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ABSTRACT

Background. Monocular visual odometry is an important component of visual navigation
systems. However, its accuracy depends on the quality of local features and inter-frame
correspondences. In the VO task, not only is geometric consistency important, but also
motion observability, the physical validity of the recovered configuration, and the spatial-
structural properties of local features. This study aims to provide a comprehensive
evaluation of keypoint detection and description methods for monocular visual odometry.

Materials and Methods. The study was conducted on the EuRoC MAV dataset. The
ORB, BRISK, AKAZE, KAZE, SIFT, SURF, and SuperPoint methods were analyzed for the
number of keypoints, ranging from 200 to 1000. Motion estimation was performed using the
essential matrix, the USAC_FAST filter, the recoverPose method, a minimum parallax
check, and spatially guided keypoint selection. The accuracy of the recovered trajectory was
evaluated using the APE and RPE metrics. To analyze the quality of local features and
correspondences, the geometric component, the parallax indicator, the correct cheirality
ratio, and metrics of keypoint coverage uniformity, local redundancy, and structural
consistency were used. An integral quality indicator was applied to summarize the results.

Results and Discussion. The geometric metrics most often highlight AKAZE and
SUREF, whereas SuperPoint shows strong performance in terms of spatial characteristics. In
terms of the structural consistency of correspondences, SURF consistently demonstrates
the best results. As the number of keypoints increases, most methods show an initial
improvement followed by saturation, and in some cases, a deterioration of individual
characteristics. SURF was found to be the most balanced method across the set of criteria,
whereas ORB showed the weakest results in most cases. The correlation analysis showed
that the informativeness of the metrics varies by sequence type.

Conclusion. The proposed approach confirmed the relevance of multicriteria evaluation
of local features in monocular visual odometry. It was shown that no single metric is universal
across all scene types. In contrast, the integral indicator enables the summary of different
aspects of quality and a more well-grounded ranking of the methods.

Keywords: monocular visual odometry, keypoint detection, image matching, motion
estimation, deep learning, neural networks.

INTRODUCTION

Visual navigation and robotics systems widely employ monocular visual odometry as
one of the approaches for estimating camera motion and reconstructing the motion
trajectory. Under real operating conditions, the performance of such systems is

© 2026 Andriy Fesiuk & Yuriy Furgala. Published by the lvan Franko National University of Lviv on behalf
@ ® of EnektpoHika Ta iHdpopmaiiiHi TexHonorii / Electronics and Information Technologies. This is an Open
Access article distributed under the terms of the Creative Commons Attribution 4.0 License which permits
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly

cited.

ISSN 2224-088X (print) « ISSN 2224-0888 (on-line) 113


http://publications.lnu.edu.ua/collections/index.php/electronics/index
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.30970/eli.33.9
https://orcid.org/0009-0007-9505-4616
mailto:%20andrii.fesiuk@lnu.edu.ua
https://orcid.org/0000-0001-7316-7424
mailto:yuriy.furhala@lnu.edu.ua

Andriy Fesiuk & Yuriy Furgala

complicated by dynamic viewpoint changes, illumination variations, motion blur, and the
presence of weakly textured scene regions. The accuracy of odometric estimates depends
on the quality of correspondences established between neighboring frames, since these
correspondences form the basis for determining the relative camera pose. Errors in
keypoint matching, instability of the correspondence set, and insufficient observability of
inter-frame displacement adversely affect motion estimation accuracy, accumulate over
time, and increase trajectory error [1-5].

Keypoints and their descriptors, which are considered in this work as local features,
constitute the foundation of monocular visual odometry. In most approaches to local feature
analysis, the primary focus is placed on geometric characteristics, in particular, matching
accuracy, the inlier ratio, detection repeatability, and descriptor stability [5, 6]. Although
these indicators are important, in the task of monocular visual odometry, they do not
provide a complete characterization of feature suitability, because correspondence
correctness within a geometric model does not guarantee reliable motion recovery. In
particular, under small parallax or near-degenerate, geometrically weak configurations,
even formally correct correspondences may lead to unstable translation estimation [7]. It is
also important to assess how consistent the recovered geometry is at the current step,
specifically whether the correctness of depth signs is preserved during camera pose
recovery. In addition, the spatial-structural properties of inliers are of considerable
importance: non-uniform image coverage, excessive local concentration of points, or weak
correspondence to the scene structure reduce the reliability of motion estimation and
increase sensitivity to noise [1-4].

Existing studies on visual odometry mainly examine either final trajectory errors or
individual characteristics of local features and correspondences [8-11]. While this analysis
is helpful, it does not fully reveal the connection between feature properties and the
odometry algorithm's actual performance. Previous research [6] showed that for image
matching, it is important to consider not only geometric consistency but also the spatial
structure of keypoints. However, directly applying this method to monocular visual
odometry is inadequate because it also requires accounting for motion observability, the
stability of camera pose recovery, and the link between local feature characteristics and
trajectory-based metrics.

Modern approaches to image keypoint detection can be divided into classical
methods, including SIFT [12], SURF [13], KAZE [14], AKAZE [15], ORB [16], and BRISK
[17], and deep learning-based solutions such as SuperPoint [18]. Classical algorithms
demonstrate high computational efficiency and mathematical interpretability; however, they
are often vulnerable to changes in illumination or weak scene texture. At the same time,
neural network-based methods are more robust under challenging conditions [8, 19]. Still,
their specific nature of point localization and the statistical properties of the inlier distribution
require comparative analysis [9, 18]. Evaluating the influence of the local feature type on
geometric reliability and monocular visual odometry errors remains an important task, since
different methods form keypoint representations in different ways, which in turn affects the
stability of the navigation system.

The goal of this work is to analyze keypoint detection and description methods for
monocular visual odometry using a comprehensive quality assessment approach. For this
purpose, an integral index is employed that combines the geometric consistency of
correspondences, indicators of motion observability and camera pose recovery stability,
and the structural-spatial properties of consistent correspondences.

MATERIALS AND METHODS

For the experimental validation of the proposed approach, the EuRoC MAV dataset
[20] was used. It includes scenes with varying levels of motion complexity, spatial structure,
and visual conditions, enabling the evaluation of local features across easy, medium, and
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difficult monocular visual odometry scenarios. For the analysis, images from the camO
camera were processed. Two groups of sequences were considered:

e Machine Hall - large industrial indoor environments with non-uniform illumination
and a considerable number of repetitive structures. Three difficulty levels were
investigated: MH_01_easy, MH_03_medium, and MH_05_difficult. In this group,
the difficulty increases from relatively smooth motion and more favorable
illumination conditions to faster movement under dim lighting, which may be
accompanied by stronger motion blur and reduced feature contrast [20].

e Vicon Room - a confined indoor environment with highly accurate ground-truth
motion. Although this setting is more controlled, the increasing difficulty in this
group is mainly associated with camera dynamics and illumination conditions.
Three sequences with different difficulty levels were used: V1_01_easy,
V1_02_medium, and V1_03_difficult. The transition to more challenging
sequences is characterized by sharper maneuvers, faster viewpoint changes, and
temporary loss of textured objects from the field of view, which makes tracking and
motion estimation more difficult [20].

To compare the quality of local features in visual odometry, the classical methods
ORB, AKAZE, KAZE, SIFT, SURF, and BRISK, as well as the deep learning-based method
SuperPoint, were investigated. In this work, an off-the-shelf SuperPoint implementation
from the LightGlue library [21] was used without any additional model retraining.

The analysis was performed for different numbers of selected keypoints, ranging from
200 to 1000 in increments of 200. Examples of the images used in the experiments are
shown in Fig. 1.

To reduce the effect of local keypoint concentration in the most contrast-rich image
regions, a spatially guided selection strategy based on a regular 8x5 grid was applied. This
approach provides more balanced image coverage, since even with a large number of
correct correspondences, their spatial clustering may degrade the stability of scene
geometry estimation, reduce reconstruction reliability, and lead to instability of the
recovered motion [22, 23].

Motion estimation was performed in a calibrated monocular setting based on the
essential matrix [24]. For each pair of frames with a stride = 2, a set of keypoint correspon-
dences was established using Brute-Force matching, followed by filtering according to the
Lowe ratio criterion with a threshold of 0.75 [12]. Before geometric estimation, point

MH_01 (easy) MH_03 (medium) MH_05 (difficult)

L

A)

V1_01 (easy) V1_02 (medium) V1_03 (difficult)

Fig. 1. Examples of images from the EuURoC MAYV dataset used in the experiments: A) frames from the Machine
Hall group (MH_01_easy, MH_03_medium, MH_05_difficult); B) frames from the Vicon Room group
(V1_01_easy, V1_02_medium, V1_03_difficult).
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coordinates were corrected using the camera calibration parameters to remove distortion
effects, thereby reducing systematic errors in correspondence localization [24].

The essential matrix was estimated using USAC_FAST with a threshold of 1.5 px, a
confidence level of 0.999, and a maximum of 5000 iterations [25, 26]. To ensure robust
estimation, additional conditions were imposed: at least 50 initial correspondences and at
least 30 inliers after geometric verification. The relative pose between frames was
recovered using the recoverPose procedure, which selects the physically consistent
decomposition of the essential matrix and returns a mask of points with positive depth. To
reduce the influence of weakly observable configurations, an additional minimum parallax
check of 5 px was applied in the freeze_translation mode, in which the translation estimate
was not updated when the inter-frame displacement was insufficient [7, 27].

The quality of the recovered trajectory was evaluated using the evo package, a
standard tool for trajectory analysis in robotics, SLAM, and visual odometry. For external
accuracy assessment, the APE (Absolute Pose Error) and RPE (Relative Pose Error)
metrics were used [28, 29].

The APE metric was used to assess the global trajectory error after alignment of the
estimated and reference trajectories. In this work, Sim(3) alignment was employed, that is,
alignment accounting for rotation, translation, and a single global scale factor, which is parti-
cularly important for monocular visual odometry, where the absolute scale cannot be deter-
mined uniquely without additional sensors. Thus, APE characterizes the accumulated drift
and the overall deviation of the estimated trajectory from the reference in a global sense [29].

The RPE metric was used to assess the local error of relative motion over a fixed
temporal baseline. Unlike APE, it reflects the stability of short-term estimation and is less
sensitive to long-term error accumulation. To ensure comparability across all runs, the
analysis was performed over a consistent temporal interval of 0.30 s, which was converted
into the corresponding number of frames, accounting for the sampling stride [28]. At a frame
rate of 20 Hz, this corresponds to a baseline interval of approximately 6 frames.

Since the translational RPE value in metric units strongly depends on the amplitude
of inter-frame displacement, this work additionally considered a normalized form of the
relative error:

RPE,

R Enorm = dred
me

(1)

where RPE, denotes the aggregated translational relative error, d is the median inter-frame
displacement of the corresponding points in pixels, and ¢ is a small positive stabilizing term.
Such normalization reduces the influence of varying motion intensity across individual
fragments and enables a more meaningful comparison of cases with similar absolute error
but different motion observability. In addition, for the analysis of rotational stability, tail-risk
indicators derived from the angular RPE were used, in particular rotation error percentiles
and the proportions of large deviations.

The internal quality assessment of local features in the VO task is based on a
combination of geometric and spatial-structural components.

The basic geometric characteristic of a correspondence set is the proportion of inliers
among all verified matches. It is calculated as the ratio of inliers consistent with the
estimated geometric model to the total number of correspondences [30]. However, the inlier
ratio alone does not indicate how closely these correspondences match the estimated
model. Two correspondence sets may have similar inlier ratio values but differ significantly
in residual geometric error. Therefore, a modified indicator is used in this work:

N-:
= —exp(=e), 2)
match

Gratio
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5= med(e%mpson)’ (3)
T

where med(eszampson) is the median squared Sampson error for the inliers [27], and zis

the geometric threshold used in the USAC verification procedure. High values of Gratio
correspond to cases in which the correspondence set simultaneously exhibits a high inlier
ratio and a low residual geometric error.

For reliable motion recovery, geometric consistency of correspondences alone is not
sufficient, since the quality of translation estimation strongly depends on the magnitude of
inter-frame point displacement. When the displacement is small, the motion becomes less
informative, and the recovery of spatial structure becomes less stable [7, 30]. Therefore,
an additional parallax-based indicator is used:

d
Pscore =1 —exp <_ Z:d)' 4)

where d,,,.q is the median inter-frame displacement of corresponding points in pixels, and
Do is a reference parameter. This function increases with parallax: for small displacement,
P;.ore it approaches zero, whereas for sufficiently large displacement, it approaches one.
Therefore, the indicator P, characterizes motion observability and the suitability of the
current configuration for stable estimation of translation [27, 30].

The second characteristic is the cheirality indicator:

N, chier

)
Ning

(%)

Cheirality,qtio =

where N_ier is the number of inliers for which positive depth is obtained after pose
recovery, and N;,; is the total number of inliers. This indicator follows from the cheirality
check: a physically valid solution is the one for which the reconstructed 3D points lie in front
of both cameras [24, 27]. Therefore, Cheirality,,;;, characterizes the physical validity of
the recovered configuration. High values of Cheirality,,;;, correspond to cases in which
most inliers support a correct spatial solution, whereas a decrease in this indicator may
indicate estimation instability or a weak 3D interpretation [30].

Taking these factors into account, the final geometric component for the visual
odometry task was defined as follows:

Gyo = Gratio * Bscoe * Cheirality,qtio- (6)

This form accounts for the fact that, for reliable motion estimation, a high inlier ratio
alone isn't enough. Adequate inter-frame displacement and the physical correctness of the
recovered spatial structure are also essential.

The spatial-structural component is based on three metrics proposed in the previous
study [6]: CUI, SCS, and RI. The Coverage Uniformity Index (CUI) evaluates the uniformity
of image-plane coverage. The Scene Consistency Score (SCS) measures the consistency
between the scene structure and the structural composition of the point set.

To assess the local spatial redundancy of inliers, a modified Redundancy Index (RI)
was used. Unlike the basic version, which evaluates redundancy using a fixed
neighborhood threshold [6], this work defines the neighborhood radius relative to the image
diagonal. Such normalization reduces the metric's dependence on image resolution and
enables a more meaningful comparison of configurations with different point counts. For
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each point, the number of neighbors within a radius r =yD is counted, where D is the
image diagonal. The obtained local neighbor count is then compared with the expected
density level for the current point set [31-33]. The final Rl value is defined as the average
over all points. It takes values in the range [0,1]: low values correspond to a more uniform
distribution, whereas high values indicate local clustering and point redundancy.

This modification follows from the fact that, for local feature analysis tasks, it is
important to consider not only the total number of points but also the nature of their spatial
arrangement. Previous studies [6] have shown that the spatial distribution of keypoints is
an independent quality characteristic, since excessive local concentration reduces scene
coverage even when a large number of features is available [33]. In this work, this idea is
further developed through diagonal normalization of the radius and explicit consideration
of the expected local density, allowing the RI indicator to better reflect redundancy itself
rather than the absolute point density.

For the integral description of spatial-structural quality, the following component was
used:

1
Syo = 3 (CUI + (1 — RI)? + SCS), (7)

where the quadratic term (1 — RI)? increases the penalty for local redundancy. The use
of (1 — RI)?, rather than the linear form (1 — RI), makes it possible to distinguish more
clearly between point sets with moderate and high clustering.

The final integral indicator for the monocular visual odometry task is defined as:

QVO = 0.62- GVO + 0.38- Svo, (8)

where the geometric component is assigned a higher weight, since it is the primary factor
determining the correctness of motion recovery, whereas the spatial-structural component
explains the stability of estimation and robustness to local deformations and non-uniform
scene structure.

Since visual odometry is a stepwise procedure and may contain failed steps, an
additional penalty was introduced for the integral score based on the frequency of
unsuccessful steps. Let f € [0,1] denote the proportion of failed steps in a run (fail rate).
Then the penalized score is defined as:

Qpen = Qyo - (1 — /). 9)

Thus, the proposed methodology combines two levels of evaluation. The external level
characterizes the actual trajectory accuracy as measured by APE and RPE. In contrast,
the internal level explains this behavior through the geometric reliability of
correspondences, motion observability, and the spatial-structural balance of inliers. Such
a design makes it possible not only to rank the methods, but also to interpret the reasons
for their behavior under monocular visual odometry conditions.

RESULTS AND DISCUSSION

In all the presented plots, the values of the analyzed metrics are reported as the
median for each experiment. This form of representation was chosen because the
distributions of indicators in the monocular visual odometry task may contain outliers and
locally unstable estimates. In contrast, the median provides a more robust and
representative summary.
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Fig. 2 shows the dependence of the geometric consistency index, Gratio, On the number
of keypoints, N. In general, AKAZE demonstrates the highest metric values in most
sequences, while SURF is usually second or close to the best result. For AKAZE, the Gratio
values remain consistently high: in the MH_01_easy, V1_01_easy, and MH_05_difficult
sequences, they are close to 0.91-0.93, while in the more challenging V1_03_difficult
sequence, they remain at approximately 0.82.

SIFT and KAZE also show fairly high results; however, they generally remain below
AKAZE and SURF. For example, at N=1000 in V1_01_easy, the Gratio value is 0.929 for
AKAZE, 0.905 for SURF, 0.903 for SIFT, and 0.884 for KAZE.

ORB and BRISK provide lower-level geometric consistency. In most sequences, ORB
yields the lowest values among the classical methods, while BRISK usually outperforms
ORB but remains noticeably inferior to AKAZE, SURF, and SIFT. For example, in
MH_03_medium at N=1000, the value of Gratio for BRISK equals 0.784, whereas for AKAZE
it reaches 0.905, corresponding to a difference of approximately 15.4%.

SuperPoint demonstrates the most pronounced negative trend: as N increases, its
Gratio value systematically decreases in all sequences. In particular, in MH_01_easy, the
indicator decreases from 0.776 to 0.693 (approximately 10.7%); in V1_01_easy, from 0.691
to 0.609 (11.9%); and in V1_03_difficult, from 0.576 to 0.487 (15.5%). This indicates that
increasing the number of points for this method does not improve geometric consistency
but, on the contrary, worsens it. However, in some cases, SuperPoint was more effective
than ORB. It can also be observed that SuperPoint 's performance depends on sequence
difficulty. For classical methods, the dependence of performance on sequence difficulty is
less evident.

Thus, according to the Gratio metric, the most stable results were achieved by AKAZE
and SURF, whereas SuperPoint proved most sensitive to increasing the number of points.
Overall, the obtained results confirm that increasing the number of keypoints by itself does
not guarantee an improvement in the geometric quality of correspondences.

Fig. 3 presents the dependence of the parallax indicator Pscore On the number of
keypoints. Unlike the Gratio metric, the separation between methods is considerably weaker
in this case, and in some sequences, the values from different detectors remain very close.
This indicates that, within the present experiment, the parallax indicator should rather be
regarded as an indicator of overall motion observability than as an independent criterion
for clear method ranking.

—¥- SIFT SURF 4 KAZE -4 ORB BRISK —e— AKAZE --#- SUPERPOINT
MH_01_easy MH_03_medium MH_05_difficult
0.9 - 09| ¥ ——_—_——-——¥-===
- —-—— S A S i Y ol T— =2 ¥
0.9 h._A_T~—X::f-___.._X.... F ST :.4‘>~ : o : e u e— 1 1 o
2 208 208
Cos [ e
[t B — o' —— o $=. . e . .
—— D | 0.7] ®=mmic _,,:,5.\‘:__.:__:_. ............. . 0.7 =T
* * * ~— —n.
0.7 T—a T~ T—w
200 400 600 800 1000 200 400 600 800 1000 200 400 600 800 1000
Number of keypoints Number of keypoints Number of keypoints
A) B) <)
V1_01_easy V1_02_medium V1_03_difficult

—————
R TR
R S S S G ——

, LS S ~——
06) , _
——
0.5 B e i
200 400 600 800 1000 200 400 600 800 1000 200 400 600 800 1000
Number of keypoints Number of keypoints Number of keypoints
D) E) F)

Fig. 2. Median values of G.. vs. the number of keypoints for different detectors in the EuRoC sequences:
(A) MH_01_easy, (B) MH_03_medium, (C) MH_05_difficult, (D) V1_01_easy, (E) V1_02_medium,
(F) V1_03_difficult.
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Fig. 3. Median values of P Vvs. the number of keypoints for different detectors in the EuRoC sequences:
(A) MH_01_easy, (B) MH_03_medium, (C) MH_05_difficult, (D) V1_01_easy, (E) V1_02_medium,
(F) V1_03_difficult.

The most noticeable separation between detectors is observed in the MH_01_easy,
MH_03_medium, and MH_05_difficult sequences, where certain methods produce higher
or lower Pscore Values, although the overall difference remains moderate. In these cases,
ORB is more often found in the lower part of the group, whereas SIFT, SURF, KAZE, or
SuperPoint yield slightly better results depending on the sequence. At the same time, as
the number of points increases, most methods exhibit either a slight improvement or a rapid
transition to a saturation.

A different pattern is observed for V1_02_medium and V1_03_difficult, where almost
all methods yield very high, closely matched P.... values. Under such conditions, this metric
does not effectively separate the detectors, indicating its limited discriminative ability in
sequences where motion observability is generally favorable for most methods.

Thus, Pscore should primarily be considered an auxiliary geometric indicator that
characterizes the conditions for reliable motion estimation but is not by itself sufficient for the
final comparison of detectors. For this reason, its interpretation is most meaningful when
combined with Gratio, the proportion of correct cheirality, and the integral quality indicator.

Fig. 4 illustrates the dependence of the correct cheirality ratio on the number of
keypoints. The obtained results indicate that this metric depends more strongly on the
sequence type than Pscore: across different scenes, not only the absolute levels of the
values change, but also the relative positions of the methods. This means that a complex
interaction between detector properties and the characteristics of a particular sequence
determines the physical validity of the recovered spatial configuration.

Unlike Pscore, Which in some cases hardly separates the methods, the correct
cheirality ratio more often reveals pronounced differences between detectors. At the
same time, no universal leader is observed: in different sequences, the best results are
demonstrated by SURF, SIFT, KAZE, AKAZE, or SuperPoint. This pattern is indicative,
as it shows that even under similar motion observability conditions, different methods
may differ substantially in their ability to form correspondences suitable for physically
valid scene geometry recovery.

Therefore, this metric is an important complement to the other geometric indicators,
as it allows evaluation not only of the consistency of correspondences but also of their
suitability for correct spatial reconstruction. At the same time, its results further confirm the
relevance of a comprehensive analysis, because it does not, on its own, provide a complete
ranking of the methods.
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Fig. 4. Median values of Cheirality ratio vs. the number of keypoints for different detectors in the EuRoC
sequences: (A) MH_01_easy, (B) MH_03_medium, (C) MH_05_difficult, (D) V1_01_easy,
(E) V1_02_medium, (F) V1_03_difficult.

Fig. 5 shows the dependence of the inlier coverage uniformity indicator CUI on the
number of keypoints. A common trend is observed across all investigated sequences: as
the number of keypoints increases, the metric value either rises or gradually reaches a
saturation regime. This indicates that increasing the number of keypoints generally
contributes to a more complete and more uniform spatial coverage of the scene by correct
correspondences.

SuperPoint primarily demonstrates the highest CUI values in all six sequences, while
SUREF is usually the second-best method. For example, in MH_01_easy at N=1000, the
CUI value for SuperPoint is approximately 0.806, whereas for SURF it is 0.778, for AKAZE
0.706, and for ORB 0.598. Thus, the advantage of SuperPoint over ORB is approximately
34.8%, and over AKAZE about 14.2%. A similar pattern is also observed for
MH_03_medium, where at N=1000 SuperPoint reaches approximately 0.756, whereas
ORB achieves only 0.555.

In V1_01_easy and V1_03_difficult, the absolute metric values are lower across all
methods; however, the relative separation between them remains. For example, in
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Fig. 5. Median values of CUI vs. the number of keypoints for different detectors in the EuRoC sequences:
(A) MH_01_easy, (B) MH_03_medium, (C) MH_05_difficult, (D) V1_01_easy, (E) V1_02_medium,
(F) V1_03_difficult.
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V1_03_difficult at N=1000, the value for SuperPoint is approximately 0.551, for SURF
0.523, whereas for ORB it is only 0.323. This means that SuperPoint exceeds ORB by
approximately 1.7 times. Thus, even under more challenging conditions, SuperPoint and
SURF remain in the upper part of the group, while ORB consistently demonstrates the
lowest or near-lowest values.

AKAZE, KAZE, and SIFT form a middle group of methods, characterized by either a
moderate increase in CUI or stabilization after N=400-600. BRISK also improves coverage
as the number of points increases; however, in most cases, it remains inferior to this group.
Therefore, the CUI metric effectively reflects the spatial completeness of scene coverage
by inliers and shows that SuperPoint provides the most uniform distribution of correct
correspondences over the image. At the same time, the absolute level of the metric also
depends on the particular sequence, so its values should primarily be interpreted within
each scene separately.

Fig. 6 presents the dependence of the normalized indicator of local inlier redundancy,
RI, on the number of keypoints, with lower values indicating better results. A common trend
is observed across all investigated sequences: as N increases, the Rl value rises, that is,
local redundancy becomes stronger. This means that as the number of points increases,
inliers increasingly concentrate in individual local regions, even as the overall scene
coverage improves.

SuperPoint consistently shows the lowest RI values across all six sequences. For
example, in MH_01_easy at N=1000, its value is approximately 0.303, whereas for ORB it
is 0.835, for BRISK 0.659, and for AKAZE 0.600. Thus, relative to ORB, the value for
SuperPoint is approximately 2.8 times lower, and relative to AKAZE, almost 2 times lower.
A similar pattern is observed in other sequences as well, in particular in MH_03_medium,
MH_05_difficult, and V1_03_difficult.

The worst results are usually shown by ORB, which, in all cases, has the highest or
near-highest metric values. For example, in V1_01_easy at N=1000, the ORB value is
approximately 0.886, whereas for SIFT it is 0.714, for SURF 0.570, and for SuperPoint
0.455. This indicates a substantially higher local concentration of inliers for ORB compared
with the other methods.

In most sequences, SIFT and SURF form a relatively favorable group, with lower
redundancy than AKAZE, KAZE, and BRISK. For SIFT and SURF, the increase in Rl when
moving from N=200 to N=400 is noticeable, but afterwards the changes become smaller or
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Fig. 6. Median values of Rl vs. the number of keypoints for different detectors in the EuRoC sequences: (A)
MH_01_easy, (B) MH_03_medium, (C) MH_05_difficult, (D) V1_01_easy, (E) V1_02_medium, (F)
V1_03_difficult.
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reach a saturation regime. In contrast, for ORB, BRISK, AKAZE, and KAZE, the metric
values remain at a higher level in almost all sequences.

Thus, the RI metric complements CUI well: if CUI reflects the completeness of scene
coverage by inliers, then Rl shows how strongly these inliers are locally clustered. In this
respect, SuperPoint proved to be the best, whereas ORB was the weakest. At the same
time, the absolute level of the metric partly depends on the particular sequence, so its
values should primarily be interpreted within each scene separately.

Fig. 7 illustrates the dependence of the inlier structural consistency indicator SCS on
the number of keypoints N. Unlike CUI and RI, a different group of leaders can be clearly
identified here: in all investigated sequences, the highest SCS values are consistently
demonstrated by SURF, while KAZE and AKAZE usually form a second group of methods
that also achieve high results.

For SURF, the metric values are the highest in all six sequences and, in most cases,
either increase with the number of keypoints or remain close to their maximum levels. For
example, in MH_01_easy at N=1000, the SCS value for SURF is approximately 0.922,
whereas for AKAZE it is 0.779, for SIFT 0.494, and for ORB 0.297. Thus, the advantage of
SURF over AKAZE is approximately 18.4%, while over ORB it is about threefold. A similar
pattern is also observed for V1_03_difficult, where at N=1000 SURF exceeds AKAZE by
approximately 18.6% and ORB by about 2.5 times.

KAZE and AKAZE are part of a group of methods with high values, though lower than
SURF. In most sequences, they are characterized by either only slight changes or a
moderate decrease in SCS as the number of keypoints increases. SIFT usually occupies
an intermediate position between this group and the methods with low structural
consistency. In most cases, the lowest metric values are observed for ORB, BRISK, and
SuperPoint, with ORB often being the weakest method.

Thus, the SCS metric effectively reflects the correspondence between the spatial
distribution of inliers and the scene's structure. While SuperPoint showed the best results
in terms of CUI and RI, SURF is the clear leader in terms of SCS. This confirms that
distinct spatial-structural metrics characterize different aspects of inlier quality and should
therefore be considered jointly. At the same time, the absolute level of the metric also
depends on the particular sequence, so its values should primarily be interpreted within
each scene.

Fig. 8 presents the dependence of the penalized integral quality indicator Qpen on the
number of keypoints. Unlike the individual geometric and spatial-structural metrics, this
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Fig. 7. Median values of SCS vs. the number of keypoints for different detectors in the EuRoC sequences:
(A) MH_01_easy, (B) MH_03_medium, (C) MH_05_difficult, (D) V1_01_easy, (E) V1_02_medium,
(F) V1_03_difficult.
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Fig. 8. Median values of Qpen Vs. the number of keypoints for different detectors in the EuRoC sequences:
(A) MH_01_easy, (B) MH_03_medium, (C) MH_05_difficult, (D) V1_01_easy, (E) V1_02_medium,
(F) V1_03_difficult.

indicator summarizes their combined contribution and therefore provides a more
comprehensive view of detector suitability in the monocular visual odometry task.

In most sequences, SURF consistently achieves the highest Qpen values, indicating
the best balance among geometric quality, spatial coverage, Qpen consistency, and penalty
components. For example, at N=1000, the Qpen value for SURF is approximately 0.308 in
MH_01_easy, 0.355in V1_01_easy, and 0.567 in V1_03_difficult.

A second group of methods is usually composed of AKAZE and KAZE, which, in most
cases, produce similar Qpen values. For example, in V1_02_medium at N=1000, AKAZE
reaches approximately 0.649, while KAZE and SIFT vyield close but slightly lower values. A
similar pattern is observed in V1_03_difficult, where AKAZE and KAZE also form the upper
group after SURF, consistent with their high geometric metric values.

SuperPoint demonstrates non-uniform behavior. In some sequences, its Qpen values
are relatively high at small N, but then tend to decrease or stagnate. For example, in
V1_03_difficult, the value for SuperPoint decreases from 0.459 at N=200 to 0.360 at
N=1000, that is, by approximately 21.6%. This is in good agreement with the previously
observed decrease in Gratio for this method as the number of points increases.

ORB demonstrates the lowest Qpen values in almost all sequences, while BRISK
usually occupies an intermediate position between ORB and the group of stronger
methods. For example, in MH_01_easy and V1_01_easy at N=1000, SURF exceeds ORB
by approximately twofold. This confirms that ORB's weaker performance is observed not
only in individual components but also in the overall assessment.

Thus, the Qpen metric consistently summarizes the previous observations: SURF
proved to be the most stable leader in terms of overall quality, AKAZE and KAZE formed a
strong second group, whereas ORB and, to some extent, BRISK demonstrated lower
overall suitability. SuperPoint, despite strong performance on some individual spatial
metrics, remains inferior to the leaders due to its weaker geometric component, which
becomes especially evident at large N. At the same time, the absolute level of the integral
indicator also depends on the particular sequence, so its values should primarily be
interpreted within each scene.

To analyze the relationship between the spatial-geometric indicators and odometry
errors, Spearman rank correlation matrices were constructed separately for each EuRoC
sequence, as shown in Fig. 9. This approach made it possible to reveal that both the
strength and even the sign of the correlations may vary depending on the particular scene,
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Fig. 9. Spearman rank correlation matrices between the spatial-geometric predictors and odometry error metrics
for individual EuRoC sequences: (A) MH_01_easy, (B) MH_03_medium, (C) MH_05_difficult,
(D) V1_01_easy, (E) V1_02_medium, (F) V1_03_difficult.

motion pattern, and observation conditions; that is, the informativeness of the metrics has
a pronounced sequence-dependent character.

For the Machine Hall sequences, the most consistent relationship with odometry
quality is demonstrated by the inlier coverage uniformity indicator RI, for which negative
correlations are predominantly observed with translational errors, rotational tail-risk
indicators, and failure rate. For example, for MH_01_easy, the correlation between the inlier
coverage uniformity indicator and the failure rate is p = —0.63, and for MH_03_medium, it
is p =—-0.67. The local redundancy index RI, in contrast, shows mostly positive correlations
with the error measures, consistent with the negative effect of local inlier clustering. For
some sequences in this group, a pronounced relationship is also observed between the
parallax indicator Pscore and the normalized relative translational error RPEnom; in particular,
for MH_03_medium, the correlation is p = —0.97.

For the Vicon Room sequences, the strongest and most stable relationship with
translational errors is most often observed with the parallax indicator, underscoring the
importance of motion observability under these conditions. For example, for
V1_02_medium, the correlation between the parallax indicator and the normalized relative
translational error is p = —=0.91, and for V1_03_difficult, it is p = —0.74. At the same time,
the inlier coverage uniformity indicator remains substantially related to odometry stability;
in particular, for V1_03_difficult, its correlation with the failure rate is p =-0.79. Other
metrics, including the correct cheirality ratio, the inlier structural consistency indicator SCS,
and the penalized integral quality indicator Qpen, exhibit a less homogeneous pattern,
indicating stronger dependence on the specific scenario.

Thus, the matrices for the individual sequences confirm that no single partial metric
serves as a universal predictor of trajectory error. The most informative indicators for
explaining changes in odometry quality were the inlier coverage uniformity indicator, the
parallax indicator, and the normalized local redundancy indicator. The correlations
themselves should be interpreted as indicators of a monotonic relationship rather than as
direct evidence of causality.

The obtained results showed that different groups of metrics emphasize different
aspects of the suitability of local features for the monocular visual odometry task. This is
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especially evident in cases where a method exhibits strong spatial characteristics but lacks
the same level of geometric reliability. In particular, SuperPoint proved to be one of the best
methods in terms of coverage, uniformity and local redundancy. Yet its advantage was not
preserved in the geometric metrics and the penalized integral indicator. This result indicates
that good spatial coverage alone does not guarantee the best suitability for motion estimation.

In contrast, SURF was not always the unconditional leader across all individual partial
metrics, yet it demonstrated the most stable balance among geometric consistency,
structural correspondence, and integral assessment. This provides grounds for considering
the balance of characteristics to be a more important property for practical use in VO than
the maximization of any single criterion. In this sense, the results confirm that evaluating
local features in visual odometry tasks should be based not on a single “best” indicator but
on a set of complementary criteria.

At the same time, the correlation analysis showed that the informativeness of the
partial metrics regarding odometry quality varies with the sequence type. In some scenes,
uniform inlier coverage is more important, whereas in others, motion-observability
characteristics are more informative. This means that there is no simple universal
relationship between local feature quality and the final trajectory error. Such heterogeneity
further confirms the relevance of a comprehensive evaluation approach that considers
different metrics jointly. At the same time, the integral indicator is used as a means of
generalized ranking rather than as a direct replacement for trajectory-based metrics.

CONCLUSION

This study presents a comprehensive investigation of local feature quality in
monocular visual odometry using a combination of geometric, spatial-structural, and
integral indicators. The performed analysis showed that no single metric is sufficient for a
complete characterization of detector suitability for the VO task, since different indicators
reflect different aspects of correspondence quality. According to geometric metrics, the
best results were achieved by AKAZE, SURF, and partially by SIFT. In contrast, in terms
of spatial-structural indicators, SuperPoint showed an advantage in inlier coverage
uniformity and local redundancy, while SURF was superior in structural consistency.

It was shown that, as the number of keypoints increases, the results for most methods
initially improve, but then often reach a saturation regime and in some cases even
deteriorate. This indicates that the practical effectiveness of a detector is determined not
only by the number of detected features, but also by their informativeness, spatial
distribution, and ability to form geometrically valid correspondences. It was established that
SUREF is the most balanced method in the conducted experiments, as it consistently ranks
among the leaders across different partial criteria and attains the highest values of the
penalized integral quality indicator. AKAZE and KAZE formed a strong second group,
whereas ORB showed the weakest results in most cases, both for the partial metrics and
for the integral assessment.

The correlation analysis showed that the relationship between the partial metrics and
the odometry quality indicators varies across sequences. For the Machine Hall group, the
most informative indicator was the uniformity of inlier coverage. In contrast, for the Vicon
Room group, the strongest relationship with translational errors was demonstrated by the
parallax indicator. This confirms that no single metric can be regarded as a universal
indicator of VO quality for all scene types, and that the integral approach is an appropriate
means of multicriteria generalization and ranking.

Thus, the proposed approach to the spatial-geometric evaluation of local features
enables not only comparison of methods but also explanation of their respective strengths
and weaknesses in the context of visual odometry. The practical value of the obtained
results lies in the ability to make a well-grounded detector choice based on the
requirements of a particular application and the observation conditions.
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Prospects for further research are associated with the use of other types of datasets,
in particular those with more pronounced variations in illumination, texture, scene
dynamics, and motion scale. It is also advisable to further investigate the behavior of the
proposed indicators in combination with modern neural network-based detectors and
descriptors, and to verify their suitability not only for monocular visual odometry but also for
a broader range of tasks, including SLAM. A separate direction for future work will be to
improve the integral indicator by adaptively adjusting the weighting coefficients based on
the scene type.
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NPOCTOPOBO-FTEOMETPUYHE OLIHIOBAHHSA NOKANbHUX O3HAK Y
MOHOKYNSAPHIN BI3YAIIbHIM OOOMETPIi

AHApili ®ecrok* DO, IOpiti ®ypzana O

Kagpedpa onmoenekmpoHiku ma iHgbopmauitiHux mexHoroaili
JibsiecbKuli HayioHanbHUl yHieepcumem iMeHi IsaHa ®paHka,
8yn. [ipazomaHosa 50, 79005 Jibeie, YkpaiHa

AHOTALIA

Bctyn. MoHokynsipHa BidyanbHa ogomeTpisa (BO) € BaxnvMBMM KOMMOHEHTOM CUCTEM
Bi3yanbHOi HaBirauii, OfHaKk il TOYHICTb 3aNeXUTb Bif SKOCTi NOKaNbHUX 03HAK i MiXXkagapoBUX
BignosigHocTen. Y 3agadvi BO BaxnvBuMU € He nuLie reoMeTpuyHa Y3romKeHicTb, a 1
CMoCTepexyBaHICTb pyxy, disnyHa KOPEKTHICTb BiAHOBNEHOI KOHirypadii Ta npocTopoBo-
CTPYKTYpHi BMacTMBOCTI nokanbHUX O3Hak. MeTow poboTU € KOMMMeKCHe OLiHIOBaHHS
METOLIB BUSIBINIEHHSI Ta ONMUCY OCOBMBMX TOYOK Y MOHOKYISIPHIN BidyanbHin ogomeTpil.

Marepianu Tta metoau. [ocnigxeHHs npoBedeHo Ha Habopi gaHux EuRoC MAV.
MpoananisoBaHo metoan ORB, BRISK, AKAZE, KAZE, SIFT, SURF Ta SuperPoint 3a
KinbKkocTi krtovoBmx Toyok Big 200 go 1000. OujiHioBaHHA pyxy BMKOHYBarocs Ha OCHOBI
icTOTHOT MaTpuui 3 BUkopucTaHHsaM dinbtpa USAC_FAST, meTtoay recoverPose, nepesipku
MiHiIManbHOro napanakcy Ta NPOCTOPOBO KEPOBAHOIO BiAOOPY KIHOYOBUX TOYOK. TOYHICTb
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Andriy Fesiuk & Yuriy Furgala

BiHOBIEHOI TpaekTopii ouiHtoBann 3a meTpukamm APE Ta RPE. [ns aHanidy akocTi
noKarnbHMUX O3HaK i Bi4NOBIOHOCTEWN BMKOPUCTOBYBANN reOMETPUYHY CKIagoBy, MOKa3HUK
napanakcy, 4YacTKy KOPEeKTHOI XipanbHOCTi, a TaKoX MEeTPUKM PiBHOMIPHOCTI MOKPUTTS
0COGNMBUMK TOYKaMW, FOKanNbHOI HaAMULLKOBOCTI Ta CTPYKTYPHOI Yy3romkeHocTi. [ns
y3aranbHeHHs1 pe3ynbTaTiB 3aCTOCOBAHO iHTerparnbHU NOKA3HMK SKOCTI.

PesynbTtatn. NeomeTpuyHi MeTpukn Hanyactiwe BuainsiotTe anroputmn AKAZE Ta
SUREF, Togi sik 3a NpOCTOPOBMMUY XapakTepUCTMKaMM CUIbHI No3uLii mae metog SuperPoint.
3a noKasHMKOM CTPYKTYpPHOI Y3ro[pKeHOCTi BiAMOBIAHOCTEN HaMWKpalli pe3ynbTaTtu
ctabinbHo gemoHcTpye anroputm SURF. 3i 36inblUEHHAM KiNbKOCTI KIHOYOBUX TOYOK OIS
GiNbLIOCTI METOAIB CNOCTEPIraeTbCs NoYaTKoBE MOKPALLEHHS pe3ynbTaTiB i3 nofanblumm
HacW4eHHAM, a B AesiKMX BUMagkax — MOripLIEHHs OKpeMUX XapakTepucTuk. Hanbinbiu
36anaHcoBaHVM METOAOM 3a CyKymnHicTio kputepiiB Bussnesca SURF, Toai sk anroputm ORB
y 6inbliocTi BMNaakiB NpoAEeMOHCTPYBaB Hancnablwi pesynbtaTtv. Kopensauiihui aHanis
nokasas, L0 iH(POPMaTUBHICTb METPUK 3aneXuTb Bif TUNY NOCNIAOBHOCTI.

BucHoBkn. 3anponoHoBaHWi nigxig nNiaTBepamB AOUINbHICTL GaraTokpuTepianbHOro
OLiHIOBaHHSA NOKanbHUX O3HaK Y MOHOKYMAPHIN BidyanbHii ogomeTpil. MokasaHo, wo xogHa
oKpema MeTpuKa He € yHiBepcarnbHOI AMs BCiX TUMIB CLEH, ToAi SK iHTerpanbHUin NoKasHuK
[O3BOMSE y3aranbHUTWM Pi3HI acnekTu $KoCTi Ta BUKOHyBaTuM Oinblw o6rpyHTOBaHe
paHXyBaHHSA MeToZiB.

Knro4oei croesa: MOHOKyNsipHa BidyanbHa OOOMETPISA, BUSBMEHHS KITHOYOBMX TOYOK,
3icTaBneHHa 300paxeHb, OUIHIOBaHHSA pyXy, rmMuboke HaBYaHHHA, HEWpPOHHI
Mepexi.
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