shown that groundwater decline is one of
the most powerful controls on urban subsidence [12-13, 15, 24-25]. This is
also consistent with the present study, where groundwater depth emerged
as a dominant driver in Nansha and remained central in the physics-guided
formulation. Let d(i, t) denote depth to water, measured positive downward
from the surface. The corresponding hydraulic head is reconstructed as

h(i, t) = zsurf(i)− d(i, t), (3-1)

where zsurf(i) is the surface elevation datum. The associated drawdown is
then written as

∆h(i, t) = href(i)− h(i, t), (3-2)

where∆h > 0 indicates head loss relative to a reference state. This canon-
icalisation is essential because it preserves a consistent sign convention be-
tween data ingestion and physical interpretation.

Rainfall is included as an additional dynamic forcing variable. Al-
though its influence is generally weaker than that of groundwater with-
drawal, rainfall affects recharge, hydraulic recovery, and the interannual
modulation of subsurface stress conditions [51-52]. It therefore contributes
both to predictive completeness and to a more realistic hydrogeological in-
terpretation. In the physics-guided framework, rainfall is used both as an
observed historical driver and as a future-known exogenous input over the
forecast horizon.

Subsurface geological information is represented through lithology
and thickness-related variables. In Nansha, the first modelling stage used
lithological descriptors, filled-soil thickness, and sand-layer distribution
[29]. In the later framework, these components were reorganised into
a thickness-aware and lithology-aware representation suited to cross-
city learning. Borehole information was used to derive an effective
compressible-thickness field, Heff(i), while lithological structure was
preserved as a static descriptor. This variable is scientifically important
because both the literature and the Nansha results show that compressible-
layer thickness is a major amplifier of deformation [62, 40, 25]. In
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Zhongshan, the available thickness information includes right-censoring,
which was treated explicitly during preprocessing rather than ignored.

Urban-development information was introduced to represent the an-
thropogenic stress imposed by built environments. In the earlier machine-
learning stage, building concentration was used directly and was identified
as one of the most influential predictors of deformation in Nansha [29]. In
the later framework, this information was generalised into a shallow urban-
load proxy, denoted U∗(i, t), derived from urban surface characteristics
such as imperviousness and built-form patterns. Its role is not to model
the full mechanics of foundations and structures, but to capture the dis-
tributed shallow loading and surface modification associated with intense
urbanisation.

3.4 Cross-city harmonisation framework

A major objective of this study was to move from a single-city mod-
elling exercise to a common forecasting framework that permits direct com-
parison across cities. This required strict harmonisation of all input layers.
Nansha and Zhongshan were therefore analysed on a common spatial grid
and annual time axis, with the same preprocessing rules applied to both
study areas. This city-agnostic pipeline ensures that cross-city comparisons
and transfer experiments are not confounded by incompatible definitions or
inconsistent temporal support.

The harmonisation begins with co-registration of all available layers
onto a shared analysis grid. InSAR deformation, groundwater observations,
rainfall fields, borehole-derived variables, and urban-development layers
are spatially aligned so that each grid cell stores a consistent set of predictors
and targets for a given year. Temporal harmonisation then aggregates the
records to annual resolution. This annual support is appropriate because
the objective is multi-year urban subsidence forecasting rather than short-
period fluctuation tracking, while still preserving enough temporal structure
for delayed response analysis.

Quality control and masking were applied before model construction.
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Pixels or records affected by insufficient support, inconsistent alignment, or
invalid values were excluded from the final analysis domain in order to pre-
vent artefacts from propagating into the learning stage. This is particularly
important in InSAR-based studies, where decorrelation, intermittent cover-
age, or local noise may degrade certain time–space locations even when the
broader deformation pattern remains reliable [42, 45, 47]. The harmonised
archive was therefore designed not as a simple overlay of layers, but as a
curated modelling dataset with a consistent physical meaning.

3.5 Feature construction and input representation

After harmonisation, the raw observations were reorganised into fea-
ture sets suitable for both machine-learning and physics-guided forecasting.
This stage is central because it defines the interface between geoscientific
observations and predictive modelling.

In the first stage of the study, feature construction in Nansha focused
on assembling the variables most directly linked to subsidence risk, in-
cluding geology, groundwater level, building concentration, and thickness-
related indicators, then learning their relationship to the InSAR-derived tar-
get throughXGBR andLSTMmodels [29, 63-64]. A delta-rate strategywas
introduced there to strengthen temporal simulation and to make the learning
task more responsive to evolving subsidence conditions.

In the second stage, feature construction became more structured. The
harmonised archive was packaged into three streams:

Xi,t =
(
x
(sta)
i , X

(dyn)
i,t , X

(fut)
i,t

)
, (3-3)

where x(sta)i denotes static features, X(dyn)
i,t denotes the observed historical

sequence, and X(fut)
i,t denotes future-known exogenous inputs.

Static features encode time-invariant site properties such as lithology
and surface elevation. Dynamic features encode the observed history over
the look-back window and include groundwater depth, past cumulative
subsidence as an autoregressive channel, rainfall, the shallow urban-load
proxy, and a thickness-censor indicator. Future-known features encode
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exogenous information available over the forecast horizon; in the present
configuration this consists of rainfall only [35-36]. This separation between
static, dynamic, and future-known inputs is methodologically important
because it clarifies what the model learns from site structure, what it learns
from past system evolution, and what it is allowed to condition on at
forecast time.

Two engineered variables deserve particular emphasis. The first is the
effective compressible-thickness field Heff, which condenses borehole and
stratigraphic information into a quantity more directly aligned with consol-
idation behaviour. The second is the shallow urban-load proxy U∗, which
summarises anthropogenic surface pressure in a form usable by both pre-
dictive and physical pathways. These variables are central to the method-
ological development of later chapters because they connect observational
data with simplified geomechanical reasoning.

3.6 Target definition and forecasting windows

The principal target is cumulative land subsidence at grid-cell scale.
For each grid cell i and forecast origin t, the future target path over a horizon
of length H may be written as

y
(s)
i,t = [s(i, t+ 1), s(i, t+ 2), . . . , s(i, t+H)] . (3-4)

In the machine-learning stage, this target is used to simulate past evolution
and generate future subsidence scenarios for Nansha. In the physics-guided
stage, it is used for probabilistic multi-horizon forecasting in both Nansha
and Zhongshan.

Where available, groundwater-state targets are also incorporated:

y
(h)
i,t = [h(i, t+ 1), h(i, t+ 2), . . . , h(i, t+H)] . (3-5)

This dual-target structure is important because the physical residuals linking
consolidation and hydraulic response require a coherent representation of
both deformation and subsurface state.

The forecasting windows are defined through a fixed look-back length
and a forecast horizon. In the harmonisedmulti-city framework, the data are
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organised using a five-year historical window and a multi-horizon forecast
setup. This configuration provides enough temporal context to capture de-
layed or cumulative deformation response while keeping the forecast prob-
lem relevant for planning and risk management.

3.7 Preprocessing strategy and physical consistency

The preprocessing adopted in this studywas not purely technical. Each
choice was designed to improve the physical interpretability of the final
models.

First, groundwater variables were canonicalised so that the predictive
stream and the physical stream use compatible but sign-consistent represen-
tations of the same underlying process. This avoids ambiguity when linking
observed depth-to-water to the hydraulic head used in the reduced physical
equations.

Second, thickness informationwas treated in a censor-aware way. This
is particularly important in Zhongshan, where part of the thickness archive
is right-censored. A naive use of such measurements would risk introduc-
ing systematic distortion into the learning process. By explicitly carrying
censor information and constructing an effective thickness field, the frame-
work preserves the stratigraphic signal while acknowledging the limitations
of the raw observations.

Third, urban forcing was represented through variables that preserve
interpretability. In the early machine-learning stage, this role was played
by building concentration. In the later framework it was generalised into a
shallow urban-load proxy, which is better suited to cross-city comparison
and to the reduced geomechanical logic used by the physics-guided model.

Fourth, autoregressive memory was retained through the inclusion of
past cumulative subsidence in the dynamic history. This is important be-
cause urban subsidence is path-dependent: the present response is partly
conditioned by the system state inherited from previous years. Retaining
this information helps the model learn not only static susceptibility, but also
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temporal evolution.

3.8 Scientific rationale of the data framework

The data framework developed in this chapter reflects the scientific
trajectory of the study. The first stage required a rich and operational pre-
dictor set for Nansha in order to test whether machine-learning methods
could simulate urban subsidence effectively. The second stage required a
stricter and more transferable design, because the objective expanded from
single-city simulation to physics-guided forecasting across contrasting ur-
ban basins.

For this reason, the present chapter does more than list datasets. It de-
fines the modelling contract of the study. The selected variables represent
the main pathways through which urban subsidence is expressed: defor-
mation observed from space, groundwater stress, hydro-climatic forcing,
subsurface compressibility, and anthropogenic surface loading. Their har-
monisation onto a common annual grid creates a dataset that is rich enough
for modern predictive modelling while remaining interpretable in hydroge-
ological and geomechanical terms.

3.9 Summary

This chapter presented the study areas, data sources, harmonisation
strategy, feature construction, and target definition used throughout the
study. Nansha and Zhongshan were selected as two contrasting urban
subsidence regimes within the Pearl River Delta, allowing the modelling
framework to be evaluated beyond a single local setting. The dataset
integrates InSAR-derived deformation, groundwater observations, rainfall,
borehole-derived thickness and lithology, and urban surface-development
information. These heterogeneous sources were harmonised onto a com-
mon annual grid and reorganised into static, dynamic, and future-known
streams suitable for both machine-learning and physics-guided forecasting.

The resulting data framework establishes the common empirical
basis for the chapters that follow. The next chapter builds on this dataset
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to present the first methodological stage of the study, namely machine-
learning-based land subsidence simulation in Nansha. The subsequent
chapter extends the same data foundation toward a physics-guided fore-
casting framework capable of learning not only deformation trajectories,
but also physically interpretable effective structure across multiple urban
regimes.
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Chapter 4 Machine Learning-Based Subsidence Simulation

4.1 Introduction

The first modelling stage of this study was designed to determine
whether heterogeneous urban and environmental observations could be
translated into a reliable data-driven simulator of land subsidence in
Nansha. The objective was not restricted to pointwise prediction. It also
involved three closely related tasks: identifying the dominant controls
of deformation, constructing a temporally coherent forecasting work-
flow from irregularly sampled predictors, and testing whether the trained
models could support scenario-based subsidence prevention analysis
[29, 24-25, 27].

To address these objectives, two machine-learning models with com-
plementary strengths were adopted. The first was the eXtreme Gradient
Boosting Regressor (XGBR), which is particularly effective for nonlinear
tabular regression and for ranking the importance of predictors through en-
semble tree structure [63]. The second was the Long Short-Term Memory
(LSTM) network, which is well suited to sequential learning and to rep-
resenting delayed temporal dependence in evolving geophysical systems
[64-66]. The use of both models makes it possible to compare a strong
tree-based learner with a recurrent sequence model rather than relying on a
single modelling family.

4.2 Formulation of the prediction problem

Let Ω denote the set of spatial grid cells covering the Nansha study
area, and let k denote the weekly time index after temporal interpolation.
For each grid cell i ∈ Ω and week k, define the predictor vector as

xi,k =
[
Lithi, FSti,k, SLdi,k,BCi,k,GWLi,k

]⊤
, (4-1)

where Lith is the geological class, FSt is filled-soil thickness, SLd is sand-
layer distribution, BC is building concentration, and GWL is groundwater
level. These variables were introduced in Chapter 3 as the main descrip-
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tors of subsurface condition, anthropogenic loading, and hydrogeological
forcing in Nansha [29, 62, 40].

Let Si,k denote cumulative subsidence at grid cell i and week k, de-
rived from the fused InSAR deformation sequence. Instead of directly
predicting the cumulative signal, the machine-learning stage models the
weekly subsidence increment

ri,k = Si,k − Si,k−1. (4-2)

This formulation is advantageous because it transforms the forecasting task
into the prediction of temporal evolution rather than the direct extrapolation
of an accumulated quantity.

The learning problem can then be expressed as the approximation of a
nonlinear operator F such that

r̂i,k+1 = F
(
xi,1:k, ri,1:k

)
, (4-3)

where the interpretation of the historical sequence depends on the chosen
model. For XGBR, the sequence is first transformed into a supervised re-
gression table. For LSTM, the sequence is processed directly in its temporal
order.

Once the future increments have been predicted, cumulative subsi-
dence is reconstructed recursively as

Ŝi,k+h = Si,k +
h∑

m=1

r̂i,k+m, (4-4)

where h denotes the forecast horizon in weeks. This decomposition is im-
portant because it separates the dynamic learning problem from the final
cumulative-map reconstruction.

4.3 Temporal harmonisation through the delta-rate strategy

A major challenge of the Nansha dataset is that the different predictor
layers do not share the same temporal sampling. Some variables are avail-
able only for a limited number of survey years, whereas the InSAR deforma-
tion archive is substantially denser in time. Direct multivariate forecasting
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is therefore not possible without temporal harmonisation. To address this
issue, the study introduced a delta-rate strategy, denoted ∆r, to interpolate
time-varying predictors onto a common weekly axis [29].

For a variable D observed at times t1 and t2, the delta-rate is defined
as

∆r(ts) =
1

ts

(
Dobs(t2)−Dobs(t1)

t2 − t1

)
, (4-5)

where ts is the target subdivision of the interval, for example in weeks.
Intermediate values are then generated recursively by

Dobs(t+ 1) = Dobs(t) + ∆r. (4-6)

This operation was applied to all time-varying numerical predictors,
whereas the geological class Lith remained fixed through time.

The practical consequence of this procedure is that annual or multi-
year predictor maps are converted into a denser weekly archive that can
be used for time-series learning. In the Nansha application, the predictor
stack was rasterised on a 60m × 60m grid and expanded into 395 weekly
timestamps covering the period from June 2015 to December 2022 [29].
This weekly representation does not imply that all physical drivers evolve
linearly at weekly scale. Its role is to provide a coherent temporal scaffold
on which the machine-learning models can be trained and later used for
long-horizon simulation.

4.4 Extreme Gradient Boosting Regressor

4.4.1 Theory

XGBR is an additive ensemble of regression trees. For an input vector
xi, the prediction afterK boosting rounds is written as

ŷi =
K∑
k=1

fk(xi), fk ∈ F , (4-7)

where F denotes the space of regression trees and ŷi is the predicted re-
sponse for sample i. At boosting round t, a new tree is added to correct the
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residual structure left by the previous ensemble:

ŷ
(t)
i = ŷ

(t−1)
i + ft(xi). (4-8)

This stage-wise correction is one of the main reasons why gradient boosting
performs well in nonlinear environmental modelling [63, 67, 25].

The corresponding objective function is

L(ϕ) =
n∑

i=1

l(yi, ŷi) +
K∑
k=1

Ω(fk), (4-9)

where l(yi, ŷi) is the data loss and Ω(fk) penalises tree complexity. In stan-
dard boosted-tree notation, the regularisation term may be written as

Ω(fk) = γTk +
1

2
λ

Tk∑
j=1

w2
j , (4-10)

where Tk is the number of leaves in tree k and wj denotes the leaf weights.
This penalty reduces overly complex partitions and helps control overfit-
ting.

4.4.2 Role in the Nansha study

Within the Nansha workflow, XGBR served two purposes. First, it
acted as a high-capacity nonlinear regressor for simulating subsidence from
the interpolated predictor stack. Second, it provided an interpretable rank-
ing of feature importance through tree-split statistics. This was particu-
larly useful for screening the dominant factors associated with subsidence
evolution in Nansha, where groundwater level and building concentration
emerged as principal controls in the original analysis [29, 62, 18]. An aux-
iliary Random Forest benchmark was also introduced in the factor-analysis
stage in order to verify whether the main importance structure inferred by
XGBR remained stable under another tree-ensemble family [68].
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4.5 Long Short-Term Memory network

4.5.1 Sequential memory formulation

The LSTM network is designed to preserve and regulate information
over long temporal sequences through an internal cell state and three gates:
forget, input, and output [64-65]. Given an input sequence {xk}, the gate
equations at time step k are written as

fk = σ
(
Wf [hk−1, xk] + bf

)
, (4-11)

ik = σ(Wi[hk−1, xk] + bi) , (4-12)

c̃k = tanh(Wc[hk−1, xk] + bc) , (4-13)

ck = fk ⊙ ck−1 + ik ⊙ c̃k, (4-14)

ok = σ(Wo[hk−1, xk] + bo) , (4-15)

hk = ok ⊙ tanh(ck), (4-16)

where σ(·) is the sigmoid function, hk is the hidden state, ck is the memory
cell, and ⊙ denotes elementwise multiplication. The predicted response is
then obtained from the hidden state by

ŷk = Wyhk + by. (4-17)

This sequential structure is particularly suitable for subsidence fore-
casting because land deformation is path-dependent. The response at a
given time is governed not only by the current hydro-environmental condi-
tions, but also by the accumulated deformation history and delayed adjust-
ment of the subsurface system. LSTM therefore provides a natural way to
encode temporal memory that is only indirectly observed in the predictor
stack.

4.5.2 Role in the Nansha study

In the Nansha application, the LSTM model consumed the weekly
predictor sequences and learned the nonlinear temporal dependence be-
tween the evolving inputs and the subsidence response [29, 27]. Relative
to XGBR, its main advantage is that it preserves sequence order explicitly

30



Central South University - Postdoctoral Report Chapter 4 Machine Learning-Based Subsidence Simulation

rather than through a manually engineered supervised table. Its principal
limitation is that it is less transparent than tree-based models and may re-
quire careful regularisation when the input archive is partly interpolated
rather than fully observed.

4.6 Scenario-based prevention through modified delta rates

An important feature of the machine-learning stage is that it was used
not only for passive prediction, but also for prevention-oriented scenario
simulation. Once a dominant driver had been identified, its delta-rate could
be modified to emulate a reduction strategy. The modified delta-rate was
defined as

∆rprev = α∆r, (4-18)

where α is a reduction factor. In the Nansha application, the prevention sce-
nario focused on reducing the influence of groundwater level and building
concentration by 80%, motivated by their strong contribution to predicted
subsidence [29]. The resulting modified predictor trajectories were then
reintroduced into the forecasting workflow.

Because the two model families do not respond to feature attenuation
in the same way, model-specific prevention controls were also considered.
For LSTM, an L1 penalty was added to the loss:

Lnew = Loriginal + αλ
∑

|w|, (4-19)

where λ is the regularisation strength and w denotes network weights. For
XGBR, the control was expressed through the maximum tree depth:

Dnew
max = αD

original
max . (4-20)

This formulation does not directly change the predictor itself, but reduces
the capacity of the tree ensemble to exploit highly complex partitions tied
to the attenuated factor. In methodological terms, the prevention analysis is
therefore a conditional re-simulation under modified driver evolution rather
than a true mechanistic intervention model.
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4.7 Data normalisation and supervised sequence construction

Both XGBR and LSTM require numerical variables to be placed on
a comparable scale. The study therefore normalised the input and output
variables using min–max scaling:

Xn =
Xi −Xmin

Xmax −Xmin
, (4-21)

whereXn is the normalised value andXi is the original value [69-70]. This
transformation limits the effect of differing numerical ranges and improves
optimisation stability.

For XGBR, the weekly time-series archive was converted into a super-
vised regression table in which each sample contains the predictor state and
the associated subsidence response at the target step. For LSTM, the same
archive was retained as an ordered sequence. The two models therefore
operate on the same information content, but under different assumptions
about how temporal dependence should be represented.

4.8 Calibration and walk-forward validation

A critical methodological choice in this study was the use of walk-
forward validation rather than ordinary random cross-validation. In sub-
sidence forecasting, temporal ordering cannot be ignored: data from later
periods should not leak into model training when the evaluation is intended
to mimic future prediction. Standard random splitting would therefore lead
to optimistic error estimates.

Let the ordered weekly archive be divided into an earlier segment for
model fitting and a later segment for out-of-sample validation. The training
and validation procedure then advances through time, each time fitting the
model on the historical block and evaluating it on the next unseen portion.
This strategy preserves causality and provides a more realistic measure of
generalisation under temporal drift [29, 69]. In the original Nansha study,
the data were partitioned into 70% for training and 30% for validation, with
walk-forward evaluation used to avoid the optimistic bias associated with
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表 4-1 Hyperparameter configuration used for the machine-learning subsidence simulation in Nan-
sha.

Model Selected hyperparameters

XGBR nestimators = 1000; maximum depth = 27; learning rate = 0.1; loss = squared error.

LSTM number of hidden units = 200; maximum epochs = 100; optimizer = Adamax; dropout = 0.4; learning
rate = 0.01.

random folds.

The final hyperparameter configuration adopted in the Nansha study
is summarised in Table 4-1. These values were obtained through trial-and-
error calibration within the study design reported in Liu et al. [29].

4.9 Evaluation metrics

The predictive performance of the models was assessed using three
standard regression metrics: the mean absolute error (MAE), the root-
mean-square error (RMSE), and the coefficient of determination R2

[69, 29]. These are defined as

MAE =
1

n

n∑
i=1

|yi − ŷi|, (4-22)

RMSE =

√√√√1

n

n∑
i=1

(yi − ŷi)2, (4-23)

and
R2 = 1−

∑n
i=1(yi − ŷi)

2∑n
i=1(yi − ȳ)2

, (4-24)

where yi and ŷi are the observed and predicted responses, respectively, and
ȳ is the sample mean of the observations.

In addition to these scalar metrics, the study also used the Taylor dia-
gram as a compact diagnostic of pattern agreement between predictions and
observations [71]. For a prediction vector ŷ and observation vector y, the
centred root-mean-square difference is

E′ =
√

σ2y + σ2ŷ − 2σyσŷρ, (4-25)
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where σy and σŷ are the standard deviations of the observed and predicted
series, respectively, and ρ is their correlation coefficient. This represen-
tation is useful because it distinguishes a model that captures the overall
spatio-temporal pattern from one that merely reduces the average error.

4.10 Methodological significance of the machine-learning stage

The machine-learning stage established three important methodologi-
cal results.

First, it demonstrated that heterogeneous urban predictors can be as-
sembled into a coherent forecasting dataset despite irregular temporal sam-
pling. The ∆r strategy provided a practical solution for bringing geology-
informed, hydrogeological, and urban-development variables onto a com-
mon temporal support.

Second, it showed that two distinct learning families, namely boosted
trees and recurrent neural networks, can both recover meaningful subsi-
dence behaviour from the Nansha archive. This reduces the risk that the
main conclusions depend on a single model architecture.

Third, it provided an initial route from explanation to action. By
identifying dominant drivers and propagating modified delta-rates through
the simulator, the study translated predictive modelling into a prevention-
oriented scenario tool. Although this remains an empirical prevention
framework rather than a full physical intervention model, it was sufficient
to reveal the limits of purely statistical forecasting and to motivate the
transition toward a more physically structured framework.

4.11 Limitations of the purely data-driven stage

Despite its strong predictive value, this machine-learning stage leaves
several scientific questions unresolved. The first limitation concerns phys-
ical interpretability. Although the models can identify influential predic-
tors, they do not explicitly recover hydrogeological fields or compaction
timescales. As a result, the forecast may be accurate while remaining only
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loosely connected to the underlying mechanics of subsidence.

The second limitation concerns extrapolation under changing forcing.
The∆r strategy is effective as a temporal harmonisation tool, but it remains
an interpolation-based scaffold. Long-horizon scenarios constructed from
it therefore depend on assumptions regarding the persistence of observed
trends.

The third limitation concerns uncertainty structure. The machine-
learning framework provides deterministic forecasts and performance
diagnostics, but it does not impose explicit physical consistency on the
predicted trajectories. This makes it difficult to distinguish a statistically
acceptable forecast from one that is also geomechanically plausible.

4.12 Summary

This chapter presented the first methodological stage of the study,
namely machine-learning-based subsidence simulation in Nansha. Using
heterogeneous geological, hydrogeological, and urban-development pre-
dictors, the study constructed a temporally harmonised forecasting dataset
and evaluated two complementary models, XGBR and LSTM. The results
showed that machine-learning methods can recover meaningful subsidence
behaviour, identify dominant controls such as groundwater level and
building concentration, and support prevention-oriented scenario analysis
through modified delta-rate simulation.

At the same time, the chapter clarified the limitations of a purely data-
driven approach. Although predictive performance is strong, the forecast
remains weakly connected to explicit hydrogeological and geomechani-
cal structure. This limitation motivates the next methodological stage, in
which predictive strength is combined with physical accountability through
a physics-guided forecasting framework.
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Chapter 5 Physics-Guided AI for Subsidence Forecasting

5.1 Introduction

Chapter 4 showed that machine-learning models can recover strong
predictive signal from heterogeneous urban and hydro-environmental data.
This result is important, but it does not fully resolve the central scientific dif-
ficulty of subsidence forecasting. Land subsidence is not merely a pattern-
recognition problem. It is the surface manifestation of a coupled hydroge-
ological and geomechanical system in which groundwater decline, effec-
tive stress increase, delayed consolidation, lithological structure, and an-
thropogenic loading interact over time [12-13, 8, 17]. A forecasting model
judged only by point accuracy may therefore remain scientifically incom-
plete if its internal representation is physically opaque or if its predictions
drift toward solutions that are statistically acceptable but mechanically im-
plausible.

This limitation motivates the second modelling stage of the study. The
objective is no longer only to predict future cumulative subsidence, but to
embed the forecast within a reduced physical scaffold that remains compat-
ible with observed hydrogeological forcing and with interpretable effective
subsurface structure. The framework developed for this purpose is GeoPri-
orSubsNet, a physics-guided forecasting model that couples a probabilis-
tic spatio-temporal predictive backbone to a closure-aware physics head.
Its role is to infer not only future subsidence trajectories, but also a set of
spatially varying effective fields that provide a mechanistically auditable
explanation of the forecast [35, 30-33].

The model is intentionally positioned between two extremes. It is not
a purely black-box predictor, because the learned dynamics are constrained
through a reduced hydro–geomechanical balance. It is also not a fully re-
solved numerical basin simulator, because the available data do not justify a
highly parameterised inversion at city scale. Instead, the framework uses a
reduced but interpretable closure in which effective hydraulic conductivity
K, specific storage Ss, and relaxation timescale τ are learned jointly, while
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the effective compressible thickness Heff is supplied by the harmonised
dataset rather than inferred as a free variable. This design reduces degener-
acy, preserves geological interpretability, and makes the forecast physically
auditable.

Before introducing the structure of the model, it is useful to summarise
the complete methodological pipeline. The workflow shown in Figure 5-
1 provides this global view. It links data assembly, harmonization, fea-
ture construction, physics-guided learning, calibration, and final forecast-
ing outputs within a single coherent framework. This overview is especially
useful because GeoPriorSubsNet is not only a neural forecasting architec-
ture; it is a full modelling system in which the meaning of the forecast de-
pends on how data preparation, physical constraints, and uncertainty eval-
uation are connected.

As shown in Figure 5-1, the forecasting pipeline begins with het-
erogeneous data sources, including InSAR subsidence observations,
groundwater and rainfall information, borehole lithology and thickness
records, and urban surface descriptors such as imperviousness, road den-
sity, and low-rise footprints. These inputs are then harmonised through
co-registration, annual aggregation, masking, quality control, lithology
harmonization, censor-aware thickness construction, and derivation of the
shallow urban-load proxy U∗. The harmonised archive is subsequently
reorganised into three modelling streams: static features, dynamic features,
and future-known drivers. In parallel, the effective thickness field Heff is
retained as a dedicated physics input aligned with the forecast horizon.

The core of the workflow is GeoPriorSubsNet itself. The model com-
bines an encoder–decoder forecasting backbone with dual outputs. The
data head predicts cumulative subsidence, hydraulic head, and their fore-
cast quantiles, whereas the physics head evaluates reduced consolidation
and groundwater-flow consistency. These components are trained jointly
through a composite objective that combines quantile-based data loss with
physics loss and regularisation terms. After training, the framework sup-
ports post-hoc calibration, interval evaluation, physical diagnostics, and
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图 5-1 Overall workflow of GeoPriorSubsNet. The framework integrates heterogeneous data
sources, harmonization and preprocessing, construction of static and dynamic predictor streams,
future-known exogenous forcing, and a dedicated physics input through Heff. These components
feed the GeoPriorSubsNet architecture, which combines a probabilistic data head and a physics head
within a joint training objective. The workflow further includes post-hoc calibration, physical diag-
nostics, cross-city transfer tests, and multi-horizon forecasting outputs.

cross-city transfer experiments. The final outputs are therefore not limited
to deterministic subsidence maps; they include multi-horizon forecasts, cal-
ibrated predictive intervals, uncertainty metrics, physics diagnostics, and
reproducible artefacts.

This workflow clarifies an important conceptual point. The predic-
tive component and the physical component are not independent modules
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placed side by side. They are coupled through the same latent representa-
tion and through a common optimisation problem. Consequently, the value
of GeoPriorSubsNet lies not only in its final accuracy, but in the fact that
the resulting forecast is physically structured from the moment the data are
organised to the moment the outputs are interpreted.

5.2 Forecasting task and input representation

Let i ∈ {1, . . . , |Ω|} index spatial grid cells and let t denote the fore-
cast origin year. Following Chapter 3, the harmonised archive provides
annual cumulative subsidence s(i, t), groundwater depth d(i, t), hydraulic
head h(i, t), rainfall R(i, t), shallow urban-load proxy U∗(i, t), surface el-
evation zsurf(i), and censor-aware effective compressible thicknessHeff(i).

The annual groundwater depth is treated as the driver quantity in the
dynamic input stream, with the convention

d(i, t) ≥ 0, (5-1)

positive downward. Hydraulic head is reconstructed from the surface datum
as

h(i, t) = zsurf(i)− d(i, t), (5-2)

so that lower heads correspond to deeper groundwater conditions. The
drawdown used in the consolidation formulation is then

∆h(i, t) = href(i)− h(i, t), (5-3)

with ∆h > 0 representing head loss relative to a reference state.

For each grid cell i and forecast origin t, the model forms a look-back
window of length L and predicts a forecast horizon of lengthH . The input
tuple is written as

Xi,t =
(
x
(sta)
i , X

(dyn)
i,t , X

(fut)
i,t , Ci,t, Heff(i)

)
, (5-4)

where the static vector is

x
(sta)
i = [elith(i), eclass(i), zsurf(i)] , (5-5)
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the dynamic history is

x
(dyn)
i,t = [d(i, t), s(i, t), R(i, t), U∗(i, t), cH(i)] , (5-6)

and the future-known decoder stream is

x
(fut)
i,t+τ = [R(i, t+ τ)] , τ = 1, . . . , H. (5-7)

Here, cH(i) denotes the censor indicator attached to the thickness field.
Future rainfall is supplied as an exogenous decoder input, whereas future
groundwater head is not prescribed and must be forecast jointly from the
historical sequence and the exogenous forcing.

The supervised targets are the future cumulative-subsidence path and,
where available, the future hydraulic-head path,

y
(s)
i = [s(i, t+ 1), . . . , s(i, t+H)] , y

(h)
i = [h(i, t+ 1), . . . , h(i, t+H)] .

(5-8)

With this input–output contract established, the next step is to define
the predictive core of the model. The following subsection therefore in-
troduces the hybrid attentive recurrent backbone, denoted HALNet, which
transforms the multi-stream input into horizon-specific latent states and
conditional forecast quantiles.

5.3 General architecture of GeoPriorSubsNet

GeoPriorSubsNet is composed of two strongly connected components.
The first is a probabilistic predictive backbone that transforms the multi-
stream input into horizon-specific latent states and forecast quantiles. The
second is a physics head that maps the same latent representation to effec-
tive hydrogeological fields and evaluates their consistency through reduced
physical residuals. The overall design is illustrated in Figure 5-2.

This structure is designed to preserve three properties simultaneously.
First, the model must retain the predictive flexibility of modern sequence
learning. Second, it must remain compatible with physically meaningful
closure relationships. Third, it must produce uncertainty estimates that are
not detached from the physical scaffold of the system. For this reason, the
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图 5-2 Overview of the GeoPriorSubsNet forecasting architecture. The model combines a hy-
brid attentive recurrent predictive backbone, denoted HALNet, with a physics head constrained by
reduced hydro–geomechanical dynamics. Static, dynamic, and future-known inputs are embedded
and fused into horizon-specific latent states. These latent states feed both probabilistic forecast heads
for subsidence and hydraulic head, and a physics head that infers effective hydraulic conductivity,
specific storage, and closure-consistent relaxation timescale. The framework therefore couples pre-
dictive learning, uncertainty quantification, and physical consistency within a single architecture.

41



Central South University - Postdoctoral Report Chapter 5 Physics-Guided AI for Subsidence Forecasting

data head and the physics head are not trained independently; they are op-
timised jointly through a composite objective.

5.4 Predictive backbone: HALNet

5.4.1 Probabilistic formulation

The predictive branch of GeoPriorSubsNet is a hybrid attentive re-
current backbone, denoted HALNet, that maps the input tuple Eq. (5-4)
to conditional forecast quantiles for subsidence and hydraulic head. Let
Q = {q1, . . . , q|Q|} be the set of quantile levels, for example {0.1, 0.5, 0.9}.
For each forecast horizon h ∈ {1, . . . , H} and forecast year th = t+h, the
model seeks

ŝq(i, th) ≈ Qq[s(i, th) | Xi,t] , ĥq(i, th) ≈ Qq[h(i, th) | Xi,t] . (5-9)

This probabilistic structure is essential because decision-oriented sub-
sidence forecasting depends not only on the expected value of future
deformation, but also on threshold exceedance, interval coverage, and
horizon-wise sharpness.

5.4.2 Embedding and recurrent encoding

Each input stream is first projected into a common latent dimension d.
For the static stream,

z
(sta)
i = fsta

(
x
(sta)
i

)
∈ Rd, (5-10)

for the dynamic stream,

z
(dyn)
i,t (ℓ) = fdyn

(
X

(dyn)
i,t (ℓ), z

(sta)
i

)
, ℓ = 1, . . . , L, (5-11)

and for the future-known stream,

z
(fut)
i,t (h) = ffut

(
X

(fut)
i,t (h), z

(sta)
i

)
, h = 1, . . . , H. (5-12)

The embedded dynamic history is then processed by an LSTM-based
recurrent encoder,

ui,t(ℓ) = RNN
(
z
(dyn)
i,t (ℓ), ui,t(ℓ− 1)

)
, ℓ = 1, . . . , L. (5-13)
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This recurrent representation preserves temporal ordering and allows the
forecast to depend on delayed system memory, which is essential for sub-
sidence because present deformation depends on previously accumulated
compaction and past groundwater evolution [65-66, 35].

5.4.3 Attentive fusion and probabilistic decoder

For each forecast step h, the recurrent history, static context, future-
known forcing, and forecast-aligned coordinates are fused into a horizon-
specific latent state

fi,t(h) = AttnFuse
(
{ui,t(ℓ)}Lℓ=1, z

(sta)
i , z

(fut)
i,t (h), Ci,t

)
∈ Rdf , (5-14)

where Ci,t contains the forecast-aligned space–time coordinates (th, xi, yi)
for each horizon step.

The fused state is mapped through a lightweight decoder,

di,t(h) = gdec(fi,t(h)) ∈ Rdd, (5-15)

and the quantile outputs are then given by affine heads,

ŝq(i, th) = w(s)⊤
q di,t(h)+b

(s)
q , ĥq(i, th) = w(h)⊤

q di,t(h)+b
(h)
q . (5-16)

The predictive complexity is therefore concentrated in the attentive fusion
backbone, while the output heads remain intentionally simple so that they
can be coupled cleanly with the physics penalties.

5.5 Physics head and effective closure fields

5.5.1 Need for a dedicated physics head

A probabilistic data head can learn conditional forecast distributions,
but it cannot ensure that the learned trajectories remain compatible with
reduced hydro–geomechanical dynamics. GeoPriorSubsNet therefore at-
taches a dedicated physics head to the same latent state fi,t(h) used by the
decoder. This physics head does not predict subsidence directly. Instead,
it maps the latent representation to effective closure fields capable of ex-
plaining the forecast through reduced physical laws.
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The raw physics output is

pi,t(h) =
[
K̃i,t(h), S̃s,i,t(h), δ̃ log τ i,t(h), Q̃i,t(h)

]
, (5-17)

corresponding respectively to hydraulic conductivity, specific storage, a
log-timescale offset, and an optional effective source/sink term. A keymod-
elling decision is that the thickness field is not learned by the physics head.
Instead,Heff(i) is read directly from the harmonised data and used as a ded-
icated geological input. This removes an unnecessary degree of freedom
and keeps thickness interpretable as an externally constrained stratigraphic
control.

5.5.2 Drainage thickness and prior-centred fields

The effective drainage thickness is defined from the supplied thickness
field as

Hd(i) = αHHeff(i), (5-18)

where αH ∈ (0, 1] is a drainage-thickness factor. The learned conductivity
and storage fields are then expressed in log space around lithology-informed
prior baselines:

logK(i, th) = logKprior(i) + δK(i, th), (5-19)

logSs(i, th) = logSs,prior(i) + δSs(i, th). (5-20)

These priors do not represent laboratory truth. Their role is to anchor the in-
version within geologically admissible ranges and prevent the learned fields
from drifting arbitrarily.

5.5.3 Closure-consistent relaxation timescale

The closure-implied relaxation timescale is computed fromHd,K, and
Ss as

τcl(i, th) =
Hd(i)

2 Ss(i, th)

π2κbK(i, th)
, (5-21)

or equivalently, in log form,

log τcl(i, th) = 2 logHd(i)+ logSs(i, th)− log(π2)− logκb− logK(i, th).

(5-22)
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Here, κb > 0 is a dimensionless consistency factor.

The model does not force the learned relaxation time to coincide ex-
actly with τcl. Instead, it learns an additive discrepancy in log space,

δ log τ(i, th) = δ̃ log τ i,t(h), (5-23)

so that
log τ(i, th) = log τcl(i, th) + δ log τ(i, th). (5-24)

This is a central component of the framework. The closure relation
provides the physical scaffold, while δ log τ absorbs structured model
discrepancy, unresolved heterogeneity, and departures from the idealised
one-dimensional relaxation picture. The timescale is therefore closure-
anchored rather than completely rigid or completely free.

5.5.4 Positivity and admissible bounds

BecauseK, Ss, and τ must remain positive, the guarded log fields are
mapped through an exponential transform,

q(i, th) = exp
(
ℓ∗q(i, th)

)
+ εq, q ∈ {K,Ss, τ}, (5-25)

where εq > 0 is a small numerical guard. In hard-boundsmode, the guarded
log-value is clipped to an admissible interval,

ℓ∗q = min
(
max(ℓq, ℓq,min), ℓq,max

)
. (5-26)

This bounded parameterisation is necessary because positivity alone would
still allow implausible trade-offs, such as very low conductivity being com-
pensated by extremely high storage or relaxation time.

5.6 Reduced hydro–geomechanical dynamics

5.6.1 Groundwater residual

The first physics component is a reduced groundwater-flow residual,
written as

Rgw(i, th) = Ss(i, th) ∂th(i, th)−∇·(K(i, th)∇h(i, th))−Q(i, th), (5-27)
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where Q(i, th) is the optional effective source/sink term predicted by the
fourth physics-head channel. This residual does not attempt to resolve a
fully detailed basin flow model. Its role is to enforce consistency with an
effective diffusion-like representation of head evolution at grid scale.

5.6.2 Consolidation residual

The second, and more central, physical component is the reduced con-
solidation residual

Rcons(i, th) = ∂ts(i, th)−
seq(i, th)− s(i, th)

τ(i, th)
, (5-28)

where the equilibrium settlement is approximated by

seq(i, th) ≈ Ss(i, th)∆h(i, th)Heff(i). (5-29)

Equation (5-28) states that the instantaneous settlement rate is proportional
to the distance between the current state and the equilibrium settlement in-
duced by drawdown, scaled by the local relaxation time τ . This gives the
model a transparent physical meaning: the settlement trajectory is inter-
preted as a delayed relaxation toward a drawdown-dependent equilibrium
state.

The use of Heff in Eq. (5-29) is deliberate. It ensures that the data-
derived geological thickness enters the equilibrium compaction pathway
directly, rather than being absorbed into a less interpretable free parame-
ter. This is a major reason why the framework remains more geologically
interpretable than a generic physics-regularised network.

5.6.3 Residual losses

The scalar groundwater and consolidation residual losses are defined
as

Lgw =
〈
R̃ 2
gw

〉
, Lcons =

〈
R̃ 2
cons

〉
, (5-30)

where ⟨·⟩ denotes averaging over samples and forecast horizons, and
the tildes indicate optionally non-dimensionalised residuals. This non-
dimensionalisation is useful because it prevents one family of residuals
from dominating the optimisation only because of unit scale.
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5.7 Probabilistic data loss and composite objective

5.7.1 Quantile loss

The probabilistic data term is defined through the pinball loss. For a
residual e and quantile level q,

ρq(e) = (q − I{e < 0}) e, (5-31)

where I{·} is the indicator function. For a mini-batch of size B, the subsi-
dence quantile loss is

Ls =
1

B

B∑
i=1

H∑
h=1

∑
q∈Q

ws(q) ρq(s(i, th)− ŝq(i, th)) , (5-32)

and when hydraulic-head supervision is available, the head quantile loss is

Lh =
1

B

B∑
i=1

H∑
h=1

mi,th

∑
q∈Q

wh(q) ρq

(
h(i, th)− ĥq(i, th)

)
, (5-33)

wheremi,th ∈ {0, 1} is an availability mask. The total data loss is then

Ldata = Ls + Lh. (5-34)

5.7.2 Timescale prior, smoothness, and composite objective

The central regulariser of the model is not a direct penalty on K, Ss,
or Hd individually, but a penalty on the mismatch between the learned re-
laxation time and the closure-implied timescale:

Rprior(i, th) = log τ(i, th)− log τcl(i, th), (5-35)

with associated loss
Lprior =

〈
R 2
prior

〉
. (5-36)

Working in log space is essential because characteristic timescales may vary
across orders of magnitude.

To suppress unstable pixel-to-pixel oscillation in the inferred hydraulic
fields, a smoothness regularisation is introduced:

Lsmooth =
〈
∥∇K∥22 + ∥∇Ss∥22

〉
. (5-37)
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In addition, bounds penalties are imposed so that the inferred effective pa-
rameters remain within physically admissible intervals.

The full training objective is therefore

Ltotal = Ldata + λconsLcons + λgwLgw + λpriorLprior

+ λsmoothLsmooth + λboundsLbounds + λQLQ,
(5-38)

where LQ is an optional regularisation on the effective source term when
that channel is active. This objective combines predictive accuracy, me-
chanical plausibility, closure consistency, and numerical stability in a single
optimisation problem.

For model monitoring and selection, two diagnostic root-mean-square
errors are especially important:

εcons =

√〈
R̃ 2
cons

〉
, εprior =

√〈
R 2
prior

〉
. (5-39)

The first measures mismatch to the reduced relaxation law, whereas the
second measures mismatch to the closure-implied timescale.

5.8 Identifiability and interpretation of the inferred fields

A critical methodological issue is that the closure Eq. (5-21) contains
an intrinsic multiplicative trade-off between conductivity, storage, and
drainage thickness. Taking differentials in log space gives

δ log τcl = 2 δ logHd + δ logSs − δ logK − δ logκb. (5-40)

If κb is fixed, then perturbations satisfying

δ logK ≈ δ logSs + 2 δ logHd (5-41)

leave the implied relaxation time nearly unchanged. This means that differ-
ent combinations of (K,Ss, Hd) may generate very similar effective con-
solidation behaviour.

For this reason, the framework does not claim unique pixel-scale re-
covery of all closure components from subsidence alone. The principal
recoverable quantity is the effective relaxation timescale τ , whereas the de-
composition into K, Ss, and Hd must be interpreted as a prior-regularised
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and physically constrained factorisation. The prior and bounds penalties
do not weaken the inversion; rather, they make it scientifically stable by
restricting the solution to an admissible manifold.

5.9 Methodological significance of the physics-guided stage

The transition from Chapter 4 to the present framework is not simply a
change of architecture. It changes the meaning of the forecast itself. In the
machine-learning stage, the model predicts subsidence from observed pre-
dictors and identifies dominant controls, but it does not explain the forecast
through explicit effective hydro–geomechanical structure. In the present
stage, the same forecasting problem is reformulated so that the predicted
trajectories must remain compatible with a reduced consolidation law, a
groundwater-flow residual, and a closure-consistent timescale.

This change has threemajor consequences. First, it yields interpretable
effective fields rather than only statistical importance measures. Second, it
produces probabilistic forecasts that can be assessed not only by coverage
and sharpness, but also by physics-audit diagnostics. Third, it allows dif-
ferences between Nansha and Zhongshan to be examined in terms of effec-
tive dynamics rather than only data distribution. In this sense, the physics-
guided stage does not replace the machine-learning stage; it builds upon it
and resolves its principal conceptual limitation.

5.10 Summary

This chapter presented the methodological core of GeoPriorSubsNet,
the physics-guided forecasting framework developed in this study. The
model combines a probabilistic spatio-temporal predictive backbone, HAL-
Net, with a dedicated physics head that infers closure-consistent effective
fields and evaluates them through reduced hydro–geomechanical residuals.
The formulation explicitly couples forecast quantiles, effective conductiv-
ity, effective storage, effective drainage thickness, and relaxation timescale
within a single optimisation problem.

The chapter also showed why this framework constitutes the princi-
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pal novelty of the study. It goes beyond purely data-driven forecasting by
making the predicted trajectories physically auditable and by linking them
to interpretable effective structure. At the same time, it avoids the imprac-
ticality of a fully resolved basin-scale inversion under limited urban data.
The next chapter evaluates this framework experimentally through deter-
ministic accuracy, probabilistic calibration, inferred effective fields, phys-
ical diagnostics, external validation, and cross-city transfer.
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Chapter 6 Results and Experimental Validation

6.1 Introduction

This chapter evaluates the forecasting framework from six comple-
mentary perspectives. First, it examines whether Nansha and Zhongshan
occupy similar driver spaces or whether they represent genuinely distinct
subsidence regimes. Second, it quantifies deterministic forecasting skill
and compares the physics-guided model against strong non-physics and
physics-based baselines. Third, it assesses probabilistic calibration, interval
sharpness, and horizon stability. Fourth, it examines the inferred effective
fields and the extent to which the forecast trajectories remain consistent
with the reduced physical scaffold introduced in Chapter 5. Fifth, it tests
whether the inferred fields remain anchored to independent local informa-
tion through point-support validation in Zhongshan. Finally, it evaluates
cross-city transfer in order to determine whether the learned representation
can be reused under realistic distribution shift.

The central question is not whether the model predicts well in a narrow
statistical sense, but whether it produces forecasts that are simultaneously
accurate, calibrated, physically auditable, and useful for deployment in con-
trasting urban basins. This distinction is important for land subsidence,
where a modest gain in point accuracy is not sufficient if it is obtained at
the expense of uncertainty quality or mechanical plausibility [8, 17, 71].

6.2 Contrasting driver regimes across Nansha and Zhongshan

Before evaluating the forecasts themselves, it is necessary to ver-
ify whether Nansha and Zhongshan occupy comparable input spaces or
whether they represent distinct urban subsidence regimes. Field observa-
tions already indicate that the underlying deformation is severe in both
cities, with vertical offsets of approximately 400 mm in Nansha and more
than 680 mm in Zhongshan, as documented earlier in Figure 3-1. This
confirms that both basins are relevant test beds for risk-oriented subsidence
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forecasting.

The harmonised driver analysis shows that the two cities differ not
only in deformation magnitude, but also in the distribution of the princi-
pal physical and anthropogenic controls. Nansha samples deeper ground-
water conditions, a broader rainfall span, and a wider range of the urban-
load proxy, whereas Zhongshan is concentrated at shallower head condi-
tions, annual rainfall between roughly 1000 and 3000 mm, and generally
higher baseline urban-load values. Lithological composition is also signif-
icantly different, with χ2 ≈ 4.23× 104 and Cramér’s V ≈ 0.49, indicating
a strong between-city contrast in the subsurface material mix. In broad
terms, Zhongshan contains a larger proportion of more competent units,
whereas Nansha contains a higher fraction of fine-grained and more com-
pressible soils. Such differences are consistent with broader observations
from deltaic and rapidly reclaimed coastal settings, where compressible fills
and shallow sedimentary heterogeneity amplify subsidence sensitivity [16-
17, 10].

The empirical driver–response analysis further clarifies these con-
trasts. In Nansha, cumulative subsidence increases monotonically with
depth to water and rises steeply up to approximately 50–60 m before
flattening. In Zhongshan, the groundwater-depth range is much shallower
and the response weakens beyond about 10–15 m. Rainfall acts as a weak
nonlinear mitigating factor in both cities, with its influence more visible
in Nansha because the hydro-climatic range is broader there. Thickness
effects are positive and saturating in both settings, although the Zhongshan
signal contains visible plateaus linked to the known censoring structure of
the thickness archive. The shallow urban-load proxy exhibits a lower-slope
convex response and mainly modulates the baseline when combined with
deep groundwater or thicker compressible sections. These relationships
are summarised in Figure 6-1.

These results are important because they show that the two study ar-
eas are not redundant replications of the same deformation problem. They
represent two distinct regimes of practical significance: a highly heteroge-
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图 6-1 Driver–response relationships between cumulative subsidence and the main controlling
variables in Nansha and Zhongshan. The panels show the empirical relation between cumulative
subsidence and groundwater depth, rainfall, effective soil thickness, and shallow urban-load proxy.
The black curves indicate the smoothed trend. Nansha exhibits broader hydro-environmental vari-
ability and stronger monotonic sensitivity to groundwater depth and thickness, whereas Zhongshan
shows a shallower groundwater regime and a more compact driver space.

neous, reclaimed coastal system with broad hydro-environmental variabil-
ity, and a more structured urban basin with clearer hydrostratigraphic or-
ganisation. This contrast gives the later benchmarking and transfer results
a stronger scientific meaning than a single-city evaluation would allow.

6.3 Deterministic predictive performance

6.3.1 Core out-of-sample accuracy

Across both cities, the full GeoPriorSubsNet configuration achieves
strong out-of-sample agreement with observed cumulative subsidence. In
Nansha, the model reaches R2 = 0.88 with MAE = 9.27 mm and MSE =

262.47 mm2. In Zhongshan, the corresponding performance is R2 = 0.90,
MAE = 1.78 mm, and MSE = 7.57 mm2. The large difference in absolute
error between the two cities is scientifically meaningful. It indicates that the
coastal Nansha system is the more difficult forecasting environment, which
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is consistent with its broader covariate range, stronger non-stationarity, and
greater fine-scale heterogeneity.

A controlled ablation clarifies the role of the physics regularisers. In
Nansha, removing the physics terms yields a small improvement in aver-
age point error, with MAE decreasing from 9.27 to 9.03 mm and MSE de-
creasing from 262.47 to 237.78 mm2. This shows that in a highly hetero-
geneous basin, a purely data-driven pathway can still match, and on this
split marginally improve, the mean deterministic error. The gain, however,
is limited and must be interpreted together with the loss of physical struc-
ture. In Zhongshan, the pattern is reversed. Removing physics increases the
MAE from 1.78 to 2.14mm and theMSE from 7.57 to 16.36mm2, showing
that in the more organised basin the physics terms act as an effective regu-
lariser that improves generalisation by constraining the temporal response.
These contrasts are summarised in Figure 6-2.

图 6-2 Core deterministic performance and no-physics ablation. The figure summarises the out-
of-sample performance of GeoPriorSubsNet in Nansha and Zhongshan, together with the effect of
removing the physics constraints. The physics-guided configuration retains strong deterministic skill
in both cities and yields a particularly clear advantage in Zhongshan, where it improves both accuracy
and uncertainty sharpness relative to the no-physics alternative.

This contrast between the two basins is consistent with the idea that
physics guidance is most directly beneficial where the subsurface response
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is sufficiently coherent for the reduced closure to act as an informative
constraint. In more heterogeneous coastal settings, the data pathway can
recover much of the short-horizon correlation structure, but the physical
scaffold remains important for interpretability and robustness [21-22, 58].

6.3.2 Benchmark comparison against non-physics and physics-based baselines

The benchmark comparison broadens the interpretation of these re-
sults. GeoPriorSubsNet was evaluated against a strong attentive backbone
(HALNet), an LSTM sequence model, the Temporal Fusion Transformer
(TFT), and a poroelastic PINN-style surrogate (PoroElasticSubsNet). In
Nansha, GeoPriorSubsNet attains the lowest deterministic error among all
tested models, with MAE = 9.27mm compared with 11.92mm for PoroE-
lasticSubsNet, 18.03 mm for HALNet, 19.10 mm for TFT, and 20.21 mm
for LSTM. In Zhongshan, the same ordering remains, with GeoPriorSub-
sNet reaching MAE = 1.78mm, ahead of PoroElasticSubsNet at 2.74mm,
HALNet at 9.54 mm, TFT at 22.02 mm, and LSTM at 34.87 mm.

The R2 pattern is similar. In Nansha, GeoPriorSubsNet reaches
R2 = 0.883, slightly exceeding the poroelastic surrogate at 0.878 and
clearly outperforming the non-physics baselines. In Zhongshan, Geo-
PriorSubsNet reaches R2 = 0.897, again slightly above the poroelastic
surrogate at 0.895 and well above the other baselines. This is notable
because it shows that the gain from the physics-guided architecture is not
merely relative to purely statistical models; it also remains visible against
a more explicitly mechanics-informed surrogate. The comparison suggests
that a reduced closure-consistent scaffold may be better suited to city-
scale forecasting than a more direct poroelastic PINN formulation when
boundary conditions, multi-depth anthropogenic forcing, and basin-wide
heterogeneity are only partially observed [30-31, 33].

6.4 Probabilistic calibration, sharpness, and horizon stability

Deterministic accuracy alone is not sufficient for decision-oriented
subsidence forecasting. Urban planning and risk management depend on
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the quality of the predictive distribution, especially when the relevant deci-
sion variable is exceedance probability rather than mean error. For that rea-
son, the uncertainty evaluation focused on central prediction interval cover-
age, sharpness, reliability at selected quantiles, and horizon-wise stability.

In Nansha, the nominal 80% prediction interval produced by GeoPri-
orSubsNet attains empirical coverage of 0.865 with sharpness 33.08 mm.
In Zhongshan, the interval coverage is 0.806, much closer to nominal,
with substantially sharper intervals of width 3.54 mm. These results show
that the uncertainty structure adapts to basin complexity. Nansha requires
broader intervals because the deformation regime is more variable and
more weakly constrained. Zhongshan supports much sharper intervals
while remaining close to the nominal target.

The comparison with the no-physics ablation is especially revealing.
In Nansha, the no-physics model achieves similar coverage (0.852) with
slightly tighter intervals (31.45 mm), indicating that nominal calibration
can be matched in this basin even without explicit physical constraints. In
Zhongshan, however, the difference is much larger: the no-physics variant
over-covers at 0.914 but does so with intervals nearly three times wider
(10.47 mm) than those of the physics-guided model. This means that the
non-physics model appears conservative, but only by diffusing predictive
mass across a broad range of outcomes. The physics-guided model is
preferable because it produces intervals that are both more informative and
more closely aligned with the target coverage.

The reliability diagrams provide a more detailed view of this be-
haviour. In Nansha, the lower quantile is mildly conservative, whereas the
upper quantile remains close to nominal. In Zhongshan, the main deviation
appears near the median, where the central uncertainty is somewhat under-
dispersed. Even so, the upper quantile again remains closer to nominal than
the central part of the distribution. This is practically important because
many policy questions depend more strongly on upper-tail exceedance than
on central prediction. These features are illustrated in Figure 6-3.

A further result of practical importance is that calibration remains sta-
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图 6-3 Reliability, horizon-wise calibration, and sharpness. Panels a–b show the reliability curves
for Nansha and Zhongshan. Panel c shows the horizon-specific reliability behaviour from H1 to H3.
Panel d summarises the horizon-wise sharpness. The results indicate that the predictive distribution
remains reasonably well calibrated across horizons, with broader intervals in Nansha and sharper but
still well-targeted intervals in Zhongshan.

ble across forecast horizons. The horizon-specific reliability curves show
similar qualitative behaviour from H1 to H3, with only modest departures
from the ideal diagonal. The model therefore avoids a common failure
mode in multi-step forecasting, where short-horizon intervals appear cal-
ibrated but long-horizon intervals become sharply overconfident.

This conclusion is reinforced by the PIT histograms, the horizon-wise
coverage profiles, the sharpness curves, and the quantile-residual sum-
maries shown in Figure 6-4. The 80% interval coverage remains close
to target across lead times, whereas the increase in interval width is city-
dependent, with stronger uncertainty growth in the more heterogeneous
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coastal setting.

图 6-4 Additional probabilistic diagnostics. The figure reports PIT histograms for Nansha and
Zhongshan, horizon-wise coverage against the nominal 80% target, sharpness evolution with lead
time, calibration factors per horizon, and quantile residuals across horizons. Together these diag-
nostics confirm that uncertainty behaviour remains stable with lead time, although Nansha requires
broader intervals than Zhongshan.

6.5 Forecasted hotspot evolution and persistence

Beyond calibration at the point level, decision-making also depends
on the spatial organisation of forecast risk. The horizon-wise hotspot maps
show that Nansha contains broader and more persistent high-risk zones,
whereas Zhongshan displays more localised and less persistent hotspot
structures. This difference is visible both in the maps of projected annual
change and in the exceedance-probability fields for |s| ≥ 50 mm yr−1.
The cluster-level summaries further show that Nansha contains several
high-priority clusters with large persistence scores, while Zhongshan is
dominated by one leading cluster followed by a steeper drop in mean risk.
These forecasted hotspot structures are shown in Figure 6-5.

This risk-oriented view complements the scalar accuracy metrics. It
shows that the model is not only accurate on average, but also able to or-
ganise the forecast into spatially meaningful priority structures, which is
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图 6-5 Forecasted hotspot evolution and persistence in Nansha and Zhongshan. Panels a–b and
f–g show the forecasted annual subsidence change and exceedance probability maps. Panels c–d
and h–i summarise hotspot counts, temporal evolution, and priority clusters. Panels e and j show
hotspot persistence. The results indicate broader and more persistent risk corridors in Nansha and
more localised hotspot organisation in Zhongshan.

essential for subsidence monitoring and intervention planning.

6.6 Inferred effective fields and physics diagnostics

6.6.1 Closure consistency and dynamic balance

A central scientific claim of the physics-guided framework is that the
forecast is not merely regularised by physics, but remains auditable against
explicit dynamic and closure diagnostics. The first of these is the consoli-
dation residual Rcons, which measures the mismatch between the predicted
settlement rate and the reduced relaxation law introduced in Chapter 5. In
both cities, the scaled residual remains sharply centred on zero. The corre-
sponding dimensionless RMS diagnostic is εcons = 2.61× 10−6 in Nansha
and 9.56 × 10−7 in Zhongshan. These values show that the learned sub-
sidence trajectories remain tightly anchored to the rate-form consolidation
balance. The distribution of Rcons is shown in Figure 6-6.

The second diagnostic concerns the timescale closure. The learned re-
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图 6-6 Distribution of the consolidation residual Rcons in Nansha and Zhongshan. In both cities,
the residual distribution is sharply concentrated near zero, consistent with the very small values of
εcons. This indicates that the forecast trajectories remain closely aligned with the reduced relaxation
law imposed by the physics-guided framework.

laxation time τ is comparedwith the closure-implied time τclosure(K,Ss, Hd).
The mismatch is quantified by εprior, which remains numerically close to
zero in both cities and is of order 10−4 in the benchmark summary. This
result is important because it shows that the learned fields do not drift
independently in order to absorb the data misfit. Instead, hydraulic con-
ductivity, specific storage, drainage thickness, and emergent relaxation
time form a self-consistent effective parameterisation of the observed
deformation dynamics.

Together, these two diagnostics indicate that physical consistency is
a verifiable property of the solution. The model does not merely produce
a forecast that appears plausible. It produces trajectories that simultane-
ously satisfy the reduced dynamic balance and the closure structure that
defines the characteristic timescale of the response. This is a substantial
methodological advance over purely statistical forecasting, where physical
plausibility is usually assessed only qualitatively [8, 17].

6.6.2 Spatial structure of the inferred fields

The inferred fields show that the common physical scaffold is realised
differently in the two cities. In Nansha, the model recovers relatively short
effective drainage paths, higher effective storage, and finer-scale spatial
variability in conductivity. This pattern is consistent with a reclaimed
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coastal-delta environment marked by heterogeneous fills, partially drained
shallow deposits, and strong lateral contrasts [17, 10]. In Zhongshan, the
inferred drainage path is generally larger and the storage field is lower over
broad areas, while the conductivity and storage patterns are more spatially
organised. This is consistent with a more competent and more layered
hydrostratigraphic setting [40, 18].

These contrasts have a direct operational meaning. In Nansha, the
physics terms help maintain interpretability and plausible uncertainty be-
haviour even though the data-only model can approximate the mean error
closely. In Zhongshan, the physics terms contribute directly to both ac-
curacy and uncertainty sharpness because the reduced closure aligns more
tightly with the structure of the basin.

6.6.3 Identifiability and remaining trade-offs

Synthetic recovery experiments and ridge diagnostics clarify the limits
of parameter interpretability. In the synthetic tests, permeability recovery
through the closure is moderate, with MAE = 0.51 in log10 units andR2 =

0.439. Direct timescale recovery is weaker, withMAE = 0.64 in log10 units
and R2 = 0.201. These results reinforce the interpretation advanced in
Chapter 5: the most robustly recoverable quantity is the closure-consistent
relaxation structure rather than the exact local decomposition into K, Ss,
and Hd. These recovery patterns are shown in Figure 6-7.

The synthetic ridge analysis also shows that strong trade-off behaviour
occurs only in a minority of runs, around 14%, and that the main boundary
interaction is occasional contact with the upper bound onHd. Other bounds
are rarely active. This suggests that the remaining degeneracy is not pri-
marily an artefact of clipping, but reflects a real trade-off structure among
effective hydrogeological parameters in certain lithological contexts. These
boundary and ridge summaries are shown in Figure 6-8. The implication
is not that the inferred fields are uninformative, but that they must be inter-
preted as grid-scale effective fields rather than direct laboratory parameters,
consistent with previous work on subsidence modelling and data assimila-
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图 6-7 Synthetic identifiability experiments. Panel a shows timescale recovery, panel b permeabil-
ity recovery through the closure, panel c the degeneracy-ridge diagnostic, and panel d the relation
between error and the identifiability metric. The results show that the closure-consistent timescale
is more robustly recoverable than the exact decomposition into conductivity, storage, and drainage
thickness.

tion [20-22, 58].

图 6-8 Bounds and ridge summary across synthetic realisations. The figure reports bound hits, the
distribution of ridge non-identifiability, the relation between clipping and ridge behaviour, and the
lithology-dependent distribution of failure modes. Strong ridge behaviour occurs only in a minority
of realisations, whereas most solutions remain away from severe non-identifiability.
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6.7 Point-support external validation

The external validation analysis provides an independent test of
whether the inferred fields remain anchored to site information rather than
only to the distributed deformation target. This validation was possible only
in Zhongshan, where five borehole logs co-located with step-drawdown
pumping tests were available. The matching distances between site data
and model grid cells are small, with a median of 41.1 m and a range of
14.3–163.0 m, which supports a meaningful point-support comparison.

The strongest external result concerns the thickness pathway. The
borehole-derived compressible thickness shows a positive rank association
with the collocated modelHeff, with Spearman ρ = 0.71, MAE= 12.06m,
and median bias = −13.0 m. The positive rank correlation shows that
the model successfully captures the relative ordering of thinner and thicker
compressible sections. The negative bias indicates that the thickest sites are
underestimated in absolute magnitude. This is consistent with the design of
the Zhongshan thickness field, which is censor-aware and capped at 30 m.
The external validation therefore supports the stratigraphic signal encoded
by Heff and the derived drainage pathway Heff → Hd, but does not imply
one-to-one recovery of uncensored raw thickness in the upper tail.

The pumping tests provide a weaker check on conductivity. Using
late-step specific capacity as a productivity proxy, the rank association with
the collocated model K is weak (Spearman ρ = −0.20). This is not unex-
pected. Step-drawdown response depends strongly on near-well conditions,
screen-specific transmissivity, and well losses, whereas the model field K

is an effective cell-scale quantity embedded in a reduced closure. For that
reason, the pumping-test mismatch should not be interpreted as a failure
of the physics-guided framework, but as a reminder that grid-scale effec-
tive conductivity is not directly equivalent to local well productivity. These
external checks are shown in Figure 6-9.

Overall, the point-support analysis independently anchors the thick-
ness pathway that enters both the equilibrium settlement term and the clo-
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图 6-9 Point-support external validation in Zhongshan. Panel a shows the Heff field and the loca-
tions of the five validation sites. Panel b compares borehole-derived compressible thickness with
model Heff. Panel c compares late-step specific capacity with model conductivity K. The results
show a meaningful thickness-pathway agreement but a weaker relation between local pumping pro-
ductivity and grid-scale effective conductivity.

sure timescale, while clarifying that sparse pumping tests are amuchweaker
direct constraint on effective conductivity. This is an important validation
result because it identifies which parts of the inferred physics remain most
robust under external checking.

6.8 Cross-city transfer and deployability

6.8.1 Retention of deterministic skill

A forecasting framework becomes substantially more useful when it
can be adapted to new cities without full retraining from scratch. Transfer
was therefore evaluated under three deployment modes: a target-city base-
line, a direct transfer model trained on the source city and applied without
adaptation, and a warm-start model initialised from the source city and then
fine-tuned on the target city.

To quantify transfer, two retention statistics were used:

RetentionR2 =
R2

R2
base

, RetentionMAE =
MAEbase
MAE

, (6-1)

where the baseline is the model trained directly on the target city. Under
direct zero-shot transfer, the results degrade sharply in both directions. The
R2 retention becomes negative and the MAE retention drops below 0.1,
indicating order-of-magnitude increases in error relative to the target base-

64



Central South University - Postdoctoral Report Chapter 6 Results and Experimental Validation

line. This shows that the deformationmapping is not directly portable under
strong covariate and basin structure shift.

Warm-start adaptation changes the picture substantially. After fine-
tuning on limited target data, the R2 retention returns close to unity in both
transfer directions, although the MAE retention remains below one. This
means that the transferable part of the model is primarily structural: the
source model provides a useful initial representation of how drivers, mem-
ory, and effective physics interact, but local calibration is still needed to
recover the correct amplitude of the response. This behaviour is scientifi-
cally consistent with the fact that subsidence combines shared mechanisms
with basin-specific scaling linked to stratigraphy, drainage conditions, and
exposure history [16, 1, 8].

6.8.2 Transfer of uncertainty and threshold risk

The uncertainty diagnostics lead to the same conclusion. Under di-
rect transfer, coverage can collapse or become severely miscalibrated while
remaining deceptively sharp. Warm-start fine-tuning moves the operating
point back toward the nominal 80% interval target, sometimes with moder-
ately wider intervals, showing that a small amount of target data is sufficient
to restore uncertainty scale without discarding the source-informed prior.

Because risk management often depends on exceedance rather than
raw error, the transfer study also evaluated the event |s| ≥ 50 mm yr−1.
The corresponding probability error was summarised with the Brier score,

BS =
1

n

n∑
i=1

(pi − oi)
2 , (6-2)

where pi is the predicted exceedance probability and oi ∈ {0, 1} is the
observed event indicator. Direct transfer produces large Brier penalties in
the more difficult direction, whereas warm-start substantially reduces them
and moves the reliability curves closer to the diagonal.

65



Central South University - Postdoctoral Report Chapter 6 Results and Experimental Validation

6.8.3 Transfer of hotspot ranking

A final question is whether transfer preserves where the model would
send an intervention team. This was evaluated by comparing the top-ranked
hotspots from each transfer strategy to the target baseline using Jaccard
overlap and Spearman rank correlation. Direct transfer preserves only mod-
erate overlap. Warm-start adaptation improves both hotspot agreement and
the stability of hotspot ranking. These transfer results are summarised in
Figure 6-10.

图 6-10 Cross-city transfer performance. The figure reports retention of deterministic skill,
horizon-wise RMSE retention, uncertainty behaviour under transfer and warm-start adaptation, reli-
ability for the 50mm yr−1 exceedance event, Brier score, Jaccard overlap of the top-ranked hotspots,
and Spearman rank correlation of hotspot ordering. Direct zero-shot transfer is unreliable, whereas
warm-start adaptation restores most of the target-city skill and substantially improves uncertainty
quality.

The overall transfer result is therefore clear. GeoPriorSubsNet should
not be interpreted as a universal zero-shot model for all cities. Instead, it
functions as a physics-consistent initialiser whose learned representation
can be adapted efficiently to new basins. This is a more realistic and more
useful notion of deployability than an all-or-nothing claim of direct transfer.
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6.9 Summary of the experimental evidence

The experimental results support four main conclusions.

First, the forecasting problem is genuinely regime-dependent. Nansha
and Zhongshan occupy different driver spaces and different hydrogeologi-
cal contexts, which explains why the same forecasting architecture operates
under different uncertainty and regularisation regimes.

Second, GeoPriorSubsNet achieves strong deterministic skill in both
cities and outperforms the main non-physics baselines as well as the poroe-
lastic surrogate under the present data conditions. Its advantage is espe-
cially clear when deterministic accuracy and uncertainty quality are evalu-
ated jointly rather than separately.

Third, the model satisfies its intended physical role. The consolidation
residual remains near zero, the closure-consistency error remains numeri-
cally small, and the inferred effective fields retain physically interpretable
contrasts between the two cities. The external validation supports the thick-
ness pathway directly and clarifies the more limited interpretability of local
conductivity from sparse pumping tests.

Fourth, cross-city deployment is feasible only when framed correctly.
Direct transfer is unreliable under realistic distribution shift, but warm-start
calibration restores usable skill and transferable risk signals. The model is
therefore best viewed as a scalable, physically structured forecasting layer
that can be localised efficiently rather than as a fixed universal predictor.

These results provide the empirical basis for the next chapter, which
draws together the machine-learning and physics-guided stages of the study
into a broader scientific discussion on mechanism, uncertainty, and the fu-
ture direction of urban subsidence forecasting.
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Chapter 7 Discussion

7.1 Introduction

The results presented in the preceding chapters establish a clear sci-
entific progression. The first modelling stage showed that urban land sub-
sidence can be simulated with strong predictive skill from heterogeneous
geospatial and hydro-environmental data. The second stage then demon-
strated that this predictive task can be reformulated within a physics-guided
framework so that the forecast remains not only accurate, but also physi-
cally auditable and uncertainty-aware. The significance of this progression
is methodological, but its implications are broader. It changes how subsi-
dence forecasting can be understood in urban geoscience: not as a choice
between flexible prediction and physical interpretation, but as a problem
that requires both.

This chapter discusses the main scientific meaning of the study from
six perspectives. First, it examines the transition from purely data-driven
simulation to physics-guided forecasting. Second, it interprets what the re-
sults reveal about the dynamics of land subsidence in Nansha and Zhong-
shan. Third, it discusses the methodological contribution of the physics-
guided framework. Fourth, it clarifies the meaning and limits of the inferred
effective fields. Fifth, it considers the practical implications of the frame-
work for urban risk management and basin-scale deployment. Finally, it
highlights the principal limitations of the study and identifies directions for
future work.

7.2 From data-driven simulation to physics-guided forecasting

The first modelling stage established that urban land subsidence can
be simulated with good predictive skill from heterogeneous geospatial and
hydro-environmental data. In Nansha, the machine-learning framework
showed that groundwater level and building concentration carry strong ex-
planatory power and that nonlinear models such as XGBR and LSTM can
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reconstruct the observed deformation field with operationally useful accu-
racy [29]. This result is important because it confirms that subsidence is not
beyond the reach of modern data-driven modelling, even in a rapidly urban-
ising coastal environment where the deformation response arises from the
interaction of hydrogeology, lithology, and urban development.

At the same time, the data-driven stage made a central limitation ex-
plicit. Even when predictive skill is strong, a purely statistical model does
not explain the forecast in terms of subsurface response, effective stor-
age, drainage conditions, or compaction timescale. It can identify influ-
ential variables, but it does not provide a mechanistic account of why a
predicted trajectory is physically plausible or how it should be interpreted
under changing forcing. This limitation is not a minor technical issue. It
concerns the scientific meaning of the forecast itself. Urban subsidence is
a path-dependent deformation process rather than a flexible regression sur-
face, and therefore requires more than correlation recovery if the objective
is to support interpretation, extrapolation, and policy.

The second modelling stage addressed this limitation by introducing
a physics-guided forecasting framework in which the prediction is cou-
pled to a reduced hydro–geomechanical scaffold. This changes the role
of the model. It is no longer only a device that predicts cumulative subsi-
dence from past observations and covariates. It becomes a framework that
also infers effective hydraulic conductivity, effective specific storage, and
a closure-consistent relaxation timescale, while remaining compatible with
a reduced consolidation balance and a groundwater residual. The forecast
therefore acquires a dual meaning: it is both a probabilistic prediction and a
physically auditable response of an effective urban subsurface system. This
is the principal conceptual advance of the study.

This progression is justified by the experimental results. The physics-
guided model preserved strong deterministic skill in both study areas, im-
proved the quality of uncertainty in the more structured basin, and main-
tained near-zero consolidation and closure residuals. The methodological
change therefore did not impose physical structure at the expense of predic-
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tion. Rather, it showed that predictive strength and physical accountability
can be combined within the same forecasting framework when the physical
scaffold is kept reduced, interpretable, and compatible with the available
data. This places the work in a distinct position relative to both classi-
cal numerical simulators and purely black-box machine learning [28, 30-
31, 22, 58].

7.3 Scientific interpretation of the two urban subsidence regimes

The comparison between Nansha and Zhongshan provides an impor-
tant scientific result in its own right. The two cities do not merely differ in
error scale. They exhibit different deformation regimes. Nansha is charac-
terised by a broader hydro-environmental range, deeper groundwater con-
ditions, stronger heterogeneity in the inferred fields, and a more variable
uncertainty structure. Zhongshan is more organised in both its driver distri-
bution and its inferred effective fields, with smaller error, sharper prediction
intervals, and a stronger direct gain from physics regularisation. These con-
trasts indicate that the same urban geohazard can arise through related but
not identical effective dynamics across nearby basins.

The empirical driver–response behaviour supports this interpretation.
In Nansha, subsidence increases strongly with depth to water over a broad
range, while rainfall and urban loading mainly act as modulating effects su-
perimposed on a highly responsive hydrogeological background. In Zhong-
shan, the driver range is narrower and the response structure is more com-
pact. This suggests that Nansha is closer to a high-variability coastal com-
paction regime in which shallow sediments, reclamation history, and dis-
tributed anthropogenic forcing amplify local heterogeneity. Zhongshan, by
contrast, behaves more like a basin where the dominant controls remain
interpretable through a more stable effective structure.

The inferred effective fields are consistent with this contrast. In Nan-
sha, the shorter inferred drainage path, stronger storage signal, and more
spatially variable conductivity indicate a system with faster local adjust-
ment but stronger spatial compartmentalisation. In Zhongshan, the larger

70



Central South University - Postdoctoral Report Chapter 7 Discussion

drainage path and more organised storage and conductivity fields indicate
a slower but more structured basin response. These differences do not im-
ply that one city is physically simple and the other complex in an absolute
geological sense. Rather, they indicate that at the scale of the common an-
nual grid, the Nansha system behaves as a more irregular effective medium,
whereas Zhongshan is closer to the assumptions under which the reduced
closure becomes highly informative.

This interpretation also explains why removing the physics regulari-
sation has only a limited effect on deterministic point error in Nansha but a
substantially larger effect in Zhongshan. In the more heterogeneous coastal
setting, the data pathway can capture much of the empirical signal even
without explicit physical structure. In the more organised setting, the re-
duced physical scaffold aligns more directly with the effective basin re-
sponse and therefore improves both generalisation and uncertainty sharp-
ness. This is an important result because it shows that the value of physics
guidance is regime-dependent. Its contribution should be interpreted in re-
lation to geological structure and data coherence rather than as a universal
constant.

7.4 Methodological significance of the physics-guided framework

Amajormethodological contribution of this study lies in the way phys-
ical structure is introduced into the forecasting problem. Many previous
studies place machine learning and physical modelling on opposite sides
of a methodological divide: one is flexible but opaque, the other is inter-
pretable but difficult to calibrate at scale. The present results show that this
opposition is not necessary. What matters is how physical information is
encoded.

The framework developed here uses a reduced closure rather than a
fully resolved physical inversion. This choice is fundamental. A detailed
poroelastic or basin-scale hydrogeological simulator would require bound-
ary conditions, multi-depth loading histories, high-resolution stratigraphic
continuity, and parameter information that are rarely available with suf-
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ficient density across large urban domains [14, 20-21]. A purely data-
driven forecast, by contrast, can be trained efficiently but leaves the in-
ternal response mechanistically opaque. The reduced closure used here oc-
cupies an intermediate position. It preserves a physically meaningful rela-
tion between conductivity, storage, drainage thickness, and characteristic
timescale, while allowing the model to remain compatible with the coarse,
heterogeneous, and partially censored information typical of urban geospa-
tial archives.

The specific decision to treatHeff as an externally supplied field rather
than a fully free learned variable is especially important. It reduces iden-
tifiability problems, preserves the direct geological meaning of thickness,
and forces the model to express the main residual flexibility through the
timescale discrepancy term rather than through uncontrolled thickness drift.
This design choice appears well justified by the external validation results,
where borehole-derived thickness and model Heff retain positive rank as-
sociation despite censoring and scale mismatch. In other words, the frame-
work is most informative when it uses the available geological information
as a hard structural input rather than as another latent quantity to be absorbed
into the network.

The probabilistic formulation is another important contribution. Much
of the subsidence literature remains focused on deterministic prediction or
susceptibility mapping [24-25, 34]. That emphasis is insufficient for urban
decision-making, where the practical question is often whether a thresh-
old will be exceeded over a planning horizon. The quantile-based structure
used here allows the forecast to be evaluated in terms of coverage, sharp-
ness, and threshold risk. More importantly, the uncertainty is not detached
from the physical scaffold. The model is not trained to produce intervals
in isolation; it is trained to produce intervals for trajectories that must also
satisfy a reduced dynamic balance and a closure-consistent timescale. This
combination is one of the distinctive methodological strengths of the work.
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7.5 Interpretability, identifiability, and the meaning of the inferred fields

The inferred fields recovered by the model must be interpreted with
care. The results do not support a claim of unique local inversion of hy-
draulic conductivity or storage from surface deformation alone. The clo-
sure relation itself makes clear why such a claim would be unrealistic. The
relaxation timescale depends on a multiplicative combination of conduc-
tivity, storage, and drainage thickness, so different parameter combinations
can produce very similar effective dynamics. The synthetic recovery tests
confirm this point: recovery of the overall closure structure is more stable
than exact recovery of each individual component.

This is not a weakness of the model in particular; it is a structural
feature of the inverse problem. Subsidence observed at the land surface
contains limited direct information about the unique decomposition of
grid-scale hydrogeological parameters, especially in the absence of dense
multi-depth head observations and detailed boundary conditions. What the
model recovers most reliably is therefore the effective relaxation structure
of the basin response. The learned fields K, Ss, and τ should thus be
interpreted as closure-constrained effective fields, not as direct laboratory-
scale or pumping-test-scale properties. This interpretation is consistent
with earlier work on effective parameterisation and data assimilation in
subsidence systems [20-22, 58].

Within this interpretation, the inferred fields remain scientifically valu-
able. They reveal spatial contrasts in effective dynamical response, they ex-
plain why two cities with the same hazard label can display different fore-
cast behaviour, and they provide diagnostic quantities that can be audited
against independent information. The point-support validation in Zhong-
shan is particularly informative in this respect. The positive rank agreement
between borehole thickness and model Heff shows that the thickness path-
way remains anchored to site information, whereas the weak agreement be-
tween local step-drawdown productivity and modelK reveals the expected
scale mismatch between cell-scale effective conductivity and near-well test
response. This is the type of interpretability that is scientifically defensible:
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not a claim of literal local inversion, but a clear statement of what part of
the inferred structure is robust and what part remains scale-dependent.

7.6 Practical significance for urban risk management

The practical value of the framework lies in the fact that the forecast
is spatially explicit, probabilistic, and physically interpretable. Such a fore-
cast can support decision-making in at least three ways.

The first is hotspot identification. Urban managers do not intervene
everywhere at once; they prioritise locations where deformation is likely
to persist or intensify. The framework developed here provides not only
mean forecasts of future cumulative subsidence, but also quantile informa-
tion and exceedance probabilities. This makes it possible to distinguish lo-
cations where the expected deformation is moderate but the upper-tail risk
remains high from locations where both the median and the tail risk are
low. Such distinctions are directly useful for ranking areas for monitoring,
maintenance, or mitigation.

The second is interpretation of plausible controls. Because the model
is coupled to effective hydrogeological structure, high-risk zones are not
identified as purely statistical anomalies. They can be discussed in terms of
stronger drawdown sensitivity, larger effective thickness, shorter or longer
relaxation timescale, and stronger urban-load modulation. This type of in-
terpretation is useful for planning because it speaks to mechanisms that can,
at least in principle, be addressed by groundwater management, land-use
control, or engineering adaptation.

The third is transferable deployment. The transfer experiments show
that the model is not a universal zero-shot predictor. Direct source-to-target
application fails under significant covariate and basin-structure shift. How-
ever, warm-start fine-tuning recovers most of the baseline skill and sub-
stantially improves threshold-risk reliability. This is a practically important
outcome. It means that the framework can be used as a physics-consistent
initial layer for new cities, with modest local data being sufficient to recover
operational skill. In urban forecasting, this form of transfer is often more
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useful than the unrealistic goal of perfect zero-shot generalisation.

These practical implications align with the broader literature on subsi-
dence, flood exposure, and urban resilience [9, 11, 10]. Land subsidence is
not only a geological process; it is an amplifier of urban risk. A forecasting
framework that helps locate persistent hotspots, quantify uncertainty, and
preserve interpretable physical structure can therefore contribute meaning-
fully to sustainable groundwater management and long-term infrastructure
planning.

7.7 Limitations of the study

Several limitations should be stated clearly.

The first concerns scale. The modelling framework operates on a com-
mon annual grid and therefore represents basin response at an effective ur-
ban scale rather than at the scale of individual wells, individual structures, or
detailed stratigraphic layers. This is appropriate for city-scale forecasting,
but it necessarily smooths processes that may be important for local engi-
neering analysis. The inferred fields should therefore not be interpreted as
substitutes for site-specific hydrogeological characterisation.

The second concerns model structure. The reduced consolidation law
and closure-consistent timescale provide a useful scaffold, but they remain
simplifications. Real urban subsidence may involve multi-layer delayed
drainage, anisotropy, lateral boundary effects, non-linear constitutive be-
haviour, and engineered perturbations that are not fully represented in the
present closure. The good performance of the model does not mean that
these effects are absent; it means that the reduced structure is sufficient to
organise a large fraction of the observed basin-scale response.

The third concerns data limitations. The thickness field in Zhongshan
is censor-aware and capped in the upper tail, which constrains the degree
to which absolute thickness magnitude can be recovered or externally vali-
dated. Groundwater information is also limited by the spatial and temporal
density of available observations. Rainfall is included as a future-known
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forcing, but future pumping and future urban loading are not explicitly pre-
scribed as scenario variables in the present framework. This limits the anal-
ysis to forecasting under the continuation or statistical extension of the ob-
served driver system rather than under fully user-defined policy scenarios.

The fourth concerns identifiability. As discussed above, the closure
permits non-unique trade-offs between conductivity, storage, and drainage
thickness. The framework mitigates this problem through priors, bounds,
and an externally supplied thickness field, but it does not eliminate the struc-
tural ambiguity of the inverse problem. This is why the inferred quantities
are interpreted as effective fields and why external validation is focused
more strongly on thickness than on local conductivity.

The fifth concerns transfer. Warm-start adaptation performs well, but
direct transfer remains poor. This implies that basin-specific calibration is
still necessary and that the framework should be viewed as a transferable
structured prior rather than a fully universal model.

7.8 Future research directions

Several directions follow naturally from these results.

A first priority is to extend the framework toward richer physical repre-
sentation without sacrificing scalability. One possible path is to move from
a single effective drainage thickness toward a multi-layer or depth-aware
structure in which separate delay pathways can be resolved for shallow and
deep compressible units. Such an extension would make the physical in-
terpretation of timescale more specific while preserving the advantages of
reduced-order learning.

A second priority is to incorporate richer scenario forcing. The present
framework handles rainfall as a future-known variable, but future ground-
water extraction, planned construction intensity, or engineered dewatering
could be introduced as explicit scenario controls. This would move the
model closer to a decision-support instrument in which users can explore
management choices rather than only extrapolate observed dynamics.
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A third direction concerns data assimilation and multimodal con-
straints. The current study already shows the value of combining InSAR,
groundwater, borehole thickness, and urban-development information.
Additional constraints from GNSS, levelling, pumping-test archives, or
even foundation inventories could help reduce uncertainty in the inferred
effective fields, especially in basins where thickness and conductivity
remain weakly identifiable from deformation alone.

A fourth direction concerns transfer learning across larger basin fam-
ilies. The present comparison uses two study areas within the Pearl River
Delta. Extending the framework across more diverse geological and cli-
matic settings would help identify which aspects of the learned represen-
tation are broadly transferable and which remain strongly regional. This
would be an important step toward a genuinely scalable urban subsidence
forecasting framework.

A fifth direction concerns calibration diagnostics. The results already
show that nominal coverage and interval sharpness can be evaluated in a
physically meaningful way. Further work could refine this by combining
probabilistic scoring rules, horizon-specific risk metrics, and more formal
calibration correction under distribution shift.

7.9 Conclusion and perspectives

The principal contribution of this study is not simply the construc-
tion of a more accurate model. Its broader significance lies in the fact
that it reframes urban subsidence forecasting as a problem that requires
predictive strength, uncertainty awareness, and physical interpretability
simultaneously. The machine-learning stage established that heteroge-
neous urban data contain sufficient signal to support useful forecasting.
The physics-guided stage then showed that this forecasting problem can
be reformulated so that the trajectories remain auditable against a reduced
hydro–geomechanical scaffold and that the resulting model retains strong
performance across two contrasting subsidence regimes.

This progression suggests a broader lesson for geoscientific modelling.
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In problems such as urban land subsidence, the most useful models may not
be those that maximise physical detail at all cost or those that maximise pre-
dictive flexibility in isolation. The most useful models may instead be those
that preserve the essential physical structure of the system while remaining
compatible with the scale, incompleteness, and heterogeneity of the avail-
able data. That is the position reached by the present study, and it defines
the foundation on which future work can build.
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