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Gravimetry Data Analysis and Cavity Detection
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Abstract—Precise detection of small subsurface cavities is
essential for geotechnical assessments, infrastructure stability,
and resource exploration. Traditional gravity inversion methods
have long been limited by poor resolution, noise-induced signal
loss, and difficulties in capturing subtle, small-scale density vari-
ations. Conventional methods, such as damped least squares and
regularization, typically require large amounts of high-quality
data and treat sample points in isolation, which reduces their
effectiveness in complex subsurface environments. To overcome
these challenges, we introduce the Gravity Graph For Cav-
ity (GGFC) framework—a novel, two-stage, graph-based semi-
supervised learning approach that leverages advanced algorithms
to accurately detect subsurface cavities even under realistic noise
conditions. In the first stage, we construct a graph where the
nodes represent cavities and the features represent anomaly
points and cavity-induced density variations, with rich feature
vectors capturing their spatial context and geometric properties.
In the second stage, this graph is processed using state-of-
the-art methods that integrate classical machine learning and
deep learning techniques—specifically, Graph Neural Networks
(GNNs) and Laplacian Regularized Least Squares (LapRLS)—to
predict cavity depth and estimate radius by solving a graph-level
regression problem. We further enhance our GNN approach
to tackle complex geological structures by reframing cavity
detection as a classification problem, marking a significant
extension beyond traditional regression-based methods. Extensive
experiments on synthetic datasets with limited labels and realistic
noise conditions validate the robustness and versatility of our
approach. Moreover, application to real-world datasets yields
cavity depth and radius estimations that closely align with boring
results, underscoring the framework’s practical effectiveness.

Impact Statement—Detecting micro-cavities beneath the
Earth’s surface is crucial for civil engineering, environmental
science, archaeology, and disaster management. Accurate identi-
fication of subsurface voids can prevent structural failures, reduce
sinkhole risks, and support sustainable development through in-
formed land-use planning. However, recent methods often rely on
extensive labelled datasets, which increase computational costs.
The proposed graph-based semi-supervised method addresses
this challenge by effectively capturing spatial and relational
structures between cavity instances, even with minimal labelled
data. It is also highly robust to noise, making it ideal for
scenarios with limited resolution. This transformative approach
is particularly valuable in geophysics, where low-resolution and
noisy data are persistent obstacles. By leveraging graph-based
frameworks, this method enables reliable and cost-effective cavity
detection, contributing to safer infrastructure, the preservation
of historic sites, and improved disaster resilience. The application
aims to provide precise cavity specifications for projects involving
small-scale cavities.

Gourab Panda is with the Indian Institute of Technology, Delhi, India(e-
mail: bsz218611@iitd.ac.in).

Vipul Kumar Singh is with the Indian Institute of Technology, Delhi, India.
Anil Kumar is with the Indian Institute of Technology, Delhi, India.
Manabendra Saharia is with the Indian Institute of Technology, Delhi, India.
Sandeep Kumar is with the Indian Institute of Technology, Delhi, India.

Index Terms—Cavity detection, Graph Machine Learning,
Graph Neural Network, Gravity data, Laplacian Regularized
Least Squares, Gravity Inversion

I. INTRODUCTION

GRAVIMETRIC analysis measures changes in the Earth’s
gravitational field using sensitive gravimeters. This

method helps explore underground structures by detecting
density differences, offering valuable insights into what lies
beneath the surface [1], [2]. Among its many applications,
cavity detection [3] stands out due to its importance in civilian
domains such as mining [4], [5], archaeology, geotechnical risk
assessment, and environmental monitoring.

Cavity detection using gravity data is inherently an ill-
posed inverse problem. Small anomalies produce subtle gravity
variations that are easily obscured by noise, terrain effects, and
instrument limitations [6]–[8]. Moreover, the problem often
suffers from non-uniqueness, where multiple cavity configu-
rations yield similar gravitational signatures [9]. Traditional
approaches, such as parametric inversion techniques, strug-
gle with robustness and accuracy, while data-hungry neural
network models are brittle in low-data regimes and highly
sensitive to noise. These limitations are exacerbated in field
conditions, where accessibility and environmental variability
pose additional constraints.

Recent advances in microgravimetry, including lightweight,
high-precision gravimeters mounted on drones and field ve-
hicles, make gravity surveys more accessible and scalable.

Fig. 1: Geophysical gravity anomaly representation. The top
layer displays gravimeter readings as receivers (X marks)
detecting subsurface density variations. The colour gradient
indicates gravity anomalies in milligal (mGal) or microgal
(µGal), reflecting density differences.
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However, these advances demand equally agile and noise-
resilient computational frameworks for interpreting the col-
lected data. Existing methods [10], [11] often rely on image-
based anomaly maps or black-box models, which overlook the
spatial structure and relational patterns intrinsic to subsurface
anomalies.

In this work, we present Gravity Graph for Cavity (GGFC),
a graph-based machine learning framework that leverages
spatial correlations among gravity measurements to robustly
infer cavity parameters such as depth and radius. By repre-
senting gravimetric data as a graph, where each node encodes
observation points, and edges encode spatial affinities between
the cavities, we incorporate relational priors into the learning
process. We propose two variants within this framework:

GGFC-LapRLS, which utilizes Laplacian Regularized Least
Squares to enforce smoothness across spatially adjacent mea-
surements, and GGFC-GNN, a Graph Neural Network that
learns nonlinear mappings from gravity signals to cavity
specifications by exploiting graph topology. Furthermore, we
extend the analysis of the GGFC-GNN framework to address
scenarios where anomalies deviate from regular shapes and
exhibit irregular structures. In this analysis, we also consider
both single-cavity and more than one cavity cases.

Our approach offers three key advantages: (i) improved pre-
diction accuracy of cavity parameters even with sparse or noisy
measurements, (ii) reduced dependence on large datasets,
and (iii) robustness against measurement inconsistencies. We
validate our methods using real-world gravimetric data from
the Medford Cave site, demonstrating accurate recovery of
both cylindrical and spherical cavity geometries.

By bridging the gap between classical inverse methods and
modern graph-based learning, this work contributes a scalable,
interpretable, and high precision tool for gravity based cavity
detection. The proposed GGFC framework has the potential
to enable automated, drone-based geophysical surveys for
applications in civil engineering, mineral exploration, and
beyond.

The paper is organized as follows: Section I introduces
the inverse gravimetry problem. Section II reviews conven-
tional and machine learning-based inversion methods. Sec-
tion III outlines our methodology, including data generation
and graph-based cavity modeling. Section IV describes the
extension of the GGFC-GNN framework for irregular mod-
els. Section V presents the homophily analysis. Section VI
discusses the experimental results and demonstrates the supe-
riority of our approach. Section VII highlights the limitations
of the proposed method, and Section VIII concludes the paper
with key findings and final remarks.

II. BACKGROUND AND RELATED WORK

Gravity surveys offer a non-intrusive method for detect-
ing underground cavities, effective for both large-scale and
localised investigations. Several studies have been conducted
to explore the detection of cavities using gravimeters [12]–
[16]. Void detection relies on density differences between
cavities and surrounding rocks, creating anomalies measured
in milligals or microgals [17]–[19]. A gravitational anomaly’s

cause is reproduced through a modeled approach, wherein
a theoretical anomaly is calculated, and the model’s shape
is adjusted until the computed anomaly closely matches the
observed anomaly [20]. Although the inverse problem is ill-
posed, introducing further constraints on the shape and char-
acteristics of the anomalous body helps minimize uncertainty
[21]. Indirect methods use simple analytic equations for basic
source objects like cubes, cylindrical, and spherical shapes
[22].

Geophysical inverse problems are addressed using either
conventional inversion or machine learning (ML) approaches.
Conventional methods iteratively minimize data misfit based
on physical models. Microgravity surveys provide a reliable
method for cavity detection [23], but the inverse problem is
inherently challenging and further complicated by the influ-
ence of noise [24]. Regularisation and additional constraints
enhance stability and reduce uncertainty [25]. Li and Old-
enburg [26] used the smooth inversion method for gravity
data inversion. Fedi and Rapolla [27] performed inversion
calculations to address the skin effect caused by the decreasing
kernel function with depth. For highly nonlinear problems,
conventional inversion methods struggle with depth resolution
limitations and produce scattered results. One widely used
inversion algorithm is the conjugate gradient method [28],
[29]. There is a need for more nonlinear inversion algorithms.

The ML-based approach offers significant advantages for
solving these problems [30]. Its flexibility and ability to adapt
to complex and uncertain data make it well-suited for challeng-
ing scenarios. ML models can handle noise [31]. Eslam [14]
previously utilized a deep neural network to estimate cavity
specifications. In recent developments, Yang et al. [32] applied
a U-Net CNN for spatial parameter prediction from gravity
data. Yu-Feng et al. [33] proposed a 3D gravity inversion
using a U-Net++ network. Huang et al. [34] employed a
supervised deep fully CNN to generate a sparse subsurface
density model distribution. He et al. [35] used a random-
midpoint-displacement strategy to synthesize a realistic train-
ing dataset. Zhang et al. [36] introduced DecNet, a method
that decomposes the 2D–3D inverse problem into a 2D–2D
mapping process. Dong et al. [37] introduced a 3D gravity
inversion based on the dual U-Net framework. Wang et al. [11]
introduced the MS-UNets network for 3D gravity inversion,
particularly in reconstructing subsurface density models like
salt dome geometries.

Graph-based machine learning has diverse applications
in geoscience. A graph with features is defined as G =
(V,E,W,X), where V = {v1, v2, . . . , vN} is the set of N
vertices, E is the set of edges, a subset of V × V , and W is
the adjacency (weight) matrix [38], [39]. A simple graph with
non-negative weights Wij ≥ 0 is considered, without self-
loops. The feature matrix is defined as X = [x1, x2, . . . , xN ]⊤,
where X ∈ RN×d, and each feature vector xi ∈ Rd is
associated with a node of the graph G. The Laplacian (Θ) and
adjacency matrix (A) are commonly used to represent graphs,
with entries indicating connections between the vertices. A
diagonal degree matrix D is defined, where Dii =

∑
j Aij

represents the degree of each node. Building on graph-based
machine learning, a semi-supervised learning approach prop-
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agates labels through a similarity graph, transferring label
information from labeled to unlabeled data via strong network
connections, leveraging the adjacency and degree matrices
to model relationships within the graph [40]. Applications
include analyzing water flow [41], predicting floods [42],
studying climate patterns [43], identifying mineral deposits
[5], and geospatial data fusion [44]. Recent advances in graph
machine learning have shown promising results in various
geoscience applications.

III. PROPOSED FRAMEWORK

A. Proposed Formulation
Let Xi ∈ Rd be the feature vector and Yi ∈ Rm be the label

vector corresponding to the ith cavity, where, i = 1, . . . , n
for a total of n cavities. A feature vector Xi represents
gravity anomaly due to a cavity; the gravity anomaly is a
function of the distance from the centre of the cavity and
the density contrast between the cavity and the background.
The corresponding label vector Yi consists of the depth of the
cavity center from the surface. Therefore, the problem under
consideration is:

Given n = l + u cavities and their parameters X =
(Xl, Xu) along with labels of only l number of cavities as
Yl, how can we predict the labels of the remaining u number
of cavities Yu?

Next, consider set Cl = {(Xi, Yi)}li=1 ∈ X × Y and
Cu = {(Xi)}l+u

i=l+1 ∈ X , where X is the feature set and Y
is the label, let the elements of the set Cl be sampled from
probability distribution P over the ordered pair X×Y . Samples
of the domain set Xi ∈ X will follow the marginal distribution
PX of P. For the limited labelled data scenario, the goal of
a learning algorithm is to estimate the conditional distribution
P(Y |X) using both the labelled and unlabelled data as the
training data. To incorporate the additional information of
PX obtained because of the unlabelled data by capturing the
intrinsic geometry of the marginal distribution through the
graph of both unlabelled and labelled data, and performing
label propagation and feature aggregation over the neighbour-
hood. The guiding principle is that if two data points from
the domain set are close in the intrinsic distribution PX , then
the corresponding conditional distributions should be similar.
For the cavity specification prediction, it means that given two
cavities with similar features Xi ∼ Xj then the corresponding
label vectors should also be similar Yi ∼ Yj .

To build a learning framework based on the above guiding
principle, these are the three main steps: i) Data generation, ii)
Use of the feature space to obtain a geometric representation
such that the samples having similar features are represented
closer and connected, iii) Build a learning model such that
geometric information be leveraged for learning the labels of
unknown samples.

The cavity specifications or the labels Yi are generally
obtained using any known shape. So, synthetically generated
data as labelled data Xl, Yl and real data where we want to
predict the cavity specifications as unlabelled data Xu, Yu;
therefore, l < u. Graph-based Semi-supervised learning at-
tempts to address this by learning from both labelled as well
as unlabelled data.

B. Synthetic Data Generation

The impact of gravity on the cavity may be calculated using
geometrical models [45]. Assume the gravity effect is observed
along the horizontal axis (x-axis);

TABLE I: Gravity anomaly equations for cylindrical and
spherical cavity models.

Model Gravity Anomaly

Cylindrical ∆g(x) =
200πG∆ρR2D

D2 + χ2

Spherical ∆g(x) =
400πG∆ρR3D

3(D2 + χ2)3/2

TABLE II: Radius calculation formulas for cylindrical and
spherical cavity models at cavity center (χ = 0).

Model Radius Formula

Cylindrical R =

(
∆g(x)D

200πG∆ρ

)1/2

Spherical R =

(
3∆g(x)D2

400πG∆ρ

)1/3

Where G is the gravitational constant 6.67 × 10−11Nm2

Kg2 ,

∆ρ is density contrast (Kg

m3 ), R is the radius , D is the
depth and χ is the measurement offset. The minima we got
at χ = 0 is called the cavity centre. By varying the offset
value, we get anomalies at the surface. For the cavity detection
problem, here we have two cavity specifications to determine,
i.e., D and R. The units of gravimeter data are in milligals
(mGal) or microgals (µGal). 1 gal is equal to 10−2 m/s2.
To enhance the model’s robustness, small perturbations [46]
were introduced into the synthetic data, ensuring more accurate
predictions when applied to real-world datasets. This method
helps bridge the gap between synthetic simulations and actual
data, improving the model’s performance and reliability in
practical applications. X = f(X + ϵ); where ϵ ∼ N (0, σ2I)
is a normal distribution with mean 0 and covariance σ2I .

C. Feature Vector from Gravity Anomaly

To apply the cylindrical and spherical cavity detection
model as a graph machine-learning problem, we define a fea-
ture vector comprising anomalies ∆g in particular directions
and density contrast ∆ρ. With the assumption that density
contrast can be approximated for cavity detection problems,
it can be used as a feature to improve the prediction of
cavity specifications. For single cavity detection, varying offset
values generate multiple anomaly points, creating a feature
vector [∆ρ,∆g1,∆g2, . . . ,∆g21]

T . The model is trained with
depth D as the target. Once D is calculated, R is determined
using Table II. This method requires input as graph data, where
each node represents a feature vector corresponding to a cavity.

D. Gravity Graph For Cavity (GGFC)

The Gravity Graph For Cavity (GGFC) is a structured repre-
sentation of cavities, where nodes correspond to a cavity, and

This article has been accepted for publication in IEEE Transactions on Artificial Intelligence. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TAI.2025.3648693

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: INDIAN INSTITUTE OF TECHNOLOGY DELHI. Downloaded on January 15,2026 at 05:17:41 UTC from IEEE Xplore.  Restrictions apply. 



4 JOURNAL OF IEEE TRANSACTIONS ON ARTIFICIAL INTELLIGENCE, VOL. 00, NO. 0, MONTH 2020

edges define spatial and feature-based relationships between
them. This graph-based framework captures the geometric and
physical interactions between cavities, aiding in the prediction
of depth, and from depth subsequently radius using Table II.
The construction of GGFC is based on two key principles:
graph learning with K-Nearest Neighbors (KNN) and graph
learning with the smoothness property.

Each node in the graph represents a distinct cavity, and
connectivity is established using the KNN graph. In this
approach, a vertex v ∈ V is connected to its K most similar
gravitational anomalies and the same density contrast. Each
vertex is represented in a d-dimensional space, where the fea-
ture vector consists of anomaly points and the corresponding
density contrast, such that v ∈ Rd×1. The edges are weighted
using the Gaussian Radial Basis Function (RBF) kernel [47]:

Wij = exp

(
−∥Xi −Xj∥2

2σ2

)
(1)

where Xi and Xj are feature vectors corresponding to the ith

and jth locations, respectively, and σ controls the similarity
region. In our case, Gravimeter measurements are taken at 1-
meter intervals along the X-axis, resulting in d = 22 (including
density as a feature).

To enhance the graph structure, the smoothness property of
graph signals is incorporated. The feature matrix is defined
as: X = [X1, X2, . . . , Xn]

T ; where Xi represents the feature
of the ith cavity shape. The assumption is that features
vary smoothly across connected nodes [48], meaning cavities
with similar features should have a high edge weight. The
smoothness is quantified using the Dirichlet energy:

DE =
1

2

∑
i,j

wij ∥Xi −Xj∥2 (2)

A lower Dirichlet energy value indicates a smoother graph
representation [48], [49]. The weighted adjacency matrix W
is learned by minimizing Dirichlet energy while enforcing
sparsity constraints:

w := arg min
w∈ wm

1

2

∑
i,j

wij ∥Xi −Xj∥2−α1⊤log (Sw)+β∥w∥22

(3)

where α > 0 and β ≥ 0 control graph connectivity and
sparsity. The term ∥w∥22 ensures sparsity, while 1⊤ log (Sw)
enforces connectivity. S is the linear operator satisfying Sw =
W1. In this work, we have considered graph structures with
positive weighted edges. This convex optimization problem
is efficiently solvable [38], [48]. The final graph, constructed
for cylindrical and spherical models, represents the spatial
relationships between cavities.

E. Cavity Specification Prediction

The GGFC, as previously discussed, is further integrated
with graph-based semi-supervised learning frameworks to pre-
dict cavity specifications such as depth and, therefore, radius.

Fig. 2: GGFC: A graph-based model where each node repre-
sents a cavity. The features of each node include the gravity
anomaly value at the center of the cavity and its density
contrast.

Our model-agnostic framework seamlessly integrates with
both traditional machine learning algorithms and deep learning
models, enabling flexible and efficient cavity characterization.

1) Laplacian Regularized Least Squares (LapRLS): Cavity
specifications, such as depth and radius, are influenced by
gravitational anomalies and density distributions at various
locations. Given l labelled cavity samples (xi, yi), where
i = 1, 2, ..., l, and u unlabeled cavity (xj), where j =
l+1, l+2, ..., l+u, we define a Mercer kernel function k(., .)
to capture spatial relationships between cavities. The LapRLS
model [50] minimizes the following objective:

min
f∈H

1

l

N∑
i=1

(yi − f(xi))
2 + γA∥f∥2 +

γB
(u+ l)2

fTLf (4)

where f = [f(x1), f(x2), ..., f(l+u)]T , and L = D−W is
the graph Laplacian, with Wij representing spatial connectiv-
ity between cavity locations. The diagonal matrix D is given
by Dii =

∑
j Wij . The hyperparameters γA and γB control

the trade-off between fitting labeled cavity data and enforcing
smoothness over the graph structure.

This formulation allows cavities with known depth labels to
influence nearby unlabeled cavities, ensuring that depth esti-
mation remains consistent with observed gravitational anomaly
patterns.

2) Graph-Based Learning for Cavity Specification Predic-
tion: After constructing the cavity graph, a Graph Neural
Network (GNN) is employed to learn cavity representations
by aggregating information from neighboring nodes. Through
iterative message passing, the GNN captures spatial and struc-
tural relationships, allowing the model to refine predictions
for unlabeled cavities based on the features of their labeled
neighbors. Each node in the graph represents a cavity, with
edges capturing spatial and feature-based relationships such
as gravity anomalies and density contrast. The depth of an
unlabeled cavity is predicted by aggregating information from
its labeled neighbors.
Graph Convolutional Network (GCN): In GCN, cavity
depth estimation is achieved by aggregating information from
neighboring cavities [51]. Each node i represents a cavity,
and N(i) denotes its neighbouring cavities based on gravity
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Fig. 3: GGFC framework: The input graph, consisting of both labelled and unlabeled nodes along with its adjacency matrix, is
processed through the GNN/LapRLS framework. The updated adjacency matrix is then used to reconstruct the graph, enabling
label prediction (depth) for unlabeled nodes.

TABLE III: GNN Architectures and Aggregation Mechanisms

Model Aggregation Formula
GCN h

(l+1)
i = σ

(
b(l) +

∑
j∈N(i)

1
cij

W (l)h
(l)
j

)
GraphSAGE h

(l+1)
N(i)

= mean
(
{h(l)

j : j ∈ N(i)}
)

h
(l+1)
i = σ

(
W · concat(h(l)

i , h
(l+1)
N(i)

) + b(l)
)

h
(l+1)
i =

h
(l+1)
i

∥h(l+1)
i ∥2

GAT e
(l)
i,j = aT concat(Wh

(l)
i ,Wh

(l)
j )

α
(l)
i,j = softmaxi

(
LeakyReLU(e

(l)
i,j)

)
h
(l+1)
i = σ

(∑
j∈N(i) α

(l)
i,jWh

(l)
j

)

anomalies and density contrast. The cavity features h
(l+1)
i

are computed by summing the transformed features h
(l)
j from

neighboring cavities j, weighted by a learnable matrix W (l).
The normalization factor cij ensures that highly connected
cavities do not dominate the learning process. The bias term
b(l) allows the network to capture additional variance in cavity,
and the activation function σ(.) (such as ReLU) introduces
non-linearity, enabling better generalization in cavity depth
prediction.
GraphSAGE: Instead of aggregating all neighbouring features
like GCN, GraphSAGE samples and aggregates features from
a subset of neighboring cavities, making it scalable for large
datasets [52]. The representation of a cavity node is updated
using both its own feature and a mean-pooling operation
over its neighbors. The concatenation function in GraphSAGE
combines the self-feature h

(l)
i with the aggregated neighbor

features h
(l+1)
N(i) . The weight matrices Wself and Wneigh con-

trol the influence of the cavity’s own representation and its
neighbors, respectively. Finally, L2 normalization ensures that
feature magnitudes remain stable across layers. This learning
approach allows the model to predict cavity specifications for
unlabelled cavities.
Graph Attention Network (GAT): In GAT, rather than
treating all neighboring cavities equally, the model assigns dif-
ferent importance levels to each neighbor through an attention
mechanism [53]. The attention coefficient αij determines how
much influence cavity j has on cavity i based on their feature
similarity. This is computed using a learnable attention vector
a and a concatenation operation, followed by a LeakyReLU

activation function. The softmax function normalizes the atten-
tion scores across all neighbors. The final cavity representation
h
(l+1)
i is obtained as a weighted sum of neighboring cavity

features, ensuring that cavities with stronger gravity anomalies
and density contrast similarities exert a greater impact on depth
prediction. This adaptive weighting mechanism makes GAT
highly effective in cases where gravity anomalies and density
contrast vary across different cavity formations, allowing the
model to prioritize more relevant neighboring features for
accurate depth estimation.

Each of these models provides a unique approach to propa-
gating and refining cavity features. By leveraging these GNN
architectures, cavity depth and radius predictions can be sig-
nificantly improved by capturing complex spatial relationships
within geological structures.

Based on these formulations, we propose a graph-based
framework called Gravity Graph For Cavity (GGFC), illus-
trated in Figure 3.

3) GGFC-LapRLS: The GGFC-LapRLS algorithm follows
a three-step approach. First, a dataset is created by assuming
the cavity follows a known geometric shape, such as a cylin-
der or sphere, and generating synthetic anomaly points with
density variations. This generated data is combined with real
data to form a dataset D ∈ Rn×d. In the second step, a graph
is constructed using GGFC with KNN-based graph learning,
where l labelled samples D ∈ Rl×d and u unlabeled samples
D ∈ R(n−l)×d are incorporated, ensuring n = l+u. This graph
representation captures structural variations within the dataset.
In the final step, the Laplacian Regularized Least Squares
(LapRLS) method is applied to predict cavity depth (D). The
LapRLS algorithm leverages the graph structure to enforce
smoothness in label predictions, ensuring that nearby samples
in the graph have similar estimated labels, thereby improving
prediction accuracy. Once the depth is estimated, the cavity
radius (R) is computed using the equations in Table II.
This approach integrates graph learning with semi-supervised
regression for accurate cavity specification estimation.

4) GGFC-GNN: The GGFC-GNN algorithm also consists
of three key stages. Initially, data is generated by assuming
a predefined cavity shape (cylindrical or spherical) and in-
troducing synthetic anomaly points with density variations.
These are merged with real data to form a dataset D ∈ Rn×d.
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In the second step, a graph is constructed using GGFC
with Smooth Signal Learning, where both l labelled points
D ∈ Rl×d and u unlabeled points D ∈ R(n−l)×d are utilised,
ensuring n = l + u. This graph representation helps in
capturing complex relationships between the sampled points.
A Graph Neural Network (GNN) is trained to predict cavity
depth (D) at the node level, leveraging both node features
and connectivity structure. The GNN aggregates information
from neighbouring nodes through message passing, enabling
effective generalization in a semi-supervised to infer cavity
depth for unlabeled nodes. Once the depth (D) is estimated,
the cavity radius (R) is computed using the corresponding
equations in Table II. This deep learning-based approach
enables robust and scalable predictions of cavity parameters,
making it well-suited for complex and large-scale datasets.

Algorithm 1 GGFC-LapRLS: Depth Prediction
Input: Feature Matrix Xl, Label Matrix Yl, kernel function k
Output: Depth: Yu, and f(x) =

∑l+u
i=1 αik(x, xi)

1: Generate labeled data Xl, Yl (Table I).
2: Combine real and synthetic data: Xn = [Xl;Xu] ∈ Rn×d

3: Construct a KNN graph on Xn; compute graph Laplacian L ∈
Rn×n

4: Compute kernel Gram matrix K ∈ Rn×n using kernel k(xi, xj)

5: Define Y ∈ Rn: Y = [Yl;0u]
6: Define J ∈ Rn×n: J = diag(1, . . . , 1︸ ︷︷ ︸

l

, 0, . . . , 0︸ ︷︷ ︸
u

)

7: Solve for α⋆ ∈ Rn:

α⋆ =

(
JK + γAlI +

γBl

n2
LK

)−1

Y

8: Return prediction function: f(x) =
∑n

i=1 αik(x, xi)

Algorithm 2 GGFC-GNN: Depth Prediction
Input: Feature matrix (Xl), Label matrix (Yl)
Output: Depth (Yu)

1: Generate labeled data Xl, Yl (Table I).
2: Real data points Xu

3: Construct graph G(V,E,W ) using Xl +Xu via smooth signal
learning.

4: Compute node embeddings using GCN, GraphSAGE, or GAT
(Table III).

5: Train GNN on (Xl, Yl) and learned parameter θ
6: Predict Yu = Fθ(Xu)

Remark: In our empirical evaluation, we have considered the
problem in a transductive setting; however, GGFC-LapRLS
can also be used for an inductive setting. We have devel-
oped gravity anomaly analysis methods leveraging graph-
based frameworks in both traditional machine learning and
deep learning paradigms. Experimental evaluations demon-
strate that both frameworks exhibit competitive performance
in gravimetry analysis. While the RLS method is outperformed
by the GNN-based approach, the traditional framework, due to
its significantly smaller parameter count, is better suited for

deployment on portable or handheld devices and in drone-
based monitoring systems.

IV. EXTENSION OF GGFC-GNN FOR IRREGULAR
MODELS

In this section, we extend the GGFC-GNN framework to
handle Irregular Models for both single and more than one
cavity.
Gravity data involves calculating the gravity anomaly at
the Earth’s surface caused by a subsurface density distribu-
tion. Figure 4 provides a schematic overview of the prism-
observation point configuration. Numerically, the process in-
volves discretizing the subsurface into N rectangular prisms
of density contrast ρj and observing gravity at M points on
the Earth’s surface.

Y

X

Z

0

P(a, b, c)

Q(ξ, η, ζ)

ρ(ξ, η, ζ)

Fig. 4: Schematic representation of the relationship between
an anomalous 3D rectangular prism and gravity measurement
point P(a, b, c) at the surface.

The vertical anomaly, gi at P (a, b, c) due to prism is given
by the analytical formula [54]:

gi = −Gρj

2∑
p=1

2∑
q=1

2∑
s=1

µpqs

[
xp ln(yq + rpqs)+

yq ln(xp + rpqs)− zs arctan

(
xpyq
zsrpqs

)]
. (5)

where G is the universal gravitational constant, µpqs =
(−1)p+q+s is the alternating sign for each prism corner,
xp = a − ξp, yq = b − ηq , and zs = c − ζs are the
relative distances between the observation point P (a, b, c) and
the prism corner Q(ξp, ηq, ζs), and rpqs =

√
x2
p + y2q + z2s is

the distance between P and the corner Q. The coordinates
(ξp, ηq, ζs) define the eight corners of the rectangular prism,
where ξp ∈ {ξ1, ξ2}, ηq ∈ {η1, η2}, and ζs ∈ {ζ1, ζ2}.
This expression is evaluated over all eight corners of the
prism, summing their contributions with the appropriate sign.
The total gravity at a given observation point is obtained by
summing the contributions from all prisms in the subsurface
model.

A. Data Generation

In this study, we generate synthetic gravity anomaly data using
a block model discretized into a 21 × 12 grid of rectangular
prisms, as we consider 21 observation points along the surface
and a depth of 12 m. Each prism represents a unit block
of 1 m3, with depth extending from the surface z = 0 m
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to −12 m. Subsurface cavities are simulated by introducing
clusters of blocks within the grid. Depending on the sample,
these may form a single connected cluster or multiple clusters.
Each cluster typically consists of 20–30 blocks, and cavity
blocks are assigned a negative density contrast randomly sam-
pled between −2500 and −1500, kg/m3. The vertical gravity
anomaly at 21 evenly spaced surface stations is then computed
using the analytical solution for rectangular prisms, and the
overall response is obtained by summing contributions from
all cavity blocks. Each dataset sample, therefore, contains the
density contrast, the gravity response at all observation points,
and the binary block labels that specify the cavity geometry,
where (1) denotes a cavity and (0) denotes the background.
This dataset includes samples with both single cavities and
more than one cavity.

B. Loss Function.

We formulate the cavity detection problem as a binary clas-
sification task, where each block in the subsurface model is
classified as either cavity (1) or background (0). To handle the
strong imbalance between cavity blocks and the much larger
background, we use the Dice Loss. For N training samples,
with predicted probabilities ŷ(i) ∈ [0, 1]S and ground truth
labels y(i) ∈ {0, 1}S (where S is the number of blocks per
sample), the Dice coefficient for the i-th sample is

Dice
(
y(i), ŷ(i)

)
=

2
∑S

j=1 y
(i)
j ŷ

(i)
j∑S

j=1 y
(i)
j +

∑S
j=1 ŷ

(i)
j

. (6)

The Dice Loss is then defined as

LDice = 1− 1

N

N∑
i=1

Dice
(
y(i), ŷ(i)

)
. (7)

This formulation directly maximizes the overlap between
predicted cavity probabilities and true cavity locations, making
it well-suited for the binary classification nature of the task
and particularly effective in addressing the class imbalance
inherent in gravity inversion problems.

V. HOMOPHILY ANALYSIS

Homophily in graphs is typically defined based on similarity
between connected node pairs, where two nodes are considered
similar if they share a similar node label. Homophily ratio is
defined based on [55]. While there exist multiple metrics to
quantify homophily, e.g, the label smoothness defined in [56]
or the network assortativity in [57]. We adopt assortativity as
it is easily generalised to nodes and edges.
Definition 1: Label-Based Homophily
Given a graph G(V,E) and a node label vector y, the edge
homophily ratio quantifies how often connected nodes share
the same label. Formally:

h (G, {yi; i ∈ V }) = 1

|E|
∑

(j,k)∈E

1 (yj ∼ yk) (8)

where |E| is the total number of edges in the graph and
1 is the indicator function that returns 1 when the labels
are similar and 0 otherwise. This metric captures the global

proportion of label-consistent edges and is widely used to
assess the suitability of a graph for label-based tasks such
as node classification. Graphs with h(·) close to 1 are con-
sidered highly homophilous, which typically supports better
performance in learning tasks that rely on neighbourhood
consistency (typically, 0.5 ≤ h(.) ≤ 1).

Definition 1.1: Global Node Label Assortativity
Global assortativity captures the overall structural tendency
of nodes with similar labels to be connected across the entire
graph. It serves as a correlation coefficient between node label
similarity and network connectivity, providing a single scalar
that reflects global homophily:

rglobal
n =

∑
i eii −

∑
i aibi

1−
∑

i aibi
(9)

where eij denotes the fraction of edges connecting nodes
of type i and j, and ai =

∑
j eij , bj =

∑
i eij represent

the marginal distributions. A value of rglobal
n → 1 indicates

strong global homophily, while values near 0 suggest random
mixing. This measure complements the edge homophily score
by accounting for distributional imbalance in label frequencies
and edge patterns. In practice, higher global assortativity
often correlates with improved classification accuracy, as label
information tends to be more coherently clustered [57], [58].

Definition 1.2: Local Node Label Assortativity
Local assortativity focuses on individual nodes and evaluates
the label agreement within their immediate (1-hop) neigh-
borhood. It enables more fine-grained analysis of local label
consistency, revealing structural or semantic variations that
global metrics might miss. It is defined as:

rlocal
n (u) =

|{v : v ∈ N(u) ∧ yu ∼ yv}|
|N(u)|

; u ∈ V (10)

where N(u) denotes the 1-hop neighbors of node u. High
local assortativity values indicate that a node is surrounded
by similarly labeled nodes, which typically benefits local
aggregation-based models like GCNs. By examining local
consistency, this metric helps identify heterogeneous regions
of the graph and may guide neighbourhood-aware model
design or preprocessing [57], [58].
Together, these measures offer complementary perspectives
on how label information aligns with graph structure. In our
experiments, we observe that graphs with higher global and
local homophily measures tend to support better downstream
classification performance, particularly for methods that rely
on neighborhood similarity or smoothness assumptions.

In graph-based models, we aim to learn a weighted ad-
jacency graph that accurately represents the underlying data
distribution PX . A key principle in constructing such a graph is
homophily, which states that similar data points in the feature
space should have similar attributes or labels. Graph-based
semi-supervised learning utilizes homophily to infer missing
label information. If two data points, Xi and Xj , are close in
the intrinsic distribution PX (i.e., they share similar features),
their conditional distributions should be similar. Consequently,
the label vectors for Yi and Yj should either be the same or
highly similar. By constructing a graph with connected nodes
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(a) Cylindrical model (b) Spherical model

Fig. 5: Visualization of the Gravity Graph for Cavity (GGFC) and corresponding edge heatmaps for (a) a cylindrical model
and (b) a spherical model.

sharing feature similarities, the label information is propagated
from labelled to unlabeled nodes based on proximity, assuming
connected nodes have similar attributes and labels.

VI. EXPERIMENTS

In this section, we present the experimental results of our
proposed algorithms, GGFC-LapRLS and GGFC-GNN. We
begin by conducting the homophily test, which validates the
applicability of graph-based methods to cavity detection prob-
lems. Next, we assess the robustness of our approach in han-
dling noisy data, assumed to be generated by the gravimeter
and its surroundings. For benchmarking, we compare GGFC-
LapRLS with Regularized Least Squares (RLS), and GGFC-
GNN with Neural Networks (NN) [14], U-Net [34], and
XGBoost (XGB) [59]. Finally, we evaluate our method on real
gravimeter survey data for cavity detection and compare its
performance with a previous Neural Network-based approach
[14]. The source code is available at GGFC

A. Analysis of Cylindrical and Spherical Models

1) Dataset Generation: We generate gravity anomaly
datasets containing 100, 500, 1000, 1500, 2000, 2500, and
10000 samples based on cylindrical and spherical subsur-
face structures using Table I. For each sample, the radius
R ∼ U(1.0, 4.0) m, depth to center D ∼ U(2.0, 10.0) m,
and density contrast ∆ρ ∼ U(−2500,−1500) kg/m3 are
drawn from uniform distributions over their respective ranges.
Samples that violate the physical constraint R < D/2 are
discarded to ensure realistic geometries. To simulate real-life
measurement conditions, zero-mean Gaussian noise with a
variance of 0.1 is added to the gravity anomaly values [60].
Each sample comprises 21 gravity anomaly readings measured
at surface offsets uniformly spaced in the range [−10,+10] m.

2) Homophily Analysis: We conducted experiments to val-
idate the hypothesis that similarity cavities through stronger
connections between nodes with similar features enhance the
performance of graph-based cavity models. By applying the
smoothness assumption over connected nodes, we expect that
nodes with stronger weights will share similar labels. This
guiding principle aims to improve the accuracy of predictions
made by the graph-based cavity models.
1. Feature-based Graph of Cavities: A sparse graph and
a heatmap Figure 5 describe the connections of the cavities.

Global and Local homophily across different performance
metrics validate the hypothesis shown in Table IV.

TABLE IV: Global and Local Node Label Assortativity As-
sociated with Models Under Study

Feature based GGFC
Test-Model Global Local
Cylindrical 0.52 0.55
Spherical 0.53 0.55

The graphs presented for both cylindrical and spherical
models in Figure 5 provide strong empirical evidence sup-
porting the hypothesis that nodes with similar features tend to
share similar labels when they are connected within a graph.
This finding underscores the potential of utilizing graph-based
models to achieve accurate results in cavity detection.

3) Graph Learning: For the GGFC-LapRLS framework, a
distance-based KNN method is used, where each node con-
nects to its three nearest neighbors (K = 3). The edge weights
are computed using an RBF kernel, and the resulting weighted
adjacency matrix is used to derive the graph Laplacian (L).

For the GGFC-GNN framework, the graph structure is
learned directly from the input features through a data-driven
optimization process discussed in equation 3. Edge weights are
initialized from a Gaussian distribution (µ = 0.5, σ = 0.01),
where µ denotes the mean and σ represents the standard
deviation. The weights are updated over 5,000 iterations of
projected gradient descent [61] with hyperparameters α = 1.0,
β = 2.0, and a learning rate η = 0.001. After convergence,
only the top-weighted edges are retained to form a sparse
adjacency matrix, preserving 5% of edges for GraphSAGE,
0.02% for GCN, and 0.1% for GAT.

4) Performance evaluation of GGFC-RLS and GGFC-
GNN: After performing a homophilic test and verifying that
the data is homophilic, the performance of the GGFC-LapRLS
and GGFC-GNN models is evaluated using simulated training
data generated from cylindrical and spherical models. Each
dataset consists of 1000 samples, where the input data Xi =
f(∆g,∆ρ) and the corresponding labels Yj represent cavity
depth, making it a node-level regression problem.

Graphs are constructed using KNN for GGFC-LapRLS and
graph learning via smoothness for GGFC-GNN. The dataset
is initially split in an 80:20 ratio into training and testing
sets. The testing set is further divided equally into validation
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(a) Cylindrical Model (b) Spherical Model

(c) Cylindrical Model (d) Spherical Model

Fig. 6: (a, b) Variation of R2-score and (c, d) Mean Squared Error (MSE) with different training sample sizes for the Cylindrical
and Spherical models. All values are averaged over five runs.

TABLE V: R2 scores with different methods across GGFC-
GNN, GGFC-LapRLS, and traditional approaches using cylin-
drical and spherical models (Values shown are the mean and
standard deviation, averaged across 5 runs)

Category Method Cylindrical Model Spherical Model

GGFC-GNN
SAGE 0.97± 0.01 0.95± 0.01

GCN 0.93± 0.01 0.90± 0.02

GAT 0.93± 0.02 0.91± 0.01

GGFC-LapRLS
LapRLS 0.94± 0.02 0.90± 0.02

RLS 0.68± 0.03 0.55± 0.03

Traditional
XGB [59] 0.90 ± 0.01 0.89 ± 0.01
NN [14] 0.90± 0.02 0.88± 0.02

LP [40] 0.60± 0.02 0.59± 0.02

CG [28] 0.55± 0.01 0.57± 0.02

and final testing subsets. Model performance is evaluated
using both the coefficient of determination (R2) and the mean
squared error (MSE) as evaluation metrics.

For GGFC-LapRLS, the model is benchmarked against

the Regularised Least Squares (RLS) method, showing that
incorporating graphs improves prediction accuracy. Similarly,
for GGFC-GNN, GraphSAGE, Graph Convolutional Networks
(GCN), and Graph Attention Networks (GAT) are evaluated
and compared with a Neural Network (NN) baseline [14]. The
connectivity of the graph is crucial for GNN performance in
downstream tasks, as the node connections influence how well
dependencies are captured and information is propagated [62].
As GraphSAGE outperforms other GNN and NN models and
LapRLS performs better than RLS, we choose to compute the
R2 score and MSE on different labelled datasets, as shown in
Figure 6. The results, presented in Tables V, show that both
models benefit from graph integration. The performance metric
is sensitive to the sparsity index. So varying the sparsity index
significantly improves the performance of GCN and GAT.
This improvement is reflected in the higher R2 scores, which
indicate a stronger correlation between the predicted and actual
values, and thus a better overall fit to the data. For comparison
with traditional methods, we use Laplace Propagation (LP)
and the Conjugate Gradient (CG) approach, which demonstrate
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significantly lower performance.
In this study, performance is influenced by the level of graph

sparsity, which we tune individually for each architecture. We
report the best-performing results for each method accordingly.
Under this setting, GraphSAGE outperforms other architec-
tures. While GAT and GCN also show strong performance,
their results could vary with different sparsity configurations.

5) Impact of noise on model performance: This subsection
evaluates the performance of our proposed method in noisy
environments. Noise in gravimeter data measurement affects
accuracy and precision, arising from electronic, mechanical,
and temperature variations. Instrument noise, which remains
relatively constant across locations, is primarily addressed
during graph construction.

To assess robustness, we train the model with constant noise
levels of 5%, 10%, and 20%, reflecting real-world variations.
Additionally, we introduce Gaussian noise with zero mean
and variances of 3%, 5%, and 8% to simulate practical noise
intensities.

Despite noise interference, the model maintains strong per-
formance for both cylindrical and spherical models. A higher
R2 score indicates resilience, as shown in Tables VI and VII.

TABLE VI: R2 scores with different noise levels for both
cylindrical and spherical models (Values shown are the mean
and standard deviation, averaged across 5 runs)

Noise (GGFC-LapRLS) R2 Score
Cylindrical Model Spherical Model

5% 0.94± 0.01 0.90± 0.01
10% 0.94± 0.02 0.90± 0.03
20% 0.94± 0.03 0.90± 0.03

3%-Gaussian 0.92± 0.02 0.86± 0.02
5%-Gaussian 0.89± 0.02 0.84± 0.03
8%-Gaussian 0.85± 0.03 0.82± 0.03

TABLE VII: R2 scores with different noise levels for both
cylindrical and spherical models (Values shown are the mean
and standard deviation, averaged across 5 runs)

Noise (GGFC-GNN) R2 Score
Cylindrical Model Spherical Model

5% 0.97± 0.01 0.95± 0.01
10% 0.97± 0.01 0.95± 0.01
20% 0.96± 0.01 0.94± 0.01

3%-Gaussian 0.95± 0.02 0.94± 0.03
5%-Gaussian 0.94± 0.02 0.89± 0.02
8%-Gaussian 0.92± 0.02 0.84± 0.03

B. Ablation Study

To evaluate the contribution of individual components in
the GGFC-GNN’s smooth signal-based graph learning frame-
work, we conduct an ablation study by selectively removing
regularisation terms from the original optimisation objective
(Equation 3). The first term in the objective enforces smooth-
ness via Dirichlet energy, the second term promotes graph
connectivity, and the third term encourages sparsity. We assess
the impact of each component using the R2 score and MSE
on both cylindrical and spherical cavity models.

a) Without Sparsity Constraint: We first examine the role
of the sparsity-promoting ℓ2 regularization term by removing
it from the objective. This configuration evaluates the effect
of sparsity enforcement on the learned graph structure. .

TABLE VIII: R2 Score and MSE without sparsity constraint
(Values shown are the mean and standard deviation, averaged
across 5 runs).

Metric Cylindrical Model Spherical Model
R2 Score 0.91 ± 0.01 0.92 ± 0.01

MSE 0.32 ± 0.05 0.26 ± 0.06

b) Without Connectivity Regularizer: Here, the
connectivity-promoting regularisation term is removed
to analyse its contribution to both the structural properties of
the graph and predictive performance.

TABLE IX: R2 Score and MSE without connectivity regu-
larizer (Values shown are the mean and standard deviation,
averaged across 5 runs).

Metric Cylindrical Model Spherical Model
R2 Score 0.91 ± 0.01 0.90 ± 0.01

MSE 0.23 ± 0.02 0.20 ± 0.02

c) Without Connectivity and Sparsity (Pure Smoothness):
Here, we retain only the Dirichlet energy term to isolate the
effect of smooth signal learning without any regularization.

TABLE X: R2 Score and MSE with only Dirichlet energy min-
imization (Values shown are the mean and standard deviation,
averaged across 5 runs).

Metric Cylindrical Model Spherical Model
R2 Score 0.90 ± 0.01 0.88 ± 0.02

MSE 0.31 ± 0.02 0.37 ± 0.02

d) Kernel Ablation Study: To assess the impact of the
kernel function, we replace the RBF kernel in GGFC-LapRLS
with a polynomial kernel. The results show a clear decline in
performance, confirming the superiority of the RBF kernel for
modeling complex gravitational features.

TABLE XI: R2 Score and MSE for polynomial kernel (de-
gree 3) (Values shown are the mean and standard deviation,
averaged across 5 runs).

Metric Cylindrical Model Spherical Model
R2 Score 0.91± 0.01 0.85± 0.02

MSE 0.28± 0.05 0.58± 0.12

e) KNN Graph Construction with GraphSAGE: We ex-
plore the effect of using a K-nearest neighbors (KNN) graph
in combination with GraphSAGE for feature aggregation. This
configuration improves local structural learning and enhances
depth estimation accuracy.
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TABLE XII: R2 Score and MSE for GraphSAGE using KNN
graph (Values shown are the mean and standard deviation,
averaged across 5 runs).

Metric Cylindrical Model Spherical Model
R2 Score 0.96± 0.01 0.95± 0.01

MSE 0.15± 0.02 0.14± 0.01

f) Smooth Signal Learning with LapRLS: Finally, we
evaluate the use of Laplacian Regularized Least Squares
(LapRLS) to enforce smoothness in the label space. The
results affirm the importance of leveraging graph structure for
accurate cavity depth estimation.

TABLE XIII: R2 Score and MSE for LapRLS using smooth
signal learning (Values shown are the mean and standard
deviation, averaged across 5 runs).

Metric Cylindrical Model Spherical Model
R2 Score 0.92± 0.01 0.89± 0.01

MSE 0.28± 0.02 0.37± 0.04

These ablation results collectively highlight the significance
of each regularization component, kernel selection, and graph
construction strategy in the performance of our proposed
GGFC-GNN framework.

C. Factors Affecting Radius Accuracy

In the context of error propagation, the radius depends on
the depth—predicted by models such as GGFC-GNN and
GGFC-RLS—as well as on the gravity anomaly (∆g) and the
density contrast (∆ρ). While ∆g is directly measured using a
gravimeter and ∆ρ is typically assumed based on geological
estimates (since the cavity density is known in this problem),
the depth must often be inferred through model predictions.
As a result, uncertainties in all three variables—predicted
depth, measured gravity anomaly, and assumed density con-
trast—contribute to the overall error in radius estimation.

Fig. 7: Box plot showing depth and radius absolute errors for
cylindrical and spherical models.

The box plot illustrates the absolute errors in depth and ra-
dius estimation for cylindrical and spherical models. It reveals
that depth errors are notably higher and more variable than
radius errors in both geometries. Specifically, the cylindrical
depth error shows the largest spread and median, indicating
greater inconsistency, while the spherical radius error is the

most compact and lowest, reflecting high accuracy and sta-
bility. This comparison emphasises that radius predictions are
consistently reliable, whereas depth estimation remains a more
challenging task, especially for cylindrical shapes.

D. Model Robustness to Resolution and Density Fluctuations

To simulate a small density contrast in the subsurface, we
model two buried bodies—a larger outer body and a smaller
inner body with different shapes (cylindrical or spherical)
and densities. The outer body has a density of 1800 kg/m3,
while the inner cavity has a lower density of −1500 kg/m3,
representing a void or low-density region surrounded by
denser material. Based on this setup, we generate gravitational
anomaly data. We create 1000 samples by randomly varying
the depths and radii of the bodies, with depths ranging from
2.0 to 10.0 m and radii ranging from 1.0 to 4.0 m. We also
apply geometric constraints to ensure that both bodies remain
fully buried and that the outer body is always larger than the
inner one. We compute gravitational anomalies at 21 surface
positions for each configuration and add Gaussian noise to
simulate real-world measurement conditions. This data is then
used to evaluate the performance of our two models, GGFC-
GNN and GGFC-RLS, with the results summarised in the
following table.

TABLE XIV: Performance metrics with Density constraint.

Metric Cylindrical Model Spherical Model
R2 Score 0.94± 0.01 0.92 ± 0.01

MSE 0.14 ± 0.01 0.15 ± 0.01

The results demonstrate the effectiveness of our method in
scenarios with low density contrast.

E. Analysis of Irregular Models

In this experiment, we evaluate the performance of a
GraphSAGE-based Graph Neural Network (GGFC-GNN) for
detecting irregular subsurface cavities from gravity anomaly
data. The dataset consists of 2500 samples, with 22 input
features per sample and 252 binary output labels representing
discretized subsurface blocks. The GNN model employs four
SAGEConv layers with dropout, and training uses Dice loss for
binary classification. Early stopping with patience is applied
to prevent overfitting, and results are aggregated over five
random seeds to assess robustness. Model performance is
evaluated using standard metrics, including F1-score, and
Jaccard Index/Intersection of Union (IoU).

While the Intersection over Union (IoU) metric evaluates the
spatial overlap between the predicted cavities and the ground
truth, the F1-score emphasizes the model’s ability to balance
false positives and false negatives. Together, these metrics
provide a comprehensive assessment of both localization and
classification performance. For evaluation, we compare our
method against a UNet-based deep learning approach with
Dice loss for 3D sparse inversion of gravity data as a baseline.
The results of this comparison are presented in Table XV.

The results in Figure 8, and Figure 9 demonstrate the
robustness of the proposed framework in addressing datasets
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Method IoU F1-Score
GGFC-GNN 0.84± 0.01 0.61± 0.01
UNet [34] 0.79± 0.01 0.59± 0.01

TABLE XV: Performance comparison of GGFC-GNN and
UNet

(a) True (b) Predicted

Fig. 8: Comparison of the true cavity model (left) and the
predicted cavity model (right) for Irregular Models using
GGFC-GNN.

(a) True (b) Predicted

Fig. 9: Comparison of the true multi-cavity model (left) and
the predicted model (right) for irregular and spatially separated
cavities.

with Irregular Models, encompassing both single and multiple
cavities. These findings confirm that the extended framework
is adaptable and applicable to a broad spectrum of practical
scenarios.

Fig. 10: Residual gravity anomaly map of the Medford Cave
Site [63], highlighting the locations of five selected profiles
used as real-data test examples.

Our method estimates the cavity centre and radius by
identifying depth ranges from the cavity’s top to bottom,

consistently locating the centre within the cavity. However,
as all methods are designed for single-cavity detection, none
accurately identify profile III due to its multi-cavity structure.

Figure 11 shows the absolute error between predicted cavity
centers and borehole-derived centers, demonstrating minimal
deviations. Additionally, our method captures the cylindrical
nature of Medford Cave and aligns well with real-world
observations. Overall, extensive experiments confirm the ef-
fectiveness of graph-based semi-supervised learning methods
in geoscientific applications.

TABLE XVI: Borehole coordinates (X,Y), density contrasts
∆ρ, and per-profile offsets.

Profile X (m) Y (m) ∆ρ (kg m−3) Offset (m)
I 54.86 67.06 −1660 3.28
II 60.96 39.62 −1680 0.41
III 54.86 36.58 −1720 5.74
IV 32.61 49.38 −1850 11.61
V 33.53 57.91 −1050 10.01

F. Real-World Application and Validation

In Butler’s studies from 1983 [63] and 1984 [12], a mi-
crogravity survey was conducted at the Medford Cave site
using a LaCoste-Romberg model D-4 gravimeter. A total of
420 readings were collected over an 80 m × 80 m area, with
a grid spacing of 6.1 m (20 ft) and a finer 3 m (10 ft) grid
over the central cavity system. Standard corrections, including
tidal, drift, Bouguer, and terrain corrections, were applied.

To assess the accuracy of cavity detection, five profile
lines (I–V), shown in Figure 10, are selected across gravity
anomalies and positioned near boreholes for validation [63].

Table XVI summarizes the borehole coordinates, density
contrasts, and per-profile offsets. Profiles I, II, IV, and V were
used in the MAE calculations, as they are located near the
main negative gravity anomaly. The density contrasts (∆ρ)
range from −1000 to −1900 kg m−3. The offset values for
each profile are also presented. For the preprocessing stage, the
discrete data were interpolated using a geostatistical Kriging
[64] interpolation scheme, and resampling was done at 1 m
spatial spacing. The resulting gravity anomaly is expressed in
microgals (µGal).

Tables XVII–XX present the estimated parameters for these
profiles based on cylindrical and spherical cavity models.
We compare the results of our graph-based LapRLS and
GNN methods with those from a previously developed neural
network approach and corresponding borehole data [14]. Fig-
ure 12 presents the visualization of five profiles obtained using
GGFC-GNN for irregularly shaped cavities, where Profiles
I, II, IV, and V correspond to single cavities, while Profile
III represents a multicavity case. The visualizations further
confirm that the detected cavities lie within the verified range.

VII. LIMITATION

Our framework is specifically designed for microgravity
surveys focused on detecting shallow subsurface cavities, and
its applicability to large-scale or deeper structures remains
limited. This limitation suggests an important direction for
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(a) Cylindrical model (b) Spherical model

Fig. 11: Comparison of Mean Absolute Error (MAE) and Standard Deviation in depth prediction for the Medford cave profiles
using (a) Cylindrical and (b) Spherical models.

TABLE XVII: Cylindrical Model in GGFC-LapRLS: The method defines ‘T’ as the top, ‘B’ as the bottom, ‘D’ as the
center, and ‘R’ as the cavity radius, with all measurements in meters (averaged over five runs).

Anomaly Neural Network GGFC-LapRLS Boring Depth
No. T(m) B(m) D(m) R(m) T(m) B(m) D(m) R(m) T(m) B(m) D(m) R(m)

Profile I 3.19 6.13 4.84 1.65 2.70 5.80 4.25 1.55 2.74 4.41 3.57 0.84
Profile II 3.92 7.20 5.56 1.64 2.47 6.76 5.17 1.59 2.74 5.48 4.11 1.37
Profile IV 2.85 6.11 4.80 1.63 2.61 5.75 4.22 1.53 3.90 7.80 5.85 1.90
Profile V 2.67 6.85 4.76 2.09 1.68 5.24 3.46 1.78 2.71 5.42 4.06 1.36

TABLE XVIII: Spherical Model in GGFC-LapRLS: The method defines ‘T’ as the top, ‘B’ as the bottom, ‘D’ as the center,
and ‘R’ as the cavity radius, with all measurements in meters (averaged over five runs).

Anomaly Neural Network GGFC-LapRLS Boring Depth
No. T(m) B(m) D(m) R(m) T(m) B(m) D(m) R(m) T(m) B(m) D(m) R(m)

Profile I 2.19 6.67 4.93 2.74 1.95 7.15 4.55 2.60 2.74 4.41 3.57 0.84
Profile II 2.49 7.89 5.19 2.70 2.07 7.01 4.54 2.47 2.74 5.48 4.11 1.37
Profile IV 2.22 7.66 4.94 2.72 2.05 7.29 4.67 2.62 3.90 7.80 5.85 1.90
Profile V 1.69 8.11 4.90 3.21 0.89 5.95 3.42 2.53 2.71 5.42 4.06 1.36

TABLE XIX: Cylindrical Model in GGFC-GNN: The method defines ‘T’ as the top, ‘B’ as the bottom, ‘D’ as the center,
and ‘R’ as the cavity radius, with all measurements in meters (averaged over five runs).

Anomaly Neural Network GGFC-GNN Boring Depth
No. T(m) B(m) D(m) R(m) T(m) B(m) D(m) R(m) T(m) B(m) D(m) R(m)

Profile I 3.19 6.13 4.84 1.65 2.05 4.83 3.44 1.39 2.74 4.41 3.57 0.84
Profile II 3.92 7.20 5.56 1.64 2.25 4.87 3.56 1.31 2.74 5.48 4.11 1.37
Profile IV 2.85 6.11 4.80 1.63 2.95 6.11 4.53 1.58 3.90 7.80 5.85 1.90
Profile V 2.67 6.85 4.76 2.09 1.80 5.46 3.63 1.83 2.71 5.42 4.06 1.36

TABLE XX: Spherical Model in GGFC-GNN: The method defines ‘T’ as the top, ‘B’ as the bottom, ‘D’ as the center, and
‘R’ as the cavity radius, with all measurements in meters (averaged over five runs).

Anomaly Neural Network GGFC-GNN Boring Depth
No. T(m) B(m) D(m) R(m) T(m) B(m) D(m) R(m) T(m) B(m) D(m) R(m)

Profile I 2.19 6.67 4.93 2.74 1.31 5.64 3.48 2.17 2.74 4.41 3.57 0.84
Profile II 2.49 7.89 5.19 2.70 1.29 5.27 3.28 1.99 2.74 5.48 4.11 1.37
Profile IV 2.22 7.66 4.94 2.72 1.89 6.93 4.41 2.52 3.90 7.80 5.85 1.90
Profile V 1.69 8.11 4.90 3.21 0.84 5.6 3.32 2.48 2.71 5.42 4.06 1.36

(a) Profile I (b) Profile II (c) Profile III (d) Profile IV (e) Profile V

Fig. 12: Visualization of five profiles from the Medford Cave dataset, where the shaded regions denote cavities and the white
regions represent the background.
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TABLE XXI: Profile III (Multi-Cavity) Results: The profile
represents a multicavity case, and our models accurately
predict the entire range of the cavity structure. The method
defines ‘T’ as the top, ‘B’ as the bottom, ‘D’ as the center,
and ‘R’ as the cavity radius, with all measurements in meters
(averaged over five runs).

Model Type Method T(m) B(m) D(m) R(m)

Cylindrical

Neural Network 5.48 11.14 8.31 2.83
GGFC-LapRLS 5.41 11.05 8.23 2.82
GGFC-GNN 5.68 11.42 8.55 2.87

Boring Depth 4.57 7.92 6.25 1.68
8.68 9.29 8.98 0.31

Spherical

Neural Network 1.94 8.92 5.34 3.49
GGFC-LapRLS 2.09 9.31 5.70 3.61
GGFC-GNN 3.28 12.08 7.68 4.40

Boring Depth 4.57 7.92 6.25 1.68
8.68 9.29 8.98 0.31

future research by extending the GGFC-LapRLS and GGFC-
GNN frameworks to broader survey ranges and large-scale
geological applications.

VIII. CONCLUSION

In this paper, we developed two graph-based methods,
GGFC-LapRLS and GGFC-GNN, for cavity detection from
gravity data in microgravity surveys. Both approaches leverage
spatial relationships and cavity similarities to improve detec-
tion accuracy, with GGFC-GNN achieving higher performance
and GGFC-LapRLS offering lower complexity and faster
training. Our validation on gravity data from the Medford Cave
site using cylindrical and spherical cavity models demonstrates
that both methods can effectively predict cavity specifications
at depths ranging from 1 to 12 meters. Cylindrical and spher-
ical models, in particular, find applications in representing
subsurface voids such as pipelines and storage tanks. To
extend beyond regular geometries, we further developed an
extension of GGFC-GNN capable of detecting irregularly
shaped cavities, thereby enhancing the practical utility of
our framework in realistic geological settings where cavity
boundaries deviate from idealized forms. Moreover, our meth-
ods remain robust under noisy conditions, highlighting their
reliability and efficiency for real-world subsurface exploration.
Taken together, these contributions establish a foundation for
accurate and computationally efficient cavity detection across
a broad spectrum of geological and engineering applications.
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