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Featured Application: Applied engineering, surveying on unstable surfaces such as docks and
ships, dimensional control of floating objects, study of ship body deformations, measurements
in the own (dynamic) coordinate system of objects, and coordinate transformations with low
tolerance of errors.

Abstract: This paper presents the challenges encountered in the dimensional control of ships, plat-
forms, and offshore units. This novel approach utilizes machine learning (MLP—Multilayer Percep-
tron Neural Network) for three-dimensional (3D) spatial coordinate transformations when only three
common points are known. The proposed method was verified based on laboratory and field data.
The main issue was to provide a sufficient number of valid training points. The oversampling method
was used to meet this criterion. The achieved results indicate equal or better accuracy when the points
were located inside the adjustment points array. In the case where the points lay outside this array,
no improvement in the accuracy of the transformation was observed. The neural approach restores
the transformation symmetry, and in some cases, such as the study of deformation of engineering
objects, breaks the symmetry rather than restoring it.

Keywords: three-dimensional coordinates transformations; off-shore surveying; dimensional control;
marine geodesy; artificial neural networks; applied engineering

1. Introduction

One necessary condition for training Artificial Neural Networks (ANNs) to find op-
timal solutions is to have a sufficiently large training dataset. Artificial neural networks
are currently used to solve many technical and computational problems, including coor-
dinate transformation. For the sake of convenience, ortho Cartesian coordinate systems
are commonly used to determine the position of objects in 3D space [1]. These systems
are often associated with an object or figure that is in motion in navigation, hydrogra-
phy, unmanned systems, mobile laser scanning, robotics, computer games, and virtual or
augmented reality [2–4]. To determine a position in real global reference systems, position-
ing based on Global Navigation Satellite Systems (GNSS) is generally used, and in some
areas, traditional methods of geodetic measurements with the use of Total Station [5–7]
are employed. Due to their high precision, Total Station instruments are widely used, for
example, in engineering surveying for monitoring engineering structures, in underground
measurements for tunneling, and in measurements on ships, docks, and on-water platforms
and applied engineering [6,8,9]. In the case of measurements on moving platforms (air-
planes, ships, and robots), the instrument-measuring sensor (laser scanner, camera, Total
Station, etc.) is generally not precisely leveled, and its spatial orientation is determined
by three coordinates and three Euler angles that define the rotation of the instrument
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about each axis of the coordinate system. The external orientation elements of a measuring
instrument (sensor) can be measured with measuring devices such as a GNSS receiver,
an Inertial Measurements Unit (IMU), and a Motion Reference Unit (MRU) mounted on
the measuring instruments or calculated based on external reference points with a known
position. In all the cases mentioned above, to calculate the position of the sensor and the
points measured by it, it is necessary to use a seven-parameter conformal transformation,
which consists of: translations (3D vector coordinates), rotations (three Euler angles), and
the scale factor [10–14]. Through conformal transformations, it is possible, inter alia, to
generate a cloud of measurement points obtained from several freely oriented measurement
stations. as well as to compare the stability of the location of the same points at certain
time intervals, e.g., when testing the deformation of engineering structures or tectonic plate
movement [15–19]. Conformal transformation is also commonly used in computer vision,
photogrammetry, and remote sensing [20–23]. Conformal transformation is also called simi-
larity transformation or Helmert transformation and is often written as Equation (1) [24–26]
or is solved using novel gradient methods [27,28]. At the same time, the works [23,29]
show that traditional and gradient methods of solutions of the similarity transformation
give very similar results in terms of accuracy of the adjustment points.

An alternative approach to the above-described methods is the use of machine learning,
especially ANNs, for coordinate transformation. The use of artificial neural networks has
proved their versatility in various fields. In the case of positioning and geodetic measure-
ments, the ANNs are of increasing interest due to their enormous potential for application
in many different areas of science and technology. Previous studies on the transformation
of coordinates with the use of ANNs have been conducted many times, but generally, they
were based on sets from several dozen points to even several hundred thousand points (in
cartographic applications). However, ANNs can determine the relationship between two
coordinate systems without a mathematical model, which is beneficial in its use of complex
data models of coordinates [23,27,28].

In geodetic measurements, the number of common points between measurement
stations is usually lower (from a few to a dozen). In offshore surveys, combining the mea-
surement stations into one point cloud is even more difficult. Due to the space limitations
determined by the structure of the measured object (ship, platform, etc.), it is difficult to
locate the areas where the measurement network points can be installed to ensure their
good geometry from the point of view of accuracy. A uniform distribution of many points
in the space on the ship is generally impossible; hence, forced geometrical configurations
of the distribution of points are used, and the number of connection points between the
measurement stations is generally lower and falls within the range of 3–6. In addition, when
the object is on the water, it is not possible to precisely level the Total Station, which forces
the use of conformal 3D transformations to combine the measurements into a cloud of
points. Measurements on unstable (movable) surfaces are applied using the measurement
technology of a completely free position, without leveling the instrument, in a local and
random coordinate system related to the Total Station [16,30]. The use of ANN to solve the
problem of coordinate transformation in these specific conditions, due to the very small
set of data that can be used to train the network (usually 3–6 common points between
measurement stations), seems very difficult or impossible.

Therefore, a general question can be raised: is it possible to solve the problem of
coordinate transformation using machine learning (ANN) in the case of fewer geodetic
networks, with only three common points? Can it be done with better or equal accuracy in
comparison to the novel (gradient) and traditionally used methods of coordinate transfor-
mation in all kinds of scenarios? In this publication, the authors put forward the thesis that
it is possible, and, despite the described difficulties, they set a goal to solve the problem of
using ANN for the transformation of coordinates for a minimum number of points in a
satisfactory way from the point of view of accuracy. Therefore, the specific objectives are:
finding and applying a simple method of densifying the number of points in less geodetic
networks, verifying whether it is possible to use ANN to solve the problem of coordinate
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transformation for offshore purposes with the help of a point cloud generated in this way,
and verification of whether the applied approach enables the achievement of equal or
higher accuracy of 3D transformation in relation to novel (gradient) and traditionally used
computational methods.

2. Materials and Methods

The proposed method was verified based on laboratory and field data. The laboratory
data contained two types of data: reference data and reference data distorted according to a
normal (Gaussian) distribution. Field data were collected during measurements of a docked
vessel that was in the water. Measurements were collected by means of the Total Free
Station (TFS) technology [28]. The materials and methods section presents a description of
the measurements and tests using the proposed method of densification of the geodetic
networks to generate a virtual point cloud for the transformation of coordinates in off-shore
measurements using ANN.

This section begins with obtaining data for coordinate transformations in laboratory
and field studies. Next, the step of generating a virtual point cloud for coordinate transfor-
mation is described. Then, the method of determining the size of the learning, validation,
and test ANN set is defined. As a result, the methodology of using ANN for coordinate
transformations is presented. The authors would like to pay special attention to the applied,
atypical but very computationally simple method of generating a virtual cloud of homolog-
ical points, not used thus far for coordinate transformations. The general scheme of the
transformation of coordinates, broken down into the main stages, is presented in Figure 1.
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Figure 1. Coordinate transformation algorithm for offshore purposes using ANN.

2.1. Data Preparation

This section presents the method of preparing data for laboratory and field tests, which
in the next stage was used to generate a virtual point cloud for coordinate transformation
using machine learning (ANN).

In laboratory tests, a set of reference data (ideal) for training neural networks was
prepared, along with a set of data disturbed by random errors generated according to
a normal (Gaussian) distribution. Two datasets were prepared in the field trials. Total
Station measurements were taken on a ship that was docked on the water. Based on the
measurement data, two different sets of common points generated two different sets of
points for transformation.

The research was carried out in the first phase on the basis of laboratory data. Ideal
model data based on 7 points on the sphere were adopted for the calculations. Then, the
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set of reference points was transformed according to the relation (1), rotated by (assumed)
angles, and shifted by the translation vector (Figure 2). The scale factor was adopted as
1 due to the fact that the nature of geodetic measurements with the use of a Total Station
instrument does not change the scale between the individual measurement stations. X′

Y′

Z′

 = λ·R·

 X
Y
Z

+

 X0
Y0
Z0

, (1)

where:

• [X, Y, Z]T—vector (point) in the original (primary) coordinate system,
• [X′, Y′, Z′]T—vector (point) in the secondary coordinate system,

•
[
X0, Y0, Z0

]T—translation vector,
• λ—scale factor,
• R—rotation matrix.
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Figure 2. Reference points for generating a virtual point cloud (general view).

The sphere was generated in the Rhino 3D program. This is a CAD program used
for modeling and creating 3D objects. In this way, common points were obtained in two
coordinate systems; input was designated by the authors as local frame (LF), and output
was labeled as vessel frame (VF). There can be more than one LF, which must be combined
with a VF. A virtual point cloud was generated in two coordinate systems (input and output)
according to the algorithm described in Section 2.2. In the second step, an additional set
of data was prepared, to which random disturbances generated according to a normal
(Gaussian) distribution were added.
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Experimental field tests were carried out on the vessel Navigator XXI, which was in
the dock, on the water. Measurements were taken with the use of a Total Station (Trimble
SX10), without its leveling, in the technology of Total Free Station (TFS). Measurements on
the ship were made from two measurement stations in random local coordinate systems
related to the Total Station. An observation plate with a magnet feature was used for
common points (Figure 3). Measurements were made in windless weather.
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Figure 3. Total Free Station (TFS) measurements in a dock on the water, (a) total station on the floating
dock, (b) vessel Nawigator XXI–measured object.

As a result of the measurements, a set of measurement data was created. The base
points altogether between the stations were used to generate a virtual point cloud.

2.2. Generation of a Virtual Point Cloud

This section describes how to generate the virtual point cloud used to train the ANN
to solve the problem of coordinate transformation in some reference frames. The scheme of
generating a virtual point cloud is shown in Figure 4.
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The virtual point cloud was generated on the basis of base points (homologous in
two coordinate systems). First, on the basis of the base points (blue in Figure 4) and the
geometric center (centroid) of these points (purple in Figure 4), further points are generated
(green in Figure 4). The geometric center (centroid) of the base points is calculated as the
arithmetic mean of the individual coordinates x, y, and z (2). Centroid corresponds to the
center of geometry (centroid) for an isolated system and unit masses. Then, each of the
three points, consisting of at least one point newly generated in the previous step, is used to
generate additional points. This operation is repeated until the assumed number of virtual
points is reached. Generating virtual point clouds was conducted with the application
of the Matlab Software. The method of determining the number of required points is
described in Section 2.3: The use of artificial neural networks.

XC =
∑N

i=1(Xi)

3
, YC =

∑N
i=1(Yi)

3
, ZC =

∑N
i=1(Zi)

3
, (2)

where:

• XC, YC, ZC—coordinates of the centroid (center of mass)

The applied idea of generating a virtual point cloud is computationally very simple,
where the arithmetic mean is used many times. This approach is based on the symmetry
of transformations with respect to the displacement. In symmetrical transformations,
the angles (symmetry with respect to rotation, shift by angle) and distances (symmetry
with respect to the shift translation, time is omitted) are preserved. These symmetries are
characteristic of orthogonal transformations, where the invariant of the transformation is
the vector length (in real spaces). Therefore, the distances between the points are maintained
(for a scale equal to 1) [31–33]. Such an assumption was made in the discussed case, and it
was used to generate virtual points homologous to machine learning (ANN) to solve the
problem of coordinate transformation in some reference frames.

2.3. The Use of Artificial Neural Networks

For effective training of neural networks, more training cases are needed, producing
more connections in the network. One of the ways to determine the proportion of the
number of training cases to the total number of network parameters constructed during
training is the coefficient ρ (3) proposed in the work [34]:

ρ =
U

(I − 1)·H + (H + 1)·O , (3)

where:

• U—the number of learning cases
• I—the number of neurons in the input layer
• H—the number of neurons in the hidden layer
• O—the number of neurons in the output layer

For the proper operation of the network, the factor ρ should be between 1.8 and 2.2.
On the basis of preliminary studies, MLP 3-k-3 networks were obtained, where the number
of neurons in the hidden layer k was usually between 6 and 10 neurons (according to
Equation (3)). Therefore, the number of learning cases, according to Equation (3), was
determined to be at least 60. The SANN (Statistica Automatic Neural Networks) module of
the STATISTICA software was used for the construction and analysis of neural networks.
The input vector comprised the coordinates of the generated points before the transfor-
mation, and the output vector comprised the coordinates of the generated points after the
transformation. Usually, the learning set does not exceed 80% of the data and the rest is
used to test the solutions found [34]. In this publication, three subsets were created from the
dataset: the training sample constituting 70% of the total data, the validation sample (15%),
and the test sample (15%). Both MLP and RBF networks were checked in the automatic
network wizard. In regression problems, such as the problem under discussion, the sum of
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squares of differences was used as a function of the error. As activation functions, both in
the hidden layer and in the output layer, the following functions were tested: linear, logistic,
hyperbolic tangent, and exponential. SANN has several options for training MLP networks:
the BFGS error back propagation algorithm (Broyden–Fletcher–Goldfarb–Shanno), the
Scaled Conjugate Gradient algorithm, and the fastest descent algorithm. In the case of an
RBF network with linear activation functions, the learning process takes place in two stages.
The first arranges radial functions using only the input variables from the data. In the
second stage, the weights connecting the radial functions with the output neurons are de-
termined. With the configured settings, the automatic SANN wizard checked 100 networks,
both MLP and RBF types, from which the top 5 were selected. The highest correlation
statistics for the test and validation sample were adopted as the criterion for selecting the
best networks.

3. Results
Generating a Virtual Point Cloud

Laboratory tests were carried out on the basis of ideal data distributed over the sphere.
There were six points distributed on the sphere, and an additional seventh point was the
center of the sphere. Then, on their basis, a set of 98 points was generated, and it was
assumed that this set would be the input system for the transformation.

Then, the sphere with the set of seven base points was shifted by any (random) vector
and turned by any (random) angle. Similarly to the first case, a second virtual point cloud
was created on the basis of the base points. This set was called the output system. Points
were generated according to the algorithm described in Section 2.2. Table 1 presents the
thus-obtained coordinates of selected homologous points of virtual point clouds in the
input and output systems.

Table 1. Virtual point cloud in laboratory tests (selected points).

The Input Layout [m] The Output System [m]

Nr X Y Z X Y Z

1 −7.0000 4.0000 35.0000 −1.8000 26.4000 52.5000

2 1.2507 −9.8422 42.3021 13.4545 17.4637 53.1658

3 6.9082 6.7006 24.4044 5.6640 38.3434 41.7928

4 −15.2507 17.8422 27.6979 −17.0545 35.3363 51.8342

5 −20.9083 1.2994 45.5956 −9.2640 14.4566 63.2072

6 0.17543 14.6818 47.1413 3.1588 35.9130 66.5682

7 −14.1754 −6.6818 22.8587 −6.7588 16.8870 38.4318

8 1.25067 −9.8422 42.3021 13.4545 17.4637 53.1658

9 0.3863 0.2861 33.9022 5.7728 27.4023 49.1529

10 −2.3639 4.9002 31.4681 0.6880 30.3811 48.9309

. . .

105 −2.4540 1.5626 31.5933 2.1205 27.5579 47.8630

The distribution of the points generated in this way is shown in Figure 5. As can
be seen from the data presented in Table 1 and in Figure 5, the points that are artificially
generated are located in the central part of the sphere where their concentration is greatest.
The graph shows the relationships in each dataset. The diagonal plots show the marginal
distribution of the data in each column. The border points, which were the basis for
generating a virtual point cloud, also come to the fore, where the concentration of virtual
points is the lowest. After generating virtual point clouds, the distances between the
individual points in each of the input and output systems were verified. The calculated
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distances were identical, which confirmed the preservation of symmetry with respect to
translation and rotation, as well as the invariability of the scale, and therefore the homology
of points in the input and output systems.
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The dataset included the coordinates of 105 points in the input and output frames.
The networks were learned on a set of 73 points, which included 7 basis points. The test set
included 16 points, and a validation set 16 points. The points were randomly selected in
addition to the 7 base points. In the STATISTICA Neural Networks (SANN) package, the
top 5 were selected out of 100 learned and analyzed networks, which turned out to be MLP
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networks with one hidden layer with a number of neurons from 4 to 10. For the hidden
and output layers, all networks had a linear activation function. The maximum error of
the selected networks did not exceed the value of 1·10−7 in the validation and test set for
the input data adopted with a precision of writing of 1·10−3 and conventionally expressed
in meters.

The comparison of the output values with the values determined by the network team
gave the “average error of fit” at the level of 3·10−5 m for the variable x, 6·10−6 m for
the variable y, and 3·10−6 m for the variable z. Moreover, for the seven base points, the
differences in the coordinates between the input system and the results obtained from the
analytical model (1) and the neural networks were compared (Figure 6, Table 2).
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Table 2. Transformation of coordinates of a virtual point cloud.

Coordinate Differences between the Input System and the Results from the
Transformation of the Output System [m]

Calculated Analytically in Matlab Calculated by ANN

X Y Z X Y Z

RMSE 2·10−4 6·10−5 2·10−6 3·10−5 6·10−6 3·10−6

RMSE
(of point) 2.6·10−4 3.1·10−5

By statistically comparing the differences in coordinates between the output system
and the results obtained from the analytical model and neural networks, statistically,
significant differences were found. These are particularly visible in the case of the absolute
values of differences. The test results confirm the better accuracy of the network; for the x
and y variables, there is a significant statistical difference, and for the z variable, although
the results are slightly worse, it is not a statistically significant difference.

The conducted laboratory tests confirmed the correctness of the proposed method.
In each case, the ANNs achieved higher accuracies than the similarity transformation
algorithm. Therefore, field research was initiated.

The field research was carried out on two datasets derived directly from the mea-
surements; the set marked as Z1 contained 87 points, and the set marked as Z2 contained
141 points.

Datasets based on measurement data were obtained from measurements on the Nav-
igator XXI vessel. Two measuring stations were used. In the case of the Z1 set, three
points were assumed, which were measured in one measurement series. Then, an artificial
point cloud was generated from the points, and the final set consisted of 87 points. The
second set of data was also based on measurement data obtained from measurements on
the Navigator XXI vessel. The same measurement stations were used in this case, while
other points of the measurement network were adopted. In the case of this set, three points
were assumed, which were measured in several series of measurements, which should
indicate that the coordinates will be obtained with better accuracy. Then, an artificial point
cloud was generated from the three points, and the final set consisted of 141 points. The
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summary of the data for both measuring stations for the Z1 and Z2 sets is shown in Table 3
and Figure 7.
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Table 3. A virtual point cloud in field research, datasets Z1 and Z2.

Station 1—Input Coordinate
System for Set Z1

Station 2—Output
Coordinate System for Set Z1

Station 1—Input Coordinate
System for Set Z2

Station 2—Output
Coordinate System for Set Z2

Nr X Y Z X Y Z Nr X Y Z X Y Z

1 1003.007 1035.290 13.307 1095.810 1031.870 13.299 1 1002.191 1038.655 11.820 1096.767 1028.608 11.674

2 1002.413 1037.865 12.620 1096.521 1029.355 12.507 2 1001.663 1039.589 11.498 1097.336 1027.715 11.308

3 1002.628 1038.654 12.843 1096.352 1028.549 12.705 3 1001.832 1040.694 11.615 1097.226 1026.599 11.388

4 1002.683 1037.270 12.923 1096.228 1029.925 12.837 4 1001.895 1039.646 11.644 1097.109 1027.641 11.457

5 1002.694 1045.243 12.819 1096.625 1021.971 12.443 5 1001.797 1039.976 11.586 1097.224 1027.318 11.384

6 1003.188 1032.785 13.542 1095.505 1034.353 13.628 6 1001.842 1040.105 11.615 1097.186 1027.186 11.410

7 1002.215 1038.724 12.391 1096.759 1028.517 12.243 7 1001.846 1039.909 11.615 1097.173 1027.382 11.417

8 1002.699 1038.917 12.917 1096.296 1028.280 12.772 8 1001.806 1046.359 11.655 1097.545 1020.945 11.221

9 1002.701 1036.808 12.950 1096.187 1030.383 12.881 9 1002.374 1036.928 11.918 1096.498 1030.318 11.838

. . .

85 999.686 1013.576 9.998 1097.936 1053.832 10.717 139 999.686 1013.576 9.998 1097.936 1053.832 10.717

86 1000.831 1065.357 10.486 1099.473 1002.076 9.344 140 1000.000 1059.384 10.648 1099.998 1008.076 9.707

87 1004.789 1027.565 15.368 1093.676 1039.414 15.674 141 1003.776 1035.856 12.789 1095.061 1031.284 12.774

The dataset Z1 included three points, on the basis of which a set of 87 points was
generated in the input and output coordinate systems. The input data were the coordinates
of the points obtained on the measuring station No. 2 (LF system), while the output data
were the coordinates of the points obtained on the measuring station No. 1 (VF system).
The networks were learned on a set of 61 points that contained 3 basis points. The test
set included 13 points, and a validation set 13 points. The points were randomly selected,
except for the 3 base points. For the Z1 set, the top five networks were selected, which
turned out to be MLP networks with one hidden layer with the number of neurons from
6 to 10. For the hidden layer, two of these networks had linear activation functions, two had
a logistic function, and one had an exponential function. For the output layer, all networks
had a linear activation function. The maximum error of the selected networks did not
exceed the value of 3·10−5 in the validation and test set.

The dataset Z2 included three points, on the basis of which a set of 141 points was
generated in the input and output coordinate systems. The input data were the coordinates
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of the points obtained on the measuring station No. 2 (LF system), while the output data
were the coordinates of the points obtained on the measuring station No. 1 (VF system).
The networks were learned on a set of 99 points, which included 3 basis points. The test set
included 21 points, and the validation set 21 points. The points were randomly selected,
except for the 3 base points. For the Z2 set, the top five networks were selected, which
turned out to be MLP networks with one hidden layer with the number of neurons from
4 to 9. For the hidden layer, two of these networks had linear activation functions, one
logistic function, one tanh function, and one exponential. For the output layer, all networks
had a linear activation function. The maximum error of the selected networks did not
exceed the value of 4·10−6 in the validation and test sets.

The results for both sets are about two orders more accurate than the precision of
the Total Free Station (TFS) and TLS (Terrestrial Laser Scanner—Figure 8) measurements,
which, from a practical point of view, does not burden the measurements with errors and
is negligible. With transformation errors at this level, we can consider them insignificant.
From the point of view of the precision of the measurement of TFS and TLS (1–3·10−3 m),
these values are infinitesimal and the coordinate transformations, with errors two orders
less than the accuracy of the coordinates, can be treated as approximately error-free.
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4. Discussion

The study results are summarized in Table 4.
Based on the data presented in Table 4, it can be concluded that, in each analyzed

case, both for laboratory and field data, the best results were obtained by MLP networks.
The number of selected networks was five, and the number of hidden layers was one. The
number of neurons did not exceed 10. In all analyzed cases, the optimal function turned
out to be the linear activation function for the output layer, while for the hidden layer, the
activation functions were different, with the predominance of linear ones. The maximum
error of the selected networks did not exceed the value of 3·10−5 m in the validation and test
set for the input data adopted with the precision of 1·10−3 m and expressed conventionally
in meters, which should be considered a very good result. In the case of an average match
error, the result is not that good. For laboratory data, ANNs have an advantage over the
conformal transformation, being more precise. For the field data, in the case of the Z1
set, ANNs are slightly more accurate than Total Station (1·10−3 m) and Terrestrial Laser
Scanning (1 −3·10−3 m), while in the case of the Z2 sets, the transformation by similarity
turned out to be more accurate (due to the greater error of the Z coordinate for ANN).
However, these results for this dataset are still an order more accurate than the precision
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of the input data obtained by Terrestrial Laser Scanning, which should also be considered
satisfactory. In the areas between the base points (validation and test data)—inside the
transformation area—ANN has a decisive advantage, while in the case of common points
in the case of field data, the errors in both the traditional and the proposed algorithms are
at the same level. At the same time, the base point errors for the laboratory dataset are still
reduced for ANN. It should therefore be summarized that machine learning (ANNs) with
the applied method on the common points (baseline) obtains RMSEs of the same level in
the case of field data, and better in the case of laboratory data for the minimum number of
common points. At the same time, for the areas inside the base points (the area inside the
transformation), ANNs give reduced errors in each case.

Table 4. Parameters of the ANNs used for laboratory and field data.

Parameter
Laboratory Tests Field Research

Master Data (Ideal) Data Distorted Dataset Z1 Dataset Z2

Type of network MLP MLP MLP MLP

No. of chosen networks 5 5 5 5

No. of hidden layers 1 1 1 1

No. of neurons 4–10 4–10 6–10 4–9

Activation function for the hidden layer linear linear
Linear—2

Logistics—2
Exponential—1

Linear—2
Logistics—1

Tanh—1
Exponential—1

Activation function for the output layer linear linear linear linear

Number of points (total) 105 105 87 141

Training set (no. of points) 75 75 61 99

Validation set 15 15 13 21

Test set 15 15 13 21

Maximum error [mm] in the validation
and test set 1·10−4 1·10−4 3·10−2 4·10−3

Mean error mp [mm] of the ANN
and analytical (similarity and

gradient) model

3·10−2 1·10−1 1.09 3.84

1·10−1 1·10−1 1.11 1.91

In addition, it can be seen that different activation functions are found for the field
data and the different sets of base points used for the transformation. The conclusion is that
ANN transformations are on the same level of accuracy or even better suited to conformal
transformations for the specific cases they concern (for minimum number of common
points), but cannot be directly replicated for other sets of points. The uniqueness provides
a better match between the input and output data, which is an advantage of ANN, but
changing the dataset means that these functions should be searched anew, which in turn
can be considered as a disadvantage (one case cannot be directly transposed into another).
Comparing the average match error (Table 2), it can be observed that the obtained results
from the transformation of the X, Y, Z coordinates using the analytical method and the
ANN are slightly different. The difference that is shown in the diagrams below is in favor
of using the ANN (Figure 9).
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5. Conclusions

This paper proves that machine learning can be applied for coordinate transformations,
even when the dataset for training the network consists of only a few (even minimum)
points. The paper provides guidance on how to solve this problem and oversample a
virtual point cloud for network training. The authors also found appropriate networks
that provide better or the same level of accuracy compared to the novel (gradient) and
traditionally used conformal transformations in applied scenarios. However, when the
scenario is extended beyond the area of the points used for ANN learning (e.g., in the case
of extrapolation), no increased accuracy of the results is expected. Therefore, the proposed
method can be applied to points that are inside the adjustment points, and only in this case
achieve equal or slightly better accuracy for the coordinate transformation.

This raises the question of whether the use of conformal transformations for lower-
scale coordinate systems, especially with the minimum number of common points, makes
sense, since it can be carried out using ANN and more precisely at the same time, but
in limited scenarios (inside adjusted points). Can such a transformation be justified in
every situation? It should be noted that the ANN transformation is “tailor-made” and
somehow restores the transformation symmetry, and in some cases, such as the study of the
deformation of engineering objects, breaks the symmetry rather than restoring it, because
this is how we can determine which points have moved and which have not. The proposed
method of transformation can be considered closer to symmetry-back transformations.
The benefit of its use is when we do not have additional common points to solve the
transformation with mean square errors, especially when the measurement system is not
a rigid system, e.g., it is exposed to the deformations due to thermal weather conditions.
This can be considered in the measurement of floating objects; hence, the method may
find application in the offshore industry and, in the authors opinion, is of great potential
for applied engineering. The authors intend to focus further research on the potential
applications of this transformation method for positioning moving objects on the water in
inland navigation, using a non-metric industrial camera as a data source.
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