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The interpolation of GPS velocity vectors into continuous fields represents a significant challenge
in geodesy and geophysics. Conventional methods, such as the elastic Green’s function proposed by
Sandwell and Wessel (2016), face limitations in modeling complex phenomena and accounting for
data uncertainties. This paper investigates the application of Physics-Informed Neural Networks as
a powerful alternative to these classical methods. In this study, a PINN model was implemented that
directly incorporates the governing equations of elasticity into the Neural Network’s loss function.
The model was trained on GPS data from 89 stations across the Alborz Tectonic Region in the oblique
collision zone of the Arabia-Eurasia tectonic plates. Results demonstrate that the proposed model
can successfully reconstruct the velocity field with acceptable accuracy, achieving RMSE values
of approximately 0.68 mm/yr and 0.99 mm/yr for the east and north components, respectively.
The method offers several advantages, including high flexibility in modeling complex physics, the
capability to integrate diverse data types, and automatic consideration of observational uncertainties.
Although the computational time of this approach is longer compared to classical methods, its
inherent ability to overcome the limitations of traditional techniques makes it a promising candidate

for the next generation of geodynamic data processing tools.

1. Introduction

The accurate interpolation of discrete GPS velocity measurements
into continuous velocity fields represents one of the most
fundamental challenges in contemporary geodesy and geophysics.
This process serves as the critical foundation for numerous
applications ranging from tectonic studies and crustal deformation

analysis to the monitoring of lithospheric plate motions and

the understanding of deep geodynamic processes. The inherent
limitations of discrete point measurements necessitate sophisticated
interpolation techniques that can faithfully represent the continuous
nature of crustal deformation while maintaining physical
plausibility.

The Alborz tectonic region presents a particularly compelling
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case study for advanced interpolation methodologies. Situated
within the complex oblique collision zone between the Arabian and
Eurasian plates, this region exhibits intricate deformation patterns
characterized by competing tectonic forces, heterogeneous material
properties, and spatially variable strain rates. The geological
complexity of the Alborz mountains, combined with their strategic
position within the larger Arabia-Eurasia collision system, makes
this region an ideal natural laboratory for testing and validating
novel interpolation approaches.

Traditional interpolation methods, particularly the elastic
Green’s function approach pioneered by Sandwell and Wessel
(2016), have demonstrated considerable utility across various
geophysical applications. These methods leverage well-established
principles of continuum mechanics to generate physically
reasonable interpolation results. However, as comprehensively
documented by Maurer and Materna (2023), these conventional
techniques face substantial limitations when deployed in complex
tectonic environments characterized by heterogeneous deformation
patterns, sparse data coverage, and strong velocity gradients. The
fundamental challenge lies in their limited flexibility to adapt to
region-specific geological complexities without extensive manual
parameter tuning.

The emergence of Physics-Informed Neural Networks (PINNs)
represents a paradigm shift in scientific computing, seamlessly
combining the universal approximation capabilities of deep neural
networks with the rigorous constraints of established physical laws.
The groundbreaking work by Raissi et al. (2019) fundamentally
demonstrated how PINNs could successfully solve complex
systems of partial differential equations while maintaining strict
physical consistency. This innovative approach has since catalyzed
a revolution across multiple domains of computational physics,
with Cuomo et al. (2022) providing a comprehensive review of
its theoretical foundations, implementation strategies, and diverse
practical applications.

The current research systematically addresses several critical
gaps in contemporary geodetic data processing methodologies.
First, it provides a rigorous, systematic comparison between
traditional Green’s function methods and the novel PINN
approach specifically tailored for GPS velocity interpolation in
complex tectonic settings. Second, it develops a complete, end-
to-end framework for implementing PINNs in practical geodetic
applications, addressing specific challenges including sophisticated
data preprocessing, optimized network architecture design,
and robust physical constraint incorporation. Third, it offers a
comprehensive evaluation of model performance using multiple
complementary metrics and advanced uncertainty quantification
techniques, establishing new standards for reliability assessment in

geodetic interpolation.

2. Research methodology

2.1. Data acquisition and preprocessing

This study employed an extensive dataset comprising GPS
measurements from 89 continuously operating stations strategically
distributed across the Alborz tectonic region. The dataset spanned
the comprehensive period from 2015 to 2022, providing sufficient
temporal coverage to derive robust, statistically significant velocity
estimates while minimizing the influence of transient signals and
seasonal variations. Each station provided precise three-dimensional
coordinates and velocity vectors in the globally consistent
ITRF2014 reference frame, which were subsequently transformed
into a stable regional reference frame rigorously aligned with the
Eurasian plate to isolate regional deformation patterns.

The data quality control protocol implemented multiple stages
of sophisticated validation procedures. The initial automated
screening identified and removed stations exhibiting significant
data gaps, instrumentation issues, or obvious measurement artifacts.
Subsequent statistical analysis employed the robust Interquartile
Range (IQR) method to detect and eliminate statistical outliers,
resulting in the careful exclusion of six stations that demonstrated
anomalous velocity patterns inconsistent with established regional
tectonic signals. The remaining 83 high-quality stations formed the
core dataset for all subsequent model development and validation
procedures.

Advanced preprocessing techniques were carefully selected
and implemented to preserve genuine geophysical signals while
minimizing numerical artifacts and processing-induced biases.
Coordinate normalization utilized z-score transformation based on
carefully computed mean and standard deviation values, ensuring
numerical stability during the computationally intensive network
training process. Velocity component standardization employed
robust statistical methods using median and IQR values, providing
enhanced resilience against residual outliers and non-Gaussian error

distributions commonly encountered in geodetic measurements.

2.2. Neural network architecture design
The PINN architecture was meticulously designed through an
extensive iterative process carefully balancing model complexity
against computational efficiency and generalization capability. The
final optimized configuration featured a sophisticated feedforward
network architecture with four hidden layers containing 256, 128,
64, and 32 neurons respectively. This hierarchical structure enabled
the network to effectively capture both broad-scale regional
deformation patterns and finer-scale local variations in the velocity
field, accommodating the multi-scale nature of crustal deformation
processes.

Activation function selection proved critically important for

achieving optimal model performance. Comprehensive comparative
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analysis demonstrated that the modern swish activation function
consistently outperformed traditional alternatives like tanh and
ReLU in terms of convergence speed, solution accuracy, and
training stability. The output layer architecture consisted of two
linear neurons independently representing the East and North
velocity components, with each component receiving specialized
independent regularization to prevent undesirable interference
between orthogonal deformation signals and to maintain physical
consistency.

The training protocol incorporated several advanced optimization
techniques specifically tailored for physics-informed machine
learning applications. Weight initialization employed the He normal
method, which proved particularly effective for deep networks
utilizing swish activation functions. The AdamW optimizer was
selected for its adaptive learning rate capabilities and built-in
weight decay regularization, providing enhanced training stability.
Learning rate scheduling implemented sophisticated exponential
decay with carefully tuned decay factors and step sizes to optimally

balance convergence speed against long-term solution stability.

2.3. Physics-informed constraints implementation

The core innovation of the PINN approach fundamentally lies in
its sophisticated incorporation of physical constraints directly into
the learning process through the loss function architecture. For this
specific application, the complete set of governing equations for
plane elasticity were systematically embedded within the multi-
component loss function, ensuring that all generated solutions
rigorously satisfy fundamental principles of continuum mechanics
and material behavior. The comprehensive mathematical
formulation included the full equilibrium equations, constitutive
relationships, and compatibility conditions that properly define
linear elastic behavior in geological materials.

Practical implementation of these physical constraints required
meticulous attention to numerical stability and computational
efficiency considerations. Second-order derivatives were computed
using TensorFlow’s advanced automatic differentiation capabilities,
which provide machine-precision accuracy without the numerical
errors typically associated with traditional finite difference
approximations. The constraint weighting scheme strategically
balanced data fidelity against physical consistency requirements,
with adaptive weights dynamically adjusted during training to
maintain appropriate influence from both information sources
throughout the optimization process.

Additional specialized physical constraints were incorporated
to enhance solution quality and geological realism. The divergence-
free condition helped effectively suppress unphysical volume
changes in the derived deformation field, while the biharmonic

equation constraint significantly improved solution smoothness and
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stability in data-sparse regions. These supplementary constraints
were carefully weighted at 0.01 and 0.005 respectively, values
determined through systematic sensitivity analysis and empirical

validation against known geological features.

2.4. Model training and validation framework

The comprehensive training process employed a sophisticated
validation strategy to ensure model robustness, reliability, and
generalizability across different geological contexts. Data splitting
utilized an 88-12% ratio for training and testing respectively, with
careful attention to spatial distribution patterns to avoid regional
biases and ensure representative sampling of different deformation
regimes. Early stopping mechanisms with a patience parameter
of 100 epochs effectively prevented overfitting while allowing
sufficient training duration for proper convergence and feature
learning.

Performance evaluation incorporated multiple complementary
metrics providing diverse perspectives on model capability.
Primary quantitative measures included Root Mean Square
Error (RMSE) for both velocity components, mean absolute
error (MAE), and correlation coefficients between predicted and
observed values. Qualitative assessment examined spatial patterns
of residuals, physical consistency of derived strain fields, and
geological plausibility of interpolation results through comparison
with independent structural data.

Uncertainty quantification represented a crucial aspect
of the advanced validation framework. Ensemble methods
trained multiple independent network instances with different
initializations, providing complete statistical distributions for all
output values and enabling rigorous uncertainty estimation. Spatial
analysis of prediction variance systematically identified regions
where interpolation uncertainty was elevated due to data sparsity
or complex deformation patterns, informing confidence levels in

different geographical areas.

3. Results
3.1. Quantitative performance assessment
The PINN framework demonstrated consistently excellent
performance across all quantitative evaluation metrics. The optimal
model configuration achieved remarkable RMSE values of 0.682
mm/yr for the East component and 0.994 mm/yr for the North
component, representing statistically significant improvement over
traditional interpolation methods. These error levels correspond to
approximately 5-8% of the total signal variation within the region,
indicating high predictive accuracy suitable for sophisticated
geodynamic applications.

Detailed comparative analysis revealed consistent performance

advantages for the PINN approach across different geological
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settings. Traditional Green’s function methods consistently showed
15-25% higher RMSE values in regions of complex deformation,
particularly near major fault zones and in areas characterized
by sparse station coverage. The PINN’s sophisticated ability to
incorporate physical constraints proved especially valuable in these
challenging regions, maintaining solution quality and physical
plausibility even with limited direct observational constraints.

The comprehensive sensitivity analysis for Poisson’s ratio yielded
crucial insights into model behavior and parameter influence.
Model performance remained notably stable across the geologically
realistic range of 0.20 to 0.30, with optimal results consistently
emerging at v=0.23. This empirically determined value aligns
remarkably well with independent laboratory measurements of
typical crustal rocks, strongly suggesting that the PINN framework
naturally converges toward physically realistic parameter values

even without strong prior constraints or explicit guidance.

3.2. Spatial pattern analysis

The interpolated velocity field successfully captured the complex
deformation signature of the Alborz region with unprecedented
detail and physical consistency. East-component velocities showed
systematic spatial variation from -7 mm/yr in the southern sectors
to +1 mm/yr in northern areas, accurately reflecting the dominant
compressional regime associated with the ongoing continental
collision. North-component velocities exhibited more homogeneous
patterns with values ranging from 0 to +12 mm/yr, consistent with
established understanding of regional northward motion relative to
stable Eurasia and compatible with plate tectonic reconstructions.

Notably, the PINN solution maintained exemplary physical
consistency across multiple spatial scales simultaneously. Large-
scale patterns demonstrated excellent alignment with plate tectonic
expectations and regional geodynamic models, while local
variations correlated strongly with known geological structures
and active fault systems. The solution successfully resolved
intricate deformation gradients across major fault systems without
introducing unphysical oscillations or discontinuities that often
plague purely mathematical interpolation schemes lacking physical
constraints.

Comprehensive residual analysis provided valuable insights
into model limitations and fundamental data characteristics. Spatial
clustering of prediction errors occurred primarily in two distinct
geological contexts: regions with very low station density where
interpolation necessarily relied heavily on physical constraints, and
areas immediately proximal to major active faults where deformation
patterns exhibit particular complexity. In both challenging scenarios,
the incorporated physical constraints demonstrably helped mitigate
error magnitude, though could not fully compensate for insufficient

observational constraints in the most data-limited regions.

3.3. Strain field derivation and interpretation

The strain fields derived from the PINN velocity solution revealed
mechanically consistent deformation patterns fully compatible with
the region’s established tectonic setting and historical seismicity.
The second invariant of the strain tensor, representing overall
deformation intensity, showed clear concentration along known
active fault zones with maximum values reaching 2x107® yr' in the
most tectonically active sectors, identifying regions of potentially
elevated seismic hazard requiring careful monitoring.

Principal strain directions exhibited systematic rotation across
the region from southwest to northeast, accurately reflecting
the gradual transition from pure compression in the south to
transpressional deformation in the central Alborz characterized by
combined strike-slip and compressional motion. This sophisticated
pattern aligns precisely with current understanding of the Arabia-
Eurasia collision dynamics and provides crucial quantitative
constraints for next-generation regional tectonic models and hazard
assessments.

Dilatation rates showed predominantly negative values
throughout most of the study area, indicating pervasive regional
crustal shortening fully consistent with the dominant compressional
tectonic regime. Local exceptions occurred in specific structural
contexts, particularly in pull-apart basins and extensional jogs along
major strike-slip faults, where the model successfully captured
the expected transition to extensional deformation, demonstrating

remarkable sensitivity to local tectonic conditions.

4. Discussions
4.1. Methodological advantages and limitations
The PINN framework demonstrated several significant advantages
over traditional interpolation methods that merit emphasis.
The integration of physical constraints proved particularly
valuable in data-sparse regions where conventional methods
often produce geologically implausible results or fail to capture
essential deformation features. The method’s inherent flexibility
in accommodating complex boundary conditions and material
heterogeneities represents another major strength, enabling more
realistic representation of actual geological settings compared to
simplified analytical approaches.
However,severalimportantlimitationsrequire careful consideration
in practical applications. The substantial computational demands of
PINN training considerably exceed those of traditional methods,
requiring specialized hardware resources and extended processing
times that may challenge operational monitoring programs. This
currently limits real-time applications and necessitates careful
resource planning for operational implementation. Additionally, the
notable sensitivity to hyperparameter selection requires substantial

expertise and computational resources for comprehensive
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optimization, potentially limiting accessibility for non-specialist
users.

The method’s performance dependence on data quality and
distribution presents both challenges and opportunities for future
development. While sparse data coverage inevitably limits ultimate
solution accuracy, the incorporated physical constraints provide
valuable guidance in extrapolation scenarios where traditional
methods typically fail. This characteristic suggests that PINNs may
be particularly valuable in regions with evolving station networks,
where data distribution improves gradually over time through

expanded monitoring efforts.

4.2. Geophysical implications

The successful application of PINNs to the Alborz region provides
compelling new insights into its deformation mechanics and crustal
properties. The optimal Poisson’s ratio of 0.23 suggests dominantly
felsic crustal composition throughout much of the region, consistent
with independent geological mapping and seismic tomography
results. The detailed strain partitioning patterns reveal systematic
spatial variations in deformation style that strongly correlate with
basement structure and fault geometry, illuminating fundamental
controls on regional seismotectonics.

The advanced uncertainty quantification capabilities offer valuable
practical tools for geodetic network optimization and planning.
Spatial maps of prediction variance clearly identify specific regions
where additional GPS stations would most effectively reduce
interpolation uncertainty and enhance deformation monitoring
capability. This provides quantitative, evidence-based guidance for
future geodetic network expansion and strategic resource allocation

decisions.

4.3. Future directions

Several promising research directions emerge from this work
for future methodological development and application.
Incorporating time-dependent deformation models would enable
sophisticated analysis of transient signals, postseismic deformation
processes, and time-varying tectonic features. Integration with
complementary data types, particularly InSAR measurements and
seismological observations, could further constrain solution space
and enhance physical realism through multi-disciplinary constraint

incorporation.
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Extension to fully three-dimensional formulations represent
another important frontier for methodological advancement. While
substantially increasing computational complexity, comprehensive
3D models would enable more realistic representation of crustal
structure and depth-dependent deformation patterns essential for
understanding earthquake cycle processes. Parallel development
of transfer learning approaches could also facilitate efficient
application to new tectonic regions with limited data availability,

expanding the method’s global utility.

5. Conclusion

This research successfully demonstrates the practical application
of Physics-Informed Neural Networks for GPS velocity field
interpolation in complex tectonic settings, establishing a new
paradigm for geodetic data analysis. The PINN framework
consistently outperforms traditional methods while maintaining
rigorous physical consistency and providing sophisticated
uncertainty quantification capabilities. The method’s demonstrated
ability to automatically identify optimal physical parameters,
particularly Poisson’s ratio, represents a significant advancement in
geodetic data analysis with broad implications for tectonic studies.

The comprehensive evaluation using multiple complementary
performance metrics confirms the method’s robustness and
reliability across diverse geological contexts. Detailed spatial
analysis of results demonstrates excellent agreement with
independent geological constraints and established tectonic
expectations, validating the approach for operational deployment.
Advanced uncertainty quantification provides valuable practical
insights for network optimization and strategic data collection
planning, enhancing the efficiency of geodetic monitoring
programs.

Looking forward, PINNs offer a powerful, flexible framework
for addressing increasingly complex challenges in geodynamics
and earthquake science. Their unique ability to integrate diverse
data types while maintaining physical consistency makes them
particularly valuable for multi-disciplinary studies bridging geodesy,
seismology, and structural geology. With continued development
focusing on computational efficiency and user accessibility, PINN-
based approaches are poised to become standard tools in next-
generation geodetic data analysis and crustal deformation studies

worldwide.
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Network Structure:
 Input: Longitude, Latitude coordinates
* Hidden Layers: 4 layers with [256, 128, 64, 32] neurons

* Activation: Swish function

* Output: East and North velocity components

« Physics: Elasticity equations embedded as loss constraints
* Regularization: L2 weight decay

A

Input Hidden Hidden
(Long, Lat) (256) (128)

Physics-Informed Neural Network (PINN) Architecture
for GPS Velocity Field Interpolation

»O
=)
Hidden Hidden Output
(64) (32) (East Vel, North Vel)
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Figure 2. Architecture of the Physics-Informed Neural Network for GPS velocity field interpolation. It includes an input layer (geographical

coordinates), four hidden layers with 256, 128, 64, 32 neurons, and an output layer (East and North velocity components). The equations of

elasticity are integrated as physical constraints in the loss function.
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Table 1. Performance of different models based on Poisson’s ratio.
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Figure 3. Comparison of RMSE error for different models with
varying Poisson’s ratio. RMSE error values for East and North
velocity components. The model with Poisson’s ratio 0.23 shows

the lowest error.
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Figure 4. Learning curves of the Physics-Informed Neural Network for different Poisson’s ratios. a) Validation error curve, b) Training

error curve, ¢) Data error curve, d) Physical error curve, ¢) Physical weight scheduling, f) Combined error curve. The model with

Poisson’s ratio 0.23 (orange plot) achieved the best convergence at epoch 100.
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Figure 5. Comparison of observed and modeled velocity vectors and error analysis a) Simultaneous display of observed (red) and predicted

(blue) velocity vectors by the PINN model with Poisson’s ratio 0.23 along with major faults of the region (green). Significant agreement

between direction and magnitude of observed and predicted vectors is evident at most stations. b) Spatial distribution of prediction errors where

error magnitude is shown by color (0-4 mm/yr) and error direction by arrows. The largest errors are observed in areas with low station density

and along major faults.
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Figure 6. Comprehensive evaluation of Physics-Informed Neural Network model

accuracy a) Comparison of RMSE and MAE for East and North components, b)

Error distribution, ¢) Concentration metrics and bias, d) Distribution of model

prediction errors for East and North velocity components. Error distributions for

both components are approximately normal and centered around zero. The wider

spread of North component errors corresponds to its higher RMSE.
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Figure 7. Comparison of predicted and observed velocity values.
Scatter plot of predicted values versus observed values for East and

North velocity components. The proximity of points to the perfect

fit line (1:1 line) indicates the model’s high accuracy.

o 51 ot 1 Gl Jooxi —F'—F
S o 3 oo 085 Joke Calibs (gl 0l (535 p ok plomil ol ot
o3 gdmea 53 elyl pl a5 s yls e ol S8 g9y p ) LSU o i Osuls
345 o RMSE (glas )5 o) A syl odd o /¥4 B /Y M.t\:.!é‘j
4 lmen ) e s Colas 1SS Golene 4 by bl
Wl 0 33 (6o ;50 35 e e Y F Y Sl slin ok &S gl4 S
(Kb 358l b 5 683k F5 Jeld (5T Al a by e sla il
A 0T gy (a5 Ll ()la) 5 2lg5 235 53 (g a8 Comle I 4 S
A3 oy ool b a ol amils S5l Al b gyl 53 (GlediS puns
S Jo 3ty (S d ol 4 ool y kil 5315 S op i 3am3 e
Lol cpl .ol ol Ol Jue ol S8 5 (g 53 gdoes L300 Jromy Ay 0

B it ) Canald piss (1l 3 o —F—F
s el o o3l (il b0 K p5 oS g el SIS s
S das e 0L JSC pl das e 0L 1y Joe 233 5 ol oS5 o i
Sl 533,513 GPS (glaol&as) o515 b paritons alaly bn s oy Soalad ot
b st sbme Ol (658 0 (ol A3Le) GPS (ool VL oS5 L
oS Al 2 g b bl 53 a8 b s el Jlo e e /¥ 1 ST
2 ek VAL e g 4l RIB1 MG o Slllae adlite il s
S35 53 Sl pde i oS Aas e DL toen L o ey oo Lo
Yzl 8 358 0 oalie Jool G oS 5 loime) Glaimiv sla) e
o 03 i s ol bl 15 ol s ISk Ol S domy 51 AL
Slege BU b s e dan ¥ 51 28T (6o 53 40 Olisab! Aol 35wl 3blie
Sl dad ol glasly ol Col Jgd BB OLST Jas las )8 i @l oS
53 0s )l (oS i b Sl 35 on sledas GPS 0ty T (slaeSs (g 5luatgs
)15 JulST Sl gan V g

i) alsd oo 35T gl Rkl 03 e kied 5w )
#2lal Sl (AU pd md edes Hsbay (sl 4l Ll 5 L due i
Sl 380 ol ar S1das o iy 1) adsl slas 5 5T Al 0o

Ja.;qul:é(.u,'\ wled g Sl Clin b st 6y ks adyl LS



1Vo=119 :(P) P9 <1 Fod (o) pole/gl)Sam g 3g; Cuanly jguol/.... GPS e puu glaan 2big > 43 Sojud I 08T uac glooSab 35,18

16.25

15.00

Velocity Field (v = 0.23) with Faults

13.75

EEm Observed Vectors

12.50
37°N A

11.25

Latitude
w
=3
z

10.00

Velocity Magnitude (mmyyr)

35°N

Longitude 7.50

5.00
uﬂgu)\:jﬁu.wl‘gh‘}falﬂq-/\'\‘Q‘,.»l‘,a:\;:m}Qemdgb}):uﬂol.@—/\J&fn

(é) A‘:"JU""{) ol &LLQ)); L gy S8 Q\.\:»} (éﬁ.ﬂ) ol odaline

Figure 8. Interpolated velocity field with Poisson’s ratio 0.23 along with major
faults. Display of observed velocity vectors (black) and continuous interpolated

velocity field (color background).
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Figure 10. North component velocity field with

major faults. North velocity values range between

ko zero and +12 mm/yr. Overall northward motion is

observed in the region.
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Figure 12. Principal strains and their directions
along with faults. Directions and magnitudes of
principal strains in the study area match the type of

major faults in the region.
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Figure 13. Dilatation field along with major faults.
Positive values indicate tension and negative values
indicate compression in the crust. Match of dilatation

pattern with major faults is evident.
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