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Abstract—The work is devoted to the study and search for optimal parameters of the RANSAC algorithm
(distance threshold, number of points and iterations) for segmenting the ground surface in order to
increase the reliability of autonomous navigation in complex conditions. The open multisensor HOPS
dataset containing point clouds of garden landscapes with a high level of geometric noise was used for
modeling. The algorithm was implemented in Python 3.10 using the Open3D library. It was found that
using the minimum 3 required number of points to construct a plane is the most effective strategy to
achieve the target accuracy. It was found that at low iteration numbers, the random nature of the point
selection dominates the useful signal, causing significant instability and high errors. To evaluate the
modeling results, two relative error metrics were used, which are based on a comparison of four types of
points: true positive, true negative, false positive and false negative. Specific parameter configurations
were identified that ensure the stability of the results even in the presence of a significant number of
outliers in the input data. The work allowed us to determine the structure of the RANSAC parameter
space, delimiting sensitive local optima and robust stable regions. The formulated conclusions create a
methodological basis for narrowing the range of parameters in future experiments and increasing the

autonomy of unmanned systems in complex unstructured environments.
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I. INTRODUCTION

The development of autonomous mobile systems
over the past decade has become one of the most
dynamic areas in robotics [1], driven by the
commercialization of unmanned ground (UGV) and
aerial (UAV) wvehicles for a wide range of
applications: from precision agriculture and forest
monitoring to industrial facility inspection and
rescue operations. A fundamental prerequisite for
the successful functioning of such systems is reliable
navigation [2] — [4], which allows robots to perform
multifunctional tasks under autonomous control,
increasing the efficiency and quality of operations
while simultaneously reducing labor costs. However,
the complexity of modern operating environments —
such as, for example, enclosed gardens, dense
forests, multi-level poultry farms, or narrow
underground tunnels — poses serious challenges for
perception and positioning systems [3], [5] — [7]

Traditional navigation methods have long been
based on global navigation satellite systems (GNSS),
which can provide centimeter-level accuracy when
using RTK (Real-Time Kinematic) technology [2],
[8], [9]. However, in real operating conditions, GNSS
demonstrates significant instability [2], [6], [10], [11]:
signals are blocked by dense tree canopy, multi-beam
reflection from tall buildings (the "urban canyon™
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effect), or completely disappear in buildings and
underground networks. This leads to errors that can
reach several meters in the horizontal plane and tens
of meters in the vertical plane [6], which is
unacceptable for accurate drone navigation. In such
GNSS-negative environments, there is an urgent need
to use active localization methods that rely on
onboard sensors to build maps and determine the
current state of the robot.

Among existing sensor technologies, LiDAR
(Light Detection and Ranging) technology occupies
a leading position [3], [12], [13] due to its ability to
create detailed 3D representations of the surrounding
space regardless of lighting conditions, which makes
it more effective compared to visual cameras that are
sensitive to changes in light, fog, and atmospheric
effects. LiDAR provides highly accurate distance
measurements and allows building dense point
clouds, which are the basis for simultaneous
localization and mapping (SLAM) algorithms.
However, the efficiency of SLAM and the accuracy
of the trajectory directly depend on the quality of
point cloud processing, where one of the most
critical and at the same time complex stages is
ground segmentation [14], [15].

The problem of geometric ground segmentation
is the need to accurately extract a reference surface
from an array of "raw" data to ensure stable
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navigation. In loosely structured environments, such
as agricultural fields or forests, the ground is rarely a
perfectly flat plane — it is characterized by the
presence of bumps, depressions, slopes, and
irregularities. When a UGV moves over such terrain,
it experiences significant oscillations along the roll
and pitch axes, which leads to distortion of the
LiDAR scan [2], [16], [17]: laser beams begin to
capture a large number of soil points or, conversely,
tree crowns at unpredictable angles. Without an
effective segmentation algorithm, these "noise"
points may be mistakenly identified as obstacles,
causing the drone to stop or plan its path incorrectly.

Moreover, the presence of dense vegetation,
weeds, or fallen leaves significantly complicates the
process of differentiation of ground and objects [18],
[19]. Traditional segmentation methods based on
fixed height thresholds or simple Euclidean
clustering often exhibit low adaptability: they may
perceive tall grass as part of the ground or,
conversely, ignore small obstacles on complex
terrain. This leads to so-called "geometric
ambiguities" when support posts in gardens or tree
trunks are mixed with ground points, degrading the
accuracy of constructed navigation lines [19].
Inaccurate segmentation is the root cause of
accumulated drift in odometry algorithms [3], [10],
[12], as erroneous scan matching leads to distortion
of the constructed map and loss of robot localization
in the long term.

Given algorithmic issues, modern solutions can
often face a choice between accuracy and
computational speed. Processing huge amounts of 3D
LIiDAR data in real time requires significant
resources, which is critical for mobile platforms with
limited battery and processor power. Algorithms
based on deep learning (e.g., PointNet++ or
RangeNet++)  demonstrate  [14], [20] high
segmentation quality, but often require specialized
graphics accelerators (GPUs) and large annotated
datasets that are difficult to obtain for specific
conditions. On the other hand, classical geometric
methods, such as RANSAC for ground plane
approximation, may be faster, but they are vulnerable
to outliers and a large number of dynamic objects in
the frame [5], [8] — people, animals, or other
equipment moving in the navigation area. The impact
of points from moving objects on a segment of the
ground surface creates "ghosts" on odometry maps,
which makes accurate loop closure impossible and
destabilizes the entire optical navigation process [36].

In conditions where the ground remains the only
stable geometric constant, and its precise definition
allows imposing additional constraints on the

vertical axis (Z-axis), significantly reducing the
positioning error, it is important to find a solution
that will provide high segmentation accuracy and
low hardware resource consumption to ensure the
possibility of use on UGVs and UAVSs.

Il. MATERIALS AND METHODS

In the context of developing autonomous
navigation systems for UGV and UAV based on
LiDAR, point cloud segmentation methods act as a
fundamental tool for interpreting the environment.
The main task of segmentation [20] is to divide raw
data into meaningful categories, such as the
supporting surface (ground), obstacles, vegetation,
or specific structural elements of the environment
(tree trunks, supports, etc.). The effectiveness of
SLAM navigation algorithms directly depends on
the accuracy of this stage, as errors in point
classification lead to accumulated odometry drift
and the creation of incorrect patency maps. Among
the wide range of approaches, geometric
approximation methods occupy a special place,
where the RANSAC (Random Sample Consensus)
algorithm plays a central role [8], [21].

The RANSAC algorithm has proven itself as one
of the most reliable [5], [22] methods for modeling
geometric primitives in environments with high noise
levels and a significant number of outliers. Unlike
the classical least squares method, which attempts to
minimize the total error for all points and is therefore
extremely sensitive to outliers, RANSAC uses an
iterative strategy of randomly selecting minimal
subsets of the data to build model hypotheses.

In ground segmentation problems, this is usually
[14] implemented through plane fitting, which is
described by the equation Ax + By + Cz + D = 0.
The process begins by randomly selecting three
points that uniquely define a plane in 3D space. In
this case, a discrete approximation of the three-
dimensional space occurs in the form of a point
cloud P ={p1, ps,..., Pn}, Where each point p; is
determined by a vector of Cartesian coordinates (X,
y, z) and an additional parameter of the intensity of
the laser pulse reflection. This approach allows you
to create accurate digital models of the environment,
where the signal intensity is a critically important
feature for differentiating individual objects.

After constructing the candidate model, the
algorithm calculates the orthogonal distance from
each point of the cloud to this plane using the
formula [23]

Ax +By +Cz +D
d_: n n n
" JA?+B%+C?
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where d, is the orthogonal (shortest) distance from a

specific cloud point to the approximated plane (in the
RANSAC algorithm, this value is compared with a
threshold value to determine whether the point
belongs to the ground surface (inlayer) or is an
obstacle (outlayer), i is the index corresponding to the
serial number of the calculated distance for each point
in the current scan frame, A, B, C, D are parameters of
the plane equation Ax + By + Cz + D = 0, which are
selected by the RANSAC algorithm based on
randomly  selected points (vector (A,B,C)
geometrically represents the normal to the plane), x,,
Yn, Zy are Cartesian coordinates of a specific point in
the three-dimensional space of a LiDAR point cloud,
n is the index of a point in a data array (point clouds).

In the context of ground segmentation using
LiDAR, this formula determines how much each
individual point cloud deviates from a
mathematically constructed plane model. Points
whose distance does not exceed a given threshold
(for example, 0.05 m) are classified as inliers — that
is, points belonging to the ground surface, and all
other points are considered outliers. The optimal
[22] plane model is considered to be that which
maximizes the number of inlayers.

However, applying standard RANSAC in
unstructured environments such as gardens or forests
faces the problem of geometric ambiguity [16], [17].
To improve navigation accuracy, modern research
proposes the introduction of additional restrictions
on plane normal vectors [14]. In particular, when
modeling the surface, the angle of inclination of the
LiDAR relative to the horizon is taken into account:
if the angle between the normal of the found plane
and the vertical axis (0, 0, 1) exceeds a certain
threshold, such a hypothesis is rejected as physically
implausible. This avoids erroneous segmentation of
vertical objects (e.g., walls or thick grass) as parts of
the ground surface, which is critically important for
the stable operation of LIO (LiDAR-Inertial
Odometry) algorithms [9].

In addition to ground plane segmentation,
RANSAC is widely used to form navigation lines in
orchard rows. In this case, the algorithm
approximates the rows of plants as straight lines y =
ax + b in a 2D projection [22]. To ensure
autonomous robot movement, a combination of
RANSAC with ROl (Region of Interest) pre-
filtering is often used. For example, using Pass-
Through filters [8], a working area around the
chassis is selected, after which RANSAC iteratively
identifies the left and right lines of the row, ignoring
noise from weeds or dust. Moreover, custom

variations are being developed, such as Multi-line
RANSAC [5], which are capable of simulating
several parallel structures simultaneously (e.g.,
tunnel walls or rows in complex vineyards), which
allows the device to be localized even in conditions
of partial lack of data or sensor overlap.

The relevance of using RANSAC and clustering
methods is also reinforced by the problem of LiDAR
degradation in specific scenarios, such as "narrow
corridors™ or open fields. As mentioned above, in
such conditions, the geometric features of the
environment can be monotonous, which leads to
orientation errors. Using RANSAC to identify the
ground plane allows for tight constraints on the
vertical orientation (Z-axis) and roll and pitch
angles, which is critical to preventing vehicle drift.
In addition, the intensity of the reflected signal can
be integrated into the segmentation process:
RANSAC can validate ground points not only by
coordinates, but also by typical values of soil or
asphalt reflectivity, which allows for additional
filtering of dynamic objects (e.g., people in dark
clothing) [9], [24].

It is also worth adding that modeling segmentation
algorithms is an iterative process, where the choice of
method depends on the balance between
computational resources and reliability requirements.
RANSAC remains the gold standard due to its ability
to work with «dirty» data, where the noise fraction
can reach 50% or more [5]. Combined with modern
methods of statistical outlier removal and voxel grid
to reduce data volume, these algorithms allow for the
creation of high-precision navigation systems capable
of ensuring the safety and autonomy of UGVs and
UAVs in the most difficult operating conditions [12],
[15]. That is why in this study, the RANSAC
algorithm was chosen as the basis for geometric
segmentation of the ground surface.

Determining the optimal RANSAC parameters,
in particular the distance threshold and the number
of iterations, is critically important to achieve a
balance between surface modeling accuracy and
minimal computational resource consumption.
Incorrectly setting these values can lead to
misclassification of obstacles as parts of the ground,
causing accumulation of odometry errors and
increasing the risk of a drone collision. Because
RANSAC is stochastic in nature, careful parameter
calibration helps minimize the method's inherent
uncertainty and ensure stable results even when
working with sparse or noisy point clouds. For this
reason, the purpose of this work is to investigate and
find the optimal parameters of the RANSAC
algorithm for segmenting the ground surface in order
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to increase the accuracy and reliability of navigation
of unmanned ground and air systems in complex
unstructured environments.

To verify the simulated algorithm based on the
RANSAC method and assess its ability to adapt to
real terrain conditions, the open multisensor HOPS
dataset was used [25], [26]. The choice of this
dataset, generated at the Klein-Altendorf research
station (Bonn, Germany), is due to its high
complexity and representativeness for autonomous
navigation scenarios in intensive horticulture. Of
particular value for modeling segmentation
parameters is the hybrid nature of HOPS, which
combines terrestrial laser scanning (TLS), mobile
laser scanning (MLS), and photogrammetric
reconstruction (SfM) data. The presence of point
clouds (Fig. 1) with significantly different densities
and levels of geometric noise allows for stress
testing of the RANSAC algorithm when fitting the
reference plane. In particular, the use of MLS and
SfM from airborne platforms creates conditions
close to UGV and UAYV operational tasks, where the
accuracy of ground allocation directly affects
odometry stability and obstacle identification.

Fig. 1. Example of a point cloud from the HOPS dataset

The structure of the selected dataset contains
detailed annotations for complex biological objects,
which allows us to test the effectiveness of the
proposed method in differentiating points on the
ground surface from irrelevant structures — tree
trunks, trellis wires, and support elements. This
provides the ability to fine-tune the distance
thresholds d;, minimizing the risk of erroneous
inclusion of garden infrastructure objects in the
ground model, which is critical for building reliable
navigation lines in unstructured agricultural
environments.

The Python 3.10 programming language was used
to develop and simulate the RANSAC algorithm,
which is the de facto industry standard for computer
vision and spatial data analysis tasks due to its

flexibility and compatibility with modern on-board
computing platforms. The main software tool for the
study is the Open3D library, a highly efficient open-
source solution that provides support for complex
data structures for processing 3D point clouds.

Data exchange was carried out through an object
of the open3d.geometry.PointCloud class, which
integrates with the NumPy library to perform
vectorized coordinate normalization and preliminary
noise filtering before activating the main
segmentation stage. The procedure for geometric
selection of the reference surface was implemented
using the segment_plane() method, which automates
the cyclic execution of the following stages.

1) From the initial array of points, the library's
internal mechanisms randomly select N points (the
mathematically necessary and sufficient minimum
for building a model of the ground is N = 3). The
input argument ransac_n corresponds to this
number.

2) For each point p;, the orthogonal distance to
the approximated plane d; is calculated. The point is
identified as an "inlayer" (belonging to the ground)
if this value does not exceed the distance_threshold
(which is the second argument of the method).

3) The overall stability and accuracy of the
fitting is determined by the number of iterations
num_iterations (the third argument of the method),
which, at an optimal value, allows the algorithm to
achieve a stable result even in the presence of a high
level of geometric noise and outliers in the "raw"
LiDAR data.

Given the three input parameters, the search and
evaluation of the optimal set is complicated by the
number of their possible combinations. Therefore,
the key methodological task was to choose an error
function that correctly reflects not only the difference
in the number of detected ground points in the point
cloud, but also the degree of coincidence between the
set of true and predicted points. For this, two
complementary metrics were simultaneously used
during the analysis of the results — E¢yn and Ege.

If we denote by TP (true positive) the number of
points that the algorithm correctly assigned to the
"ground" class, by FP (false positive) the number of
points that were erroneously assigned to ground, and
by FN (false negative) the number of true ground
points that the algorithm did not detect, then the real
number of ground points is TP + FN, and the
number of points predicted as ground is TP + FP.

So, the E.ux metric characterizes the relative
error in the number of ground points. Its meaning is
to estimate how much the total volume of the
predicted ground differs from the true volume. In the
transformed form, the metric is calculated through
the difference between FP and FN and has the form:
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_ |FP-FN|
S (TP+FN)

The Eg: metric, on the other hand, is not focused
on the balance of quantities, but on the quality of the
reproduction of a set of points. It is determined
through the Intersection over Union (loU) index and
has the form:

TP

E,=1-loU=l1-—
(TP+FP+FN)

Unlike E o, this metric simultaneously responds
to both excess points and missed points, preventing
their mutual compensation. Thus, within the
framework of this study, Es: is considered as the
main quality metric, and Egu as an additional
control characteristic. If two modes give close Eg
values, then Eq allows us to understand whether
this result is achieved due to an asymmetric balance
between FP and FN. In turn, the simultaneous
analysis of Eg, Ecount and execution time allows us
to move from a formal search for the minimum to a
reasoned choice of practically feasible modes.

The main goal of analyzing the simulation results
was not simply to find an isolated minimum error,
but to identify such parameter configurations that
simultaneously ensure: a) repeatability and stability
of results between runs; b) monotonic or quasi-
monotonic decrease in relative error with increasing
number of iterations; c¢) proper quality according to
the value of the main metric.

The use of this approach is explained by the
stochastic nature of the RANSAC algorithm. Since
the selection of subsets during hypothesis building
has a random component, even with the same
parameters, the algorithm can produce slightly
different results. This means that the estimation of
parameters from a single run of the algorithm can be
unstable. Therefore, the basic unit of analysis in this
work is not a single run, but a set of five runs on the
same combination of parameters.

I1l. RESULTS AND DISCUSSION

The total number of selected scenes in the dataset
is 82, but to narrow the range of parameters, it was
decided to conduct the simulation on a smaller set of
point clouds. Therefore, the initial set of simulation
results contained 3015 rows of observations for one
randomly selected scene, corresponding to
combinations of three controlled parameters. The
distance_threshold parameter took 201 values in the
range from 0.001 m to 1,000 m, ransac_n — three
values {3, 5, 7}, and num_iterations — five values
{10, 50, 100, 250, 500}. Therefore, the total amount

of data for analysis was 15075 records — 5 runs of
3015 rows of observations to check the stability of
the obtained results. In addition to the three control
parameters, each record contained values of
accompanying metrics for finding optimal ranges.

The formulation of the parameter selection
problem in this case had a two-component nature.
The first component was qualitative: it is necessary
to ensure an error of no more than 2% as an optimal
result or no more than 5% as acceptable. The second
component was structural: we need not a single
«best» point, but a parameter zone in which an
increase in the number of iterations will not lead to
chaotic jumps in the error, but will reproduce a
physically and algorithmically plausible picture of
error reduction. This means that the quality criterion
was applied not only to the endpoint, but to the
entire iteration window under study.

The simulation results, which are given in Table I,
allow us to draw a fundamental conclusion regarding
the iteration window. Although the full iteration grid
10-50-100-250-500 contained 50 monotonic pairs,
none of them achieved stability and an acceptable
quality level of < 5%. This means that the inclusion
of the smallest values of the number of iterations in
the confirmatory scheme of the experiment
significantly complicates the fulfillment of three
requirements  simultaneously —  monotonicity,
stability and low error. In contrast, the window 100—
250-500 gave the largest number of monotonic-
stable results (71) and the only optimal configuration
in which all three error values are below 2%.

It was separately checked what contribution the
ransac_n parameter makes to the formation of
admissible modes. It turned out that all modes that
remained in the set of candidates after imposing a
strict quality criterion belong precisely to N = 3
(three points are enough to construct a plane). For N
=5and N =7, monotonic or stable trajectories were
found, but they did not ensure simultaneous
fulfillment of the error limit. Therefore, from the
position of the target metric, it is N = 3 that should
be considered as the base value for subsequent series
of simulations.

After applying all the filters, four sets of
parameters were identified (Fig. 2), which deserve
separate consideration. One of them is optimal, i.e. it
provides a relative error of no more than 2% over the
entire iteration window of 100-250-500, and three
are acceptable, i.e. those where all points do not
exceed 5%. All these modes belong to ransac_n = 3,
which further confirms the appropriateness of
choosing this parameter as the base one.

The best mode is undoubtedly the configuration
distance_threshold = 0.165 m; ransac_ n = 3;
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num_iterations = 100-250-500. The average error in
this window is 1.570%, and the final one is 1.534%,
i.e. all points are confidently placed in the optimal
zone < 2%. At the same time, the maximum
deviation from the average error value over five runs
within the window does not exceed 12.3%, which is

a completely acceptable result. It is also important
that this mode is not "fragile": the transition from
100 to 250 and 500 iterations does not destroy either
the stability or the shape of the trajectory (it is
monotonic).

TABLEI. NUMBER OF PARAMETRIC PAIRS (DISTANCE_THRESHOLD, RANSAC_N) SATISFYING THE CRITERIA
Iterations window Monotone pairs Monotonous and stable
10-50-100 109 9
10-50-100-250 75 6
10-50-100-250-500 50 6
50-100-250 126 52
50-100-250-500 62 16
100-250-500 126 71
Dynamics of the Mean Relative Error for Key Candidate Modes

° =@~ threshold=0.165; N=3

e threshokioo 7o, Nos

=@~ threshold=0.245; N=3

——- optimal level (2%)
S [ | bt acceptable limit (5%)
10 50 100 250 500
Number of iterations
Fig. 2. Dynamics of the mean relative error
Figure 2 clearly demonstrates why the inappropriate, even if for some other configurations

configuration distance_threshold = 0.165 m; N = 3
turned out to be the strongest. On the full iteration
grid, it shows a sharp decrease in the error from 10
to 50 iterations, after which it passes into a low-level
zone of about 1.5-1.6%. At the same time, at the
point of 100 iterations, a slight increase in the
average error is observed compared to 50 iterations,
which is why the full window 50-100-250-500
cannot be considered monotonic. This is the reason
for choosing the subwindow 100-250-500 as the
main one. In other words, the algorithm behaves best
not when the number of iterations increases
unconditionally from minimum to maximum, but
when the least informative and noisiest points of the
initial stage are discarded.

The interpretation of the mode with 10 iterations
is also important. For the basic configuration
distance_threshold = 0.165 m; N = 3, the average
error at 10 iterations is 8.372%, but the maximum
deviation from the average reaches 345.625%. This
means that with such a small computational
resource, the stochastic component dominates the
useful signal. Therefore, including the value 10 in
the  simulation  confirmation  window s

it sometimes gives acceptable results. From a
practical point of view, 10 iterations can be
considered only as a rough run or as a technical
check of operability, but not as a component of the
main evaluation mode.

Table 11 allows us to detail the behavior of the
main recommended mode. At 50 iterations, a very
low level of average error of 1.455% is already
achieved, but the transition to 100 iterations is
accompanied by a small increase to 1.637%. Further,
a repeated decrease to 1.539% and 1.534% is
observed for 250 and 500 iterations, respectively.
That is, in the interval 100-500, a correct non-
increasing trajectory is achieved, and the decrease
after 250 iterations is already very small. This means
that the point of 250 iterations is actually close to the
saturation mode. Given the execution time, which
increases from 1.239 s at 100 iterations to 1.617 s at
500, it is reasonable to consider 250 iterations as a
basic compromise.

Based on the analysis performed, the main
recommendation for further simulations should be
considered a mode with parameters Distance
threshold = 0.165 and Ransac N = 3, and it is
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advisable to consider the number of iterations not as
a separate number, but as a working window of 100-
250-500. This approach is fully consistent with the
requirement to take into account non-isolated values,
namely the monotonic behavior of the error with the

other two parameters fixed. Within this window, all
three points simultaneously satisfy the quality and
stability criteria, and the deviations between sheets
remain in a safe corridor.

TABLEII. NUMBER OF PARAMETRIC PAIRS (DISTANCE_THRESHOLD, RANSAC_N) SATISFYING THE CRITERIA
Number of Average error, Minimum by Maximum by Max. deviation from Average
iterations % runs, % runs, % the mean, % time, s
10 8.372 0.887 37.308 345.625 0.281
50 1.455 1.314 1.601 10.038 0.772
100 1.637 1.526 1.697 6.68 1.239
250 1.539 1.349 1.708 12.324 1.518
500 1.534 1.389 1.719 12.051 1.617

From a methodological point of view, it is
advisable to recommend a further procedure for
confirming the results. First, for any new set of input
data, it is worth keeping at least five repeated runs,
since it is on this number that the criterion for
deviation from the mean was built. Second, when
expanding or refining the grid of the Distance
threshold parameter, it is advisable to perform
search condensation in the vicinity of 0.150-0.200,
since it is this region that contains the optimal mode
and stable alternatives close to it.

It is also worth noting that the obtained
recommendations are not a universal property of the
algorithm for any data sets, but are statistically
justified for the analyzed array of experiments.
However, it is this form of recommendations —
through the parameter zone and the permissible
iteration window — that has an advantage over the
fixed point, since it is better transferred to new series
of simulations.

IV. CONCLUSIONS

For further serial simulations it is advisable to
recommend a basic operating mode in the form of a
corridor distance_threshold = 0.150-0.200 m,
ransac_n = 3, num_iterations = 250 or 500. If the
task is to find the most portable single setting, it is
advisable to start from the point distance_threshold
=0.165m, N = 3, 250 iterations.

The given results allow us to significantly narrow
the range of parameters in further numerical
experiments, focusing on those distance_threshold
ranges and ransac_n/num_iterations modes that
have already demonstrated sufficient quality and
repeatability on a large corpus of scenes. This, in
turn, creates the prerequisites for building more
compact and more representative experimental plans.
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C. O. Iludyuabuuk, B. B. Illenremaxa. MogenoBanHs anroputMmy RANSAC st BU3HAYEHHSI ONTHMAJbBHUX
napaMeTpiB

Po6oTy npucBSYeHO TOCHIIKEHHIO Ta MOIIYKY ONTUMANILHUX NapameTpiB anroputMy RANSAC (aucraHuiitHoro mopory,
KIJIBKOCTI TOYOK Ta iTepaiiil) Ui CerMeHTallii MOBEpPXHi 3eMJIi 3 METOIO IiIBUIIECHHS HaIIfHOCTI aBTOHOMHOI HaBiramii B
CKITamHAX yMoBax. /Il MOIENIOBaHHS BHKOPHUCTAHO BIOKPUTHH MynbTHCeHCOpHHH Habip manmx HOPS, mo wmictuts
XMapy TOYOK CaJOBUX JAHMMA(TIB i3 BUCOKHM PiBHEM '€OMETPHUYHOTO IIyMy. Peaizaris anroputMy BUKOHaHAa MOBOIO
Python 3.10 3 Bukopucranusm 6i6miorexn Open3D. BeranoBneHO, M0 BUKOPUCTaHHS MiHIMaJIbHO HEOOXiqHOI KiTBKOCTI
TOYOK JUTS HOOYIOBH TUIOIIMHH € HaHO1IbII e(DeKTHBHOIO CTPATETIEI0 VIS JOCATHEHHS TBOBOI TOYHOCTI. BusiBiieHo, mo
32 HM3BKUX 3HAYCHb KUIBKOCTI ITEpaliii BHUITQJKOBHH XapakTep BHOOPY TOYOK JOMIHYe Haj KOPHCHHM CHTHAJIOM,
CIPUYMHSIIOYH 3HaYHY HECTaOUIBHICTh Ta BUCOKI MOXHUOKHU. JIJs OL[IHKK pe3yJbTaTiB MOJIETIOBaHHS OYJI0 BUKOPUCTAHO JIBi
METPUKH BIJJHOCHOI TOXHOKH, 5IKi 0a3ylOThCSl Ha NOPIBHAHHI YOTHUPHOX THITIB TOYOK: ICTUHHO IMO3UTHBHHX, ICTHHHO
HETaTHBHUX, XWOHOIO3UTHBHUX Ta XWOHOHEraTHBHHX. [neHTudikoBaHo creundiyni koHpirypamii mapamerpis, sKi
3a0e31euyloTh CTaOUIBbHICTh PE3yJIbTaTiB HaBiTh y NMPUCYTHOCTI 3HAYHOI KiJIbKOCTI BUKHIIB Y BXiIHUX HaHuX. Pobota
JIO3BOJIMJIA BU3HAYHUTH CTPYKTYpY napamerpuuHoro npoctopy RANSAC, po3MexyBaBIIHM Yy TJIMBI JIOKAIbHI ONITUMYMH Ta
pobactri ctabinbHI perioHn. CPopMyTpOBaHI BICHOBKH CTBOPIOIOTH METOIOJIOTIUHY 0a3y sl 3BYXKCHHS [iala3oHy
mapaMmeTpiB 'y MaHOyTHIX eKCIIepUMEHTaX Ta IMABHINCHHS aBTOHOMHOCTI OE3MIIOTHHX CHCTEM Yy CKIQIHHX
HECTPYKTYPOBAaHHX CEPEIOBHUILAX.

Karouosi ciioBa: RANSAC, reomerpruna cermenraisi, LIDAR, aBToHOMHa HaBiraiisi, ONTHMI3allisi mapamMeTpiB.
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