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Abstracts

This article examines the sequential reconstruction of a mineral productive-layer
surface and the qualitative geological parameter distributed across it from
incomplete and noisy spatial data. A software package has been developed to
generate synthetic surfaces and parameter fields, introduce controlled distortions,
form training samples and compare neural network results with those obtained
using classical interpolation methods. In the first stage a fully connected neural
network approximates the signed vertical distance. The surface is determined by
the zero level of the resulting implicit function constructed according to the
Signed Distance Function (SDF) principle. The maximum number of training
epochs was 200. In the second stage a coordinate-based multilayer perceptron
(MLP) uses sparse measurements to reconstruct a continuous qualitative-
parameter field on the reconstructed surface. The effects of number of
observations, coordinate noise, parameter noise, local data gaps and hidden
regions were investigated. Classical methods yielded lower Root Mean Squared
Error (RMSE) and Mean Absolute Error (MAE) values on a smooth surface. For
a vertical discontinuity, the SDF model had the lowest MAE across the entire
range studied and achieved a lower RMSE when the number of points was small.
In the case of local gaps SDF model showed the lowest RMSE and MAE. In the
experiment with a large hidden region, linear interpolation yielded the best overall
RMSE. The second neural network maintained a constant error as parameter noise
increased and enabled rapid re-computation of the field after training. However,
smoothed radial basis function (RBF) interpolation yielded a lower RMSE than
the neural network. The results of the study show that the neural network
approach does not have a universal advantage over common interpolation



methods and should be based on the data structure, required accuracy, and
expected recalculation frequency.
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1 Introduction

In the fields of geological modelling, geomechanics and mining, geological
surfaces are reconstructed from a finite set of coordinate, geodetic or geophysical
measurements (Cheng et al. 2025). Such data may describe productive-layer roof
or floor elevations, geological-body boundaries, mine-opening surfaces, or
sections of rock mass where displacements and deformations are recorded (Li et
al. 2024a). Modern technologies such as laser scanning, aerial surveying and
photogrammetry enable the acquisition of highly detailed spatial data. However,
the results of various monitoring methods may contain systematic and random
discrepancies (Zhan et al. 2024). The resulting three-dimensional geological
models are used to analyze deposit structure, ore-body locations, and the spatial

distribution of qualitative geological parameters under investigation (Liu et al.
2024).

The raw measurement data are typically unevenly distributed, contain
coordinate errors, outliers and local data gaps, and do not provide complete
coverage of the study area. Data gaps, geological heterogeneity and errors in the
mathematical model give rise to uncertainty, which accumulates during the data
acquisition process (Lindi et al. 2024). Spatial reconstruction errors can affect
object shape, reserve volume and component concentration assessments and
consequently affect the quality of subsequent engineering decisions. Recent
geotechnical research has combined sparse site measurements with data-driven
models and domain-informed spatial-correlation representations to estimate
properties at unsampled locations (Chen et al. 2024).

Research into ore quality assessment shows that machine learning methods
can reduce geostatistical processing errors. However, the resulting benefit
depends on the source-data structure, training-sample generation method, and
spatial-validation accuracy (Olmos-de-Aguilera et al. 2023). Therefore a
controlled study of the effects of point density, noise, data gaps, and observation-
region limits is a prerequisite for a valid comparison between methods.

Classical methods for reconstructing geological surfaces and parameter
fields include the nearest-neighbour method, irregular triangulation, linear and
cubic interpolation, the weighted inverse distance method, radial basis functions



and kriging (Kebede et al. 2024; Sadeghi et al. 2024). Comparative studies show
that there is no universally superior interpolation method. Relative accuracy
depends on point density and configuration, field heterogeneity, and the selected
evaluation metric (Bronowicka-Mielniczuk and Mielniczuk 2023; Cui et al. 2025;
Kebede et al. 2024; Sadeghi et al. 2024). Classical methods do not require prior
training and usually have a transparent mathematical interpretation. However,
their results depend directly on the local distribution of measurements. Outside
the convex hull of the input points or in regions where measurements are
distributed too irregularly significant errors may arise, necessitating the
additional interpolation of uncertain values.

A comparative analysis of modern surface reconstruction algorithms also
shows that machine learning-based methods can outperform traditional ones
under consistent training and testing conditions, whilst classical algorithms often
retain greater robustness to defects in real-world data that are not present in the
training set (Ouasfi and Boukhayma 2024; Schirmer et al. 2024; Sulzer et al.
2025). More broadly, data scarcity, interpretability, and reliable generalization
remain central challenges for the practical adoption of artificial intelligence in
geotechnical engineering (Sheil et al. 2026).

Instead of constructing a surface explicitly, it can be represented implicitly
as a level set of a continuous scalar function. One of the best-known approaches
in this class is DeepSDF, in which a neural network approximates the signed
distance function, and the object’s boundary is defined by its zero level (Park et
al. 2019). Implicit representation is not tied to a fixed discretization and allows
function values and derivatives to be computed at any spatial point. The Implicit
Geometric Regularization method demonstrated that an implicit surface can be
trained directly from a point cloud using the zero-level condition and a unit-
gradient-norm constraint (Gropp et al. 2020). The SIREN architecture has
demonstrated that periodic activation functions allow for a more accurate
representation of high-frequency spatial dependencies and the derivatives of
implicit functions (Sitzmann et al. 2020).

Generating training targets for the Signed Distance Function (SDF) is a
significant challenge as the reference surface is usually unknown for real-world
measurements. The SAL (Sign Agnostic Learning) approach enables a latent
representation to be learned from unlabeled data without pre-computed signed
values (Atzmon and Lipman 2020). In Neural-Pull, the network is trained to map
spatial queries to the nearest surface points by jointly utilizing the predicted
distance and its gradient (Ma et al. 2021). These methods demonstrate that a
neural implicit surface can be trained not only through direct regression on known
SDF values, but also via geometric constraints that define the behavior of the
function in the neighborhood of the observed point cloud.



Recent research is developing this approach with a view to improving robustness
against noise, sparsity and geometric ambiguity. In the (p)-Poisson method, the
distance-function properties are defined via differential constraints and the
condition that the gradient field is potential (Park et al. 2023). Neural-Singular-
Hessian utilizes the distance-function Hessian properties to suppress spurious
geometry and recover details from unoriented point clouds (Wang et al. 2023).
The use of sparse convolutional networks allows computations to be concentrated
near the surface and improves reconstruction robustness to measurement noise
(Wang et al. 2024). In SDFConnect, topological constraints are additionally
utilized for reconstruction from a sparse point cloud (Jignasu et al. 2024).
However, for non-closed sheet-like surfaces, the standard partitioning of space
into interior and exterior regions is not always natural. An open surface is defined
as one that has a boundary but does not form a closed shell. Research by IPVNet
shows that, when reconstructing such surfaces, SDF can artificially close data
gaps. Therefore, the choice of SDF, unsigned distance or directed distance
relative to the surface must be justified (Arshad and Beksi 2023).

Reconstructing a scalar field over the surface is a separate task. Such a parameter
may be the valuable-component concentration, density, moisture content, stress,
strain, displacement, mining convergence or displacement velocity. Neural
implicit representations are used not only for geometry but also to reconstruct
continuous physical fields from sparse and irregular observations (Luo et al.
2024). Coordinate neural networks have also been shown to reconstruct scalar
geophysical fields from sparse measurements and compute their spatial
derivatives scalar geophysical fields from sparse measurements (Smith et al.
2025). This provides the basis for developing a sequential system in which the
first model reconstructs the geological surface, whilst the second model
reconstructs the parameter field on either the reference or reconstructed geometry.

A single metric is insufficient for quantitative model evaluation. The Mean
Absolute Error (MAE) characterizes the average absolute deviation, whilst the
Root Mean Squared Error (RMSE) places greater weight on large errors. The
maximum absolute error indicates the greatest local deviation. The coefficient of
determination R? reflects the proportion of the variability in the reference values
explained by the model. The correlation coefficient characterizes the consistency
of spatial variations. Error maps identify regions of reduced accuracy
(Bronowicka-Mielniczuk and Mielniczuk 2023; Sulzer et al. 2025). When hidden
regions are present, the metrics are also calculated separately for the observation
region and for hidden regions.

Despite the active development of neural reconstruction methods, most
studies consider either geometric reconstruction or the interpolation of a single



physical field. How geometry reconstruction errors affect subsequent parameter-
field reconstruction has received considerably less attention.

This study proposes a sequential two-stage approach that first reconstructs the
productive-layer surface and then estimates the parameter field distributed across
it.

In the first stage, an implicit neural network representation of the surface is
constructed from a sparse and distorted point cloud. In the second stage, the
continuous parameter field is reconstructed on the resulting geometry using
sparse parameter values. The additional second-stage error introduced by using
reconstructed rather than reference geometry is also evaluated.

The aim of this study is to develop and investigate a neural network method
for the sequential reconstruction of the geological surface geometry and the
parameter field defined on the surface, based on sparse, incomplete and distorted
measurements, as well as to determine the conditions under which such an
approach outperforms classical interpolation methods.

To achieve this objective, synthetic reference surfaces and parameter fields
are generated. Coordinate noise, parameter noise, sparsity, local data gaps,
outliers and observation-region constraints are simulated.

As part of the study, a neural network model for implicit geometry
representation is trained and a parameter reconstruction model is developed. The
results obtained using neural networks are compared with common interpolation
methods. Reconstruction quality is evaluated separately for the geometry and the
target-parameter field on both reference and reconstructed surfaces. In the final
stage error propagation across the full two-stage pipeline is investigated.

2 Problem Statement

The problem considered in this research is the sequential reconstruction of the
productive-layer surface and its continuous qualitative-parameter field from a
limited set of observations (Figure 1). The input is a discrete point cloud of spatial
measurements:

P = {pi}%\]:p p; = (X, ¥i, 23, t5) (1)

where P is the set of spatial measurements (point cloud); pi is the
measurement vector at the i-th observation point; N is the number of observation
points; xi, yi, and z; are the spatial coordinates of the i-th point; and t; is the
measured value of the qualitative parameter.



Two neural network models are applied sequentially to solve the problem.

At the first stage, the first neural network uses the coordinates x;, yi, and z;
to reconstruct the continuous surface as the zero level of the SDF.

At the second stage, the sparse measured values t; are associated with the
points of the reconstructed surface. These values are used only as targets when
training the second network.

After training, the second network computes the function (x, y, z) at all
surface points, thereby producing a smooth continuous parameter field. This
separation prevents reference-value leakage between the two stages.



The complete two-stage reconstruction workflow is shown in Fig. 1
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Fig. 1 - Sequential reconstruction of the geological surface and qualitative-
parameter field

3 Neural Network Architectures and Training Methods

3.1 First Neural Network: Geological Surface Reconstruction
The first neural network reconstructs only the geological surface. An SDF-
like implicit representation is used in the proposed implementation. The network
predicts a signed vertical distance whose zero level defines the surface. The



qualitative parameter t is not provided as an input to the first model. Its sparse
measured values are retained for training the second network.

A multilayer fully connected perceptron (MLP) that approximates the signed
vertical distance is used to reconstruct the surface (Gropp et al. 2020; Park et al.
2019). The model receives a three-dimensional vector as input:

r=(xyz) (2)

where r is the input vector and x, y, and z are the spatial coordinates of a
point.

The network output is the predicted signed vertical distance to the reference
surface:

s=fo(xy,2) (3)

The reconstructed surface is defined as the set of points for which the
predicted distance is equal to zero:

S={xy.2)lfe(xy z) = 0} (4)

Before training, the coordinates x, y, and z and the target values s are
standardized separately. The mean calculated from the training set is subtracted
from each value, and the result is divided by the corresponding standard
deviation. The same transformation is applied during validation and inference.
Only the means and standard deviations calculated from the training set are used.
This procedure brings the variables to comparable scales and facilitates network
training.

Positional encoding is not used. The standardized coordinates x, y, and z
are supplied directly to the network. The nonlinear relationship between the
coordinates and the function value is learned through a sequence of fully
connected layers with the Softplus activation function (Gropp et al. 2020).

The MLP architecture consists of seven fully connected hidden layers with
256 neurons each and one output neuron. The smooth nonlinear Softplus
activation function is used in the hidden layers:

f5(u) = %ln(l +eP) (5)

where fg(u) 1s the value of the Softplus function for the input argument u,
and B > 0 is a parameter controlling the steepness of the function.

The output layer remains linear because the predicted signed vertical
distance can take both positive and negative values.



The architecture of the first neural network is shown in Figure 2.
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Fig. 2 - Architecture of the first neural network for geometry reconstruction

The network architecture was selected based on preliminary computational
experiments. Seven hidden layers provide sufficient capacity to represent the
nonlinear relationship between the coordinates and the signed vertical distance
while maintaining an acceptable training time.

The Softplus function was selected because of its smoothness, which is
required for approximating a continuous surface.

The hidden-layer activations and the output are computed as follows:
h( = (p(W(l)r + b(l)) (6)
h® = owORD 4 Oy (7)
s = Wo,h™ + by (8)

where r is the input vector; h is the output of a hidden layer; 1 is the layer index;
W and b are the weight matrix and bias vector of the corresponding layer,
respectively; L is the number of hidden layers; W, and boy are the parameters of
the linear output layer; ¢ is the Softplus function. In this study P is assumed to be
equal to 1.

The geometry-model training set consists of spatial points paired with their
reference vertical distances:

D= {(ri, Si),i = 1, ,N} (9)



where D is the first-model training set; ri is the coordinate vector of the i-th point;
si 1s the corresponding reference signed vertical distance; N is the number of
training samples.

Two additional groups of spatial points are generated for training (Figure
3). The first group consists of points located in the vicinity of the surface. These
points are generated by adding a small spatial perturbation to randomly selected
points on the reference surface.

The additional training points are divided into two groups. The first group,
comprising 85% of the points, is generated near the surface, where the zero level
must be estimated most accurately. The remaining 15% form the second group
and are distributed uniformly throughout the three-dimensional bounding box of
the computational domain, thereby constraining the function away from the zero
level.

(a) Near-surface samples (85%)

(b) Samples uniformly distributed within the bounding volume (15%)

Fig. 3 - Generation of additional training points: (a) in the vicinity of the

reference surface; (b) uniformly within the bounding volume



The data for each object is divided into training, validation, and test subsets
using non-overlapping spatial blocks. The training subset is used to up the
network parameters. The validation subset is used to select the best model
checkpoint. The test subset is used only for final accuracy assessment.

The first network is trained using backpropagation with the Adam optimizer
(Kingma and Ba 2015) and the mean squared error loss function. A mini-batch
size of 8192 is used and the maximum number of training epochs is set to 200.
The validation error is calculated after each epoch. The model state corresponding
to the minimum validation error is retained for subsequent use.

After training, the model is applied to a regular computational grid. For
each horizontal coordinate pair (x,y), the function is evaluated at a sequence of
grid points along the vertical z-direction. The reconstructed elevation is
determined from the position of the zero level. In the discrete search procedure,
the grid node with the minimum absolute predicted value is selected. This
procedure allows the neural network reconstruction, the reference surface, and
the classical methods to be compared at the same grid nodes.

Predictions at the computational grid nodes are evaluated in batches. The
full point set is divided into batches, which are sequentially passed through the
model. The resulting predictions are then combined into a single array. This batch
inference procedure limits GPU memory consumption without changing the
calculated values.

An intermediate surface reconstruction is saved every 20 epochs for
diagnostic purposes. The final model state is selected exclusively according to the
minimum validation error. Test data are not used for checkpoint selection.

In the first-network implementation the target value is defined as the signed
vertical distance between the input-point elevation and the reference-surface
elevation at the same horizontal coordinates.

This formulation corresponds to a surface of the form z =1(x, y). A positive
distance indicates that the point is located above the reference surface, whereas a
negative residual indicates that it is located below the surface.

Si = Zi — Zrer(Xip yi) (10)

where xi, yi, and z; are the coordinates of the i-th input point; z.«(Xi, yi) is the
reference elevation at the same horizontal coordinates and s; is the reference
signed vertical distance.

The network parameters are determined by minimizing the mean squared
error:

L= % Zil(fe(xi;Yi» z;) —sp? (11)



where N is the number of training samples; fy is the function represented by the
neural network; 0 denotes the trainable model parameters and s; is the reference
signed vertical distance for the i-th training sample.

3.2 Second Neural Network: Reconstruction of the Geological Parameter
Distribution

After the surface geometry has been reconstructed, the surface S is passed
to the second stage. The input data consist of sparse measurements of the
parameter t at spatial locations. The values of t are not provided as inputs to the
network during prediction. They are used only as target values at the observed
points:

Dy = {(r, t)}L,, ri = (X, yz) (12)

where D; is the set of observations used in the second stage; N is the number of
observations; i is the observation index; r; = (X;,V;, Z;) is the coordinate vector
of the observed point and t; is the measured qualitative-parameter value.

Because measurement locations may not coincide with reconstructed-surface
points, each observation is matched to the nearest point on the reconstructed
surface of the same object:

q; = argmin ||q — rjl[; (13)
qes

where q; 1s the point on the reconstructed surface corresponding to the i-th
observation; q is an arbitrary point on the surface S ; ||q — 13| |2is the Euclidean

distance and argmin selects the point with the minimum distance.

This projection yields the training pairs (q;,t;). The second model is a
coordinate-based multilayer perceptron (MLP) that approximates a continuous
parameter field over the surface:

t@=g,xy2, q€S (14

where t(q) is the predicted value of the continuous parameter field at point q; g ©

is the function represented by the second neural network and ¢ denotes its
trainable parameters.

The second network has four fully connected hidden layers with 128
neurons each. The hidden representations and the output value are computed as
follows:



h® = GELUWOhUD + pD),  1=1,..,4 (15)

t= wouth(4) + boyt (16)

where h® is the output of the 1-th hidden layer; h‘®) is the standardized input
vector; 1 is the layer index; W® and b® are the weight matrix and bias vector of
the corresponding layer; GELU is the activation function; h™® is the output of the
fourth hidden layer and W, ;; and b, are the weight matrix and bias of the linear
output layer.

No activation function is applied in the output layer because the predicted
parameter may take arbitrary real values. After inverse standardization, the
predicted values are expressed in the original units of the parameter. The GELU
activation function is used in the hidden layers (Hendrycks and Gimpel 2016):

GELU(u) = u®(u) (17)

where u is the input value of the activation function, and ®(u) is the cumulative
distribution function of the standard normal distribution.

Before training, the coordinates x, y, and z and the target values t are
standardized separately using the training set. Each variable is centered using its
training-set mean and scaled by its training-set standard deviation. The same
statistics are used for validation, testing and inference. The data is divided using
non-overlapping spatial blocks so that neighboring points from the same region
are not simultaneously included in the training and evaluation subsets (validation
and test).

The Huber loss function is used to reduce the influence of outliers (Huber 1964):

1 .
Lyuber = N N fs (f—t), £5(e) = 2 (18)

where Lyuper is the mean loss value; e; = t; — t; is the prediction error at the i-th
training point; t; is the value predicted by the network; £; is the piecewise-defined
Huber loss function; e is its argument and 6 is the threshold at which the loss
changes from the quadratic to the linear regime.

Optimization is performed using the Adam optimizer with an initial
learning rate of 7-107%. The maximum number of training epochs is set to 1200.
The learning rate is reduced when the validation error stops improving and early



stopping is applied after 120 epochs without improvement. The batch size is 256
observations.

After training, the model takes the coordinates of all reconstructed-surface
points and produces a smooth field {(x, y, z).

The performance of the second stage is evaluated using MAE, RMSE, R?,
the correlation coefficient, and the maximum absolute error. The coefficient of
determination R? indicates how well the model reproduces the variability of the
reference values. The correlation coefficient characterizes the consistency of
spatial variations. The maximum absolute error indicates the largest local
deviation.

To evaluate the propagation of the geometry reconstruction error, the
parameter field is reconstructed in two identical modes. In the first model the
parameter field is reconstructed on the reference surface. In the second model the
parameter field is reconstructed on the surface reconstructed by the first network.
For RMSE, the contribution of the first stage is defined as ARMSE; = RMSE" -
RMSEf, where RMSE*! is the parameter reconstruction error obtained using
the reference surface. RMSE{° is the corresponding error obtained using the
reconstructed geometry. Both quantities are calculated relative to the reference
values of t at the same evaluation points.

4 Synthetic Data Generation for the Two-Stage Model

The overall computational workflow is shown in Figure 4. Synthetic data
for both neural networks are generated from a common reference model.

@ Reference surface and parameter field

l

@ Simulation of spatial measurements

@ Spatial-block data split

@ Model training

l

@ Reconstruction and evaluation

Fig. 4 - Main stages of the computational workflow



Synthetic data generation begins by defining the surface geometry and
qualitative parameter field. Data sparsity, noise, local gaps, observation-region
restrictions, and outliers are then simulated.

Synthetic data provides exact reference surface and parameter fields.
Therefore, all methods can be compared under identical conditions and the errors
at both reconstruction stages can be calculated relative to the corresponding
reference data. By varying the distortion parameters systematically, we can
investigate the individual and combined effects of point count, noise level, and
spatial data gaps.

All experiment parameters are stored in a single configuration file to make
the computational experiments reproducible.

At the first stage, a reference three-dimensional surface is generated. It
represents the overall curvature, wave-like variations, and local irregularities of a
geological surface. The surface is defined by the continuous function

z = f(x,y) (19)

where x and y are the horizontal coordinates, z is the surface elevation, and
f defines the synthetic-object geometry.

Figure 5 shows how several spatial components are combined to generate
the reference surface. This representation makes it possible to define geometric
features at different spatial scales independently and to control their parameters
during the computational experiments.

1 Quadratic component Z(X, y) 2 Sinusoidal component Z, (X, y)

o
=
Elevation z

Fig. 5 - Generation of the synthetic surface as a sum of components



The synthetic surface can be represented as the sum of the following

components.

)

2)

3)

4)

The quadratic component defines a smooth variation in elevation over the
entire computational domain. It represents the global surface trend,
including its overall direction, slope and curvature.

Ze (X, ¥) = a9 + a;X + a,y + a3x? + azxy + agy? (20)

where z; is the global trend component of the surface; ay, ..., ag are the
coefficients of the quadratic function; x and y are the spatial coordinates.

The sinusoidal component generate smooth undulations with specified
amplitudes and spatial periods.

. 2 . 2
2 (%,Y) = ZhL, Asin (22 + g ) sin (F2+ gy ) 21)

where z,, 1s the wave component of the surface; M is the number of
sinusoidal components; Ay is the amplitude of the k-th harmonic; A, and
Ayx are the spatial periods along the x- and y -coordinates, respectively;
@y x and @y are the corresponding phase shifts.

Local Gaussian components generate spatially confined elevations and
depressions. Local features are spatially confined deviations from the
overall surface geometry.

_yL (x-x)° +(y vi)
zg(X,y) = X1 B; exp( . 207 ! ) (22)
where z, is the local Gaussian component of the surface; L is the number
of local Gaussian components; B; is the amplitude of the j-th component;
x; and y; are the coordinates of the local feature center; oj is the
parameter that determines its characteristic size.

The final surface is obtained by summing the components described above.
It therefore combines the overall curvature, smooth wave-like variations
and local geometric deviations.

Z(X' Y) = Ztr(XJ Y) + ZW(X' Y) + Zg(xr Y) (23)



where z(x,y) is the elevation of the reference surface; z. is the global
trend component; z,, is the wave component; zg is the local Gaussian

component.

The coefficients and parameters of the reference-surface components are
generated randomly within predefined ranges. To ensure the reproducibility of
each experiment, the initial state of the pseudorandom number generator is
fixed.

This generation procedure produces smooth surfaces with variations at different
spatial scales. It also allows features typical of mineral layers roof and floor
models, mine-working geometry and spatial deformation patterns within mining
objects to be reproduced (Cui et al. 2025; Zhan et al. 2024).

A scalar field is generated alongside the surface geometry to represent a
qualitative geological or geomechanical parameter distributed over the surface.
The field is defined using a set of local influence centers:

w2 )
txy) = to + Tiy A exp (- SR (24

2
20

where t 1s the background value of the parameter; K is the number of influence
centers; X and y, are the coordinates of the k-th influence center; Ay 1is its
amplitude; o) is the parameter that determines the spatial scale of influence.

The field value at each point is determined by summing the Gaussian
components. The resulting distribution is then normalized to a predefined range.
This approach produces smooth spatial variations in the parameter and makes it
possible to define regions of locally increased or decreased values without
introducing artificial sharp boundaries.

Depending on the specific application, the parameter t may represent the
concentration of a valuable component, density, moisture content, or ash content
of the mineral. In typical geomechanical applications, it may correspond to
Young's modulus, Poisson's ratio, strength, strain, displacement magnitude, or
another scalar quantity characterizing the state of the rock mass. Such spatial
variability is accounted for when constructing geomechanical models of mining
objects (L1 et al. 2024b).



The parameter t is generated using the procedure illustrated in Figure 6.
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Fig. 6 - Sequence of qualitative parameter field generation

1) Atthe first stage, the influence centers, their values and radius of influence
are specified.

C={(cpto)}y, o=y (25)

where C is the influence centers set of parameters; K 1s the number of
influence centers; ¢, is the position vector of the k -th influence center;
Xy, Yk are its coordinates; ty is the parameter value at the center; and oy is
the radius of influence.



2) At the second stage, each influence center’s Gaussian weight is evaluated
at point (x, y).

o N2 (o \2

2
20-1(

where wy (X,y) is the weight of the k-th influence center.

3) At the third stage, the contributions of all influence centers are summed.
[(%y) = Xkor e Wi (% y), W) = Zis; wi (%) (27)

where 1(x,y) is the total weighted contribution of the influence centres and
W(x,y) is the sum of their weights.

4) At the fourth stage, a background term 1s added to the intermediate field to
ensure stable behavior far from the influence centers.

* _ I(X'y)+W0tbg
where t*(x,y) is the intermediate field; ty, is the background value of the

parameter; wy > 0 is the weight of the background contribution, which
prevents instability when the influence of the centers is small.

5) At the fifth stage, the field is normalized and scaled to the target t range.

t*(X,y) —thi
t(x, Y) = tmin T (tmax — tmin) f*mm (29)
tmax~tmin
where t(x,y) is the final parameter field; ty,;,, tmax are the specified
bounds of the final range; ti iy, thax are the minimum and maximum
values of the intermediate field, respectively.

5 Simulation of Spatial Measurements

After generating the reference model, field data acquisition for the
qualitative parameter distribution over the productive layer is simulated.

A subset of reference-model points is selected to represent field
measurements collected during geomechanical monitoring.

Measurement density is a key experimental parameter and it is varied over
a wide range. This makes it possible to investigate how input-data sparsity affects
reconstruction quality.



To make the synthetic data more representative of real geological
measurements and sampling conditions, representative measurement distortions
are introduced into the model. These include random errors in the spatial
coordinates, noise in the additional parameter t, local regions without
measurements, random thinning of the point cloud, and outliers caused by
measurement equipment errors or data-processing errors.

The cases where measurements cover only part of the investigated surface
are also considered in this research. This makes it possible to evaluate the ability
of the methods to reconstruct the geometry beyond the observation region.

Local data gaps are generated by removing points from selected regions of
the surface, thereby simulating the absence of observations. Point-cloud thinning
is performed by removing a specified fraction of measurements throughout the
entire domain. The observation region is varied by restricting measurement
coverage. This allows interpolation accuracy within the observed region and
extrapolation accuracy outside it to be evaluated separately.

Figure 7 shows, in sequence, coordinate noise, noise in parameter t, a local
data gap, point-cloud thinning, exclusion of part of the domain, and the addition
of outliers.

Figure 7 presents the individual types of distortions. In specific scenarios,
they are applied either separately or in predefined combinations. This makes it
possible to generate training and test data for both neural networks under
controlled conditions.
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Fig. 7 - Simulation of distortions and incompleteness in the input point cloud

As mentioned above, distortions can be applied independently or in
combination. This makes it possible to simulate a wide range of conditions
characteristic of practical geomechanical monitoring problems. All simulation
parameters are specified centrally and can be varied during a series of
computational experiments.



6 Comparison of Neural Network Results with Classical
Interpolation Methods

The results obtained with each neural network are compared with classical
interpolation methods.

For geological surface reconstruction, the nearest-neighbor method, linear
interpolation, inverse distance weighting (IDW) and a triangulated irregular
network (TIN) are used (Cui et al. 2025; Kebede et al. 2024; Sadeghi et al. 2024).

The parameter-field reconstruction stage is benchmarked against cubic
interpolation and smoothed radial basis function (RBF) interpolation
(Bronowicka-Mielniczuk and Mielniczuk 2023; Kebede et al. 2024; Sadeghi et
al. 2024). RBF interpolation is not used by the first neural network and serves
only as an independent benchmark at the parameter-field reconstruction stage.

At each stage, all methods use the same input observations, and their results
are evaluated at the same computational grid points.

7 Results of Computational Experiments
7.1 Geological Surface Reconstruction

For each set of parameters, the surface was reconstructed using the neural-
network-based SDF approach and classical interpolation methods.

Three tests were conducted to evaluate neural network performance.
In the first test, coordinate noise was added to a smooth reference surface.

In the second test, both noise and a vertical discontinuity along the
boundary x = 0 were introduced. The modified surface was defined piecewise as
follows:

f(x,y)+c, x<0,

4= {f(x, y)+c; x=0 (30)

where f(x, y) is the original smooth surface; ¢; and c, are constant vertical
offsets applied to the left and right parts of the surface, respectively; x and y are
the horizontal coordinates; z is the elevation of the modified surface. The
difference ¢, — ¢; determines the magnitude of the discontinuity.

In the third test, the point cloud was thinned and all points within two local
regions were removed. This scenario evaluates surface reconstruction under non-
uniform observation density and in regions without direct measurements. The
corresponding distortions are illustrated in the previous section.



For each test, the number of input points was varied and the resulting
reconstructions were compared using RMSE and MAE calculated relative to the
same reference values.

Surface-reconstruction accuracy was evaluated using the Mean Absolute Error
(MAE) and Root Mean Squared Error (RMSE) (Bronowicka-Mielniczuk and
Mielniczuk 2023; Cui et al. 2025; Kebede et al. 2024; Sadeghi et al. 2024)

MAE = =N, |2 — 27| (31)

RMSE = \/%2%11(21 - z{ef)2 (32)

where N is the number of computational grid points; Z; is the reconstructed
elevation at the i-th grid point; z"' is the corresponding reference elevation. MAE
characterizes the mean absolute deviation, whereas RMSE assigns greater weight

to large local errors.

RMSE and MAE versus number of points are shown for the three tests in
Figures 8—10. In all legends, the term "SDF model” refers to the first neural
network. TIN, IDW and the nearest-neighbor method are represented using the
same colors and markers throughout the figures.
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Fig. 8 - Dependence of RMSE (a) and MAE (b) on the number of points in the
first test



—&— SDF model —#— TIN =—&— [DW =—#— Nearest-neighbour

(a) (b)
0.200 5
14
0.175 9 =
2
0.150 1 ¢.12
0.125 1 L
= 23]
£ 0.100 < 0081
= =
0.075 0:067
0.050 0.04
0.025 4 0.02
0000 T T T T T T 00 T T T T T T
2,000 4,000 6,000 8,000 10,000 12,000 2,000 4,000 6,000 8,000 10,000 12,000
Number of points Number of points

Fig. 9 - Dependence of RMSE (a) and MAE (b) on the number of points in the

second test

=—&— SDF model —#— TIN =& [DW =—#— Nearest-neighbour

(a) (b)
0.1751 0.175 4
0.150 1 0.150 -
0.125 A 0.125 1
£ 0.100 \ = 0.100
2o — -k
=
0.075 0.075 -
0.0504 = 0.050 - K\
\\\‘Wv i
0.025 4 \ T iy i 0025 .\%\M:% pe
0.000 T T T T T T 0.000 T T T T T T
2.000 4,000 6,000 8,000 10,000 12,000 2,000 4,000 6,000 8,000 10,000 12,001
Number of points Number of points

Fig. 10 - Dependence of RMSE (a) and MAE (b) on the number of points in the
third test

In the first test, classical methods, particularly TIN, produced lower RMSE
and MAE values for the smooth and sufficiently densely sampled surface. Under
these conditions, local interpolation directly uses a sufficient number of nearby
measurements. Therefore, preliminary training of the neural network model does
not provide an advantage in terms of accuracy.

In the second test, the advantage of the classical methods decreased after
the vertical discontinuity was introduced. In terms of MAE, the neural network



model produced the lowest error over the entire investigated range of the number
of point. Its advantage in terms of RMSE was most pronounced when the amount
of input data was small. Therefore, within this test, the global neural network
approximation was more robust to the combination of the discontinuity and a
sparse point cloud.

In the third test, which included point-cloud thinning and local data gaps,
the neural network model produced the lowest RMSE and MAE values for every
tested number of points. This result applies only to the specific configuration of
local data gaps tested here and does not imply an automatic advantage when an
arbitrarily large hidden region is present.

Additional tests reveal a limitation of the method. When part of the domain
was withheld, linear interpolation produced the lowest overall RMSE of
0.004445, whereas the SDF model produced an RMSE of 0.005069. Within the
observed region, the SDF model was more accurate, with an RMSE of 0.001348,
compared with 0.002126 for linear interpolation. In the hidden region, however,
the SDF model produced an RMSE of 0.008348, whereas both the nearest-
neighbor method and linear interpolation produced an RMSE of 0.006518.

The SDF approach therefore performs best mainly for noisy data and local
irregularities when observation coverage is sufficient. When substantial data gaps
are present, hidden-region error should be analyzed separately because a low
overall error may mask poor extrapolation.

7.2 Reconstruction of the Qualitative Parameter Field

Two second-stage experiment series were conducted on a reconstructed
surface with a central hidden region.

In the first series, the parameter noise level was varied from 0 to 20% of
the reference parameter field range using 400 observations.

In the second series, the number of observations was varied from 50 to
1200 at a noise level of 2%. At each setting six independent synthetic realizations
were performed. In each realization, the surface, parameter field, observation
locations, and noise were generated independently. The plots report the six-run
mean RMSE across 219 computational grid points within the hidden region. The



term “MLP model” refers to the second neural network. The results are presented
in Fig. 11 (a—).
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Fig. 11 - Effect of the noise level on RMSE (a), the number of observations on
RMSE (b) and inference time (c)

As the noise level increased from 0 to 20%, the mean RMSE of the MLP
model remained between 0.09416—0.10340 and was 0.09504 at a noise level of
20%. At 20% noise, the MLP RMSE was 64.2% lower than that of cubic
interpolation (0.26565) but 23.5% higher than that of smoothed RBF
interpolation (0.07699). Thus, in this scenario, the MLP model was more robust
to increasing noise than cubic interpolation. However, the MLP model did not
outperform smoothed RBF interpolation in accuracy.

As the number of observations increased from 50 to 800, the mean RMSE
of the MLP model generally decreased from 0.14567 to 0.06702. The error then
reached a plateau, with an RMSE of 0.06683 obtained at 1200 observations. At
1200 observations, cubic interpolation and smoothed RBF interpolation remained
more accurate, with RMSE values of 0.03896 and 0.04502, respectively. Thus,



the MLP advantage in this series was computational time rather than accuracy-
based.

Inference time was measured on a macOS (ARMG64) CPU for 2500
computational grid points. Figure 11 reports the median across repeated runs. In
the implemented scenario, for the MLP, timing covered prediction by an already
loaded model. For the classical methods, timing included interpolator
construction and field evaluation. At 1200 observations, the median inference
time was 1.47 ms for the MLP, 8.65 ms for cubic interpolation, and 218.73 ms
for RBF interpolation with smoothing. The median MLP training time increased
from 0.21 s at 50 observations to 1.80 s at 1200 observations. The training time
of the first SDF model was not recorded separately. This timing advantage
therefore applies only to repeated use of the trained second network, not to the
full training-and-computation cycle.

These conclusions apply to synthetic parameter fields. In a separate series
of five runs, the effect of the specified synthetic surface distortion in the
extrapolation scenario was ARMSE; = 0.00348 + 0.00395 with a 95% confidence
interval. No statistically significant error increase was detected. In this
experiment, however, the geometry distortion was defined analytically rather than
obtained from the actual first-network output. Full-pipeline error propagation
should therefore be evaluated separately using SDF-reconstructed surfaces.

8 Conclusion

A two-stage approach for sequentially reconstructing a productive-layer
geological surface and its qualitative parameter field was proposed and
investigated. The first fully connected neural network maps the coordinates x, y,
and z to signed vertical distance. The second coordinate-based neural network
reconstructs the continuous field t(x, y, z) from sparse parameter samples mapped
to reconstructed surface points.

The first neural network produced lower errors in the tested scenarios
involving local data gaps and a vertical discontinuity. However, when the hidden
region was sufficiently large, linear interpolation provided the best result. In the
second series of experiments, the MLP model was more robust than cubic
interpolation to increasing noise in the input data but was less accurate than
smoothed RBF interpolation. Repeated inference with a loaded MLP was faster
than building and evaluating an RBF interpolator. This comparison does not
include the neural network training time.

The results obtained show that neural networks are therefore not a universal
substitute for interpolation when reconstructing geological surfaces and their
associated qualitative parameter fields.

For smooth and sufficiently densely sampled surfaces, classical methods
provide lower reconstruction errors and do not require training. Therefore, they
are preferable under such conditions. The neural network approach was



advantageous in the tested scenarios involving a vertical discontinuity, point-
cloud sparsity, and local data gaps.

The use of neural networks for reconstructing qualitative geological
parameter fields demonstrated greater robustness to increasing noise in the input
data compared with the interpolation approaches considered in this study. The
trained model also provided fast repeated inference.

Method selection should therefore consider data structure, hidden-region
size, required accuracy and expected recalculation frequency.

The developed software package provides a basis for further validation of
the proposed two-stage approach using geological and geomechanical monitoring
data. These results may also support the processing of large geological, mine-
surveying, and geomechanical spatial datasets.
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   z g  ( x , y ) =   ∑  j = 1 L   B j exp  ( −      ( x −  x j ) 2 +    ( y −  y j ) 2  2  σ j 2 )


   z g


  L


   B j


  j


   h   ( 1 ) = φ (  W   ( 1 ) r +  b   ( 1 ) )


   x j


   y j


   σ j


  z  ( x , y ) =  z tr  ( x , y ) +  z w  ( x , y ) +  z g  ( x , y )


  z  ( x , y )


   z tr  


   z w


   z g


  t  ( x , y ) =  t 0 +   ∑  k = 1 K   A k  exp ⁡   ( −      ( x −  x k ) 2 +    ( y −  y k ) 2  2  σ k 2 )


   t 0  


   h   ( l ) = φ (  W   ( l )  h   ( l - 1 ) +  b   ( l ) )


  K


   x k


   y k


   A k


   σ k


  𝒞 =    {  (   𝐜 k ,  t k ,  σ k ) }  k = 1 K ,     𝐜 k =  (  x k ,  y k )


  𝒞


  K


    𝐜 k


  k


  s =  W  out  h   ( L ) +  b  out


   x k ,  y k


   t k


   σ k


   w k  ( x , y ) =  exp ⁡   ( −      ( x −  x k ) 2 +    ( y −  y k ) 2  2  σ k 2 )


   w k  ( x , y )


  I  ( x , y ) =   ∑  k = 1 K   t k  w k  ( x , y ) ,   W  ( x , y ) =   ∑  k = 1 K   w k  ( x , y )


  I  ( x , y )


  W  ( x , y )


   t ∗  ( x , y ) =   I  ( x , y ) +  w 0  t bg  W  ( x , y ) +  w 0


   t ∗  ( x , y )


  D = { (  r i ,  s i ) , i = 1 , … , N }


   t  bg    


   w 0 > 0


  t  ( x , y ) =  t min +  (  t max −  t min )    t ∗  ( x , y ) −  t min ∗   t max ∗ −  t min ∗


  t  ( x , y )


   t min ,  t max


   t min ∗ ,  t max ∗


  z = {    f ( x , y ) +  c 1 ,  x < 0 ,   f ( x , y ) +  c 2 ,  x ≥ 0


  MAE =  1 N   ∑  i = 1 N   |    z ˆ i −  z i ref |


  RMSE =   1 N   ∑  i = 1 N     (    z ˆ i −  z i ref ) 2

