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STRUCTURAL VISION-BASED UAV NAVIGATION USING HESS
MATRIX AND B-SPLINE MODELING

This article presents a structural approach to the vision-based navigation of unmanned aerial vehicles
(UAVs) based on the detection, parametric modeling, and comparison of curvilinear objects extracted from
aerial images. In contrast to conventional image-matching techniques that rely directly on pixel-level intensity
values or raw visual appearance, the proposed method represents objects through their geometric and structural
characteristics. Such a representation reduces the influence of scale variation, translation, partial viewpoint
changes, and other distortions that often degrade the reliability of direct image comparison in real navigation
scenarios. As a result, the method is more robust and better adapted to UAV operation in environments where
the appearance of observed objects may change significantly.

A central component of the proposed approach is the selection of control points for B-spline approximation
using the Hessian matrix. Hessian-based analysis makes it possible to identify the most informative contour
points by evaluating the local second-order structure of the image and emphasizing regions with significant
curvature changes. This allows the extraction of essential structural elements of curvilinear objects while
suppressing redundant or less informative details. The selected points are then used to construct a B-spline
model that provides a smooth, compact, and stable parametric representation of object shape.

The combination of Hessian-based point selection and B-spline modeling forms a mathematically grounded
framework for the reliable description, comparison, and identification of curvilinear objects. A distinctive
feature of the proposed method is that comparison is performed not on the original images themselves, but
on spline curves and their characteristic parameters. This significantly reduces computational complexity
and increases interpretability. Owing to its structural nature, the method is particularly suitable for UAV
navigation tasks in which lightweight, robust, and invariant object representation is required for matching
current observations with previously stored reference data and for supporting accurate localization in visually
complex scenes.
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Formulation of the problem. In vision-based
UAV navigation, one of the key tasks is the compari-
son of visual objects extracted from the current frame
with previously stored reference images or structural
models. For this purpose, geometric features of roads,
rivers, boundary lines, and other elongated objects
can be used. Since such objects provide more stable
visual landmarks along the route, extracting their
contour and curvature characteristics helps improve
localization accuracy. Especially in GNSS-denied
environments, representation methods based on struc-
tural features are considered both computationally
efficient and suitable for real-time comparison [1].

Analysis of recent research and publications.
Detecting curvilinear structures in digital images is
one of the important theoretical and applied problems
in digital image processing and computer vision.
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Since curves represent object boundaries, contours,
trajectories, and shape characteristics, their reliable
extraction is essential for object recognition, shape
analysis, medical image processing, cartographic data
extraction, industrial inspection, and vision-based
navigation systems. The separation of linear and cur-
vilinear structures plays a particularly important role
in the extraction of objects such as roads, shorelines,
canals, and riverbeds from images [2].

Classical approaches to edge and contour detec-
tion in images are primarily based on first-order
derivative gradient methods. In this context, the
edge detector proposed by Canny is considered one
of the most widely used methods. This approach
defines precise criteria for edge point extraction
and aims to optimize edge detection with respect
to detection accuracy, localization, and the reduc-
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tion of false responses. However, gradient-based
operators mainly detect sharp intensity changes and
therefore identify the presence of an edge; the local
behavior of a curve, its degree of curvature along a
direction, and the second-order structural variation
of the image are not fully represented by these meth-
ods [3].

For more accurate detection of curvilinear struc-
tures, methods based on second-order derivatives
occupy an important place in the literature. In this
regard, the Hessian matrix provides richer informa-
tion about local curvature, directional variation, and
extremum properties. One of the classical studies
devoted to the extraction of curvilinear structures
is the work of Steger, which demonstrated that
the detection of such structures is one of the basic
low-level operations in computer vision and has
numerous applications [4]. At the same time, Frangi
and co-authors proposed an effective approach for
enhancing vessel-like structures through multiscale
analysis based on the eigenvalues of the Hessian
matrix, confirming the practical value of second-or-
der local structural analysis [5].

Contour points extracted from an image are often
scattered and unstable because of noise, illumina-
tion changes, pixel discretization, and edge detec-
tion errors. For this reason, it is more appropriate
to represent the shape of an object not by a rigid
curve passing through all points, but by a smoother
and more stable parametric model. In this context,
spline methods, especially B-splines, are regarded
as efficient tools both theoretically and practically.
De Boor systematized spline theory from a compu-
tational point of view and justified the representa-
tion of splines as weighted sums of B-splines [6].
Dierckx, in turn, described in detail the algorithmic
and mathematical foundations of curve and surface
fitting with splines [7]. These properties explain the
advantages of B-spline approximation in terms of
local controllability, smoothness, and compact para-
metric representation [8].

Task statement. Thus, although classical edge
detection methods can be employed at the initial
stage for the reliable extraction of curves from
images, approaches based on second-order deriva-
tives, and especially on Hessian analysis, are more
suitable for a fuller description of structural char-
acteristics. Constructing a B-spline approximation
from the selected informative points makes it possi-
ble to represent the object shape in a more compact,
smooth, and comparison-ready form. Therefore,
the detection of curves, their modeling by splines,
and their subsequent comparison based on struc-
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tural parameters can be regarded as a scientifically
grounded approach for the identification of visual
objects.

Outline of the main material of the study

1.1. Method for detecting curves from images

Curve detection in images is carried out after
the preprocessing stage by means of structural
analysis based on second-order derivatives. During
preprocessing, the image is denoised, converted
into grayscale, binarized when necessary, and used
to extract edge information [9]. The purpose of
this stage is to isolate the informative parts of the
image and to form more stable input data for the
subsequent analysis.

In order to detect curves more accurately, the
local geometric properties of the image are analyzed
by means of the Hessian matrix [10]. For the image
intensity function 7(x,y), the Hessian matrix at the
point (x,y) is defined as follows:

e 52 )

Iyx (x’y) I.vy (x’y)

where /., and /,, denote the second-order derivatives
along the x and y directions, respectively, while
I, =1, denotes the mixed derivative.

The presence or absence of local curvature at a
given point is determined on the basis of the eigenval-
ues of the Hessian matrix. The eigenvalues are found
as the roots of the following characteristic equation:

det(H -M)=0,

where H is the Hessian matrix, A is the eigenvalue,
and I is the identity matrix.

By expanding this expression, the following quad-
ratic equation is obtained:

W= (L, =1, )+ (1,0, -12)=0.

X’ yy

Accordingly, the eigenvalues are computed as

A=(1,+1,) ~4(1,1,-1)

(1+1,):45
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The local geometric character of the point is deter-
mined from the signs and relative magnitudes of the
eigenvalues. In order for curvature to be considered
present at the point (x,y), one of the eigenvalues
must be significantly larger than the other, that is, the
following condition must hold:

][0,
This condition indicates the presence of dominant

curvature in one direction and implies that the point
lies on a curve.
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In addition, the points are classified according to
the signs of the eigenvalues as follows:

o If A,>0, &,>0,thepointisa local minimum,;

o If A, <0, &,<0,thepointis alocal maximum;

o If A -X, <0, the point is a saddle point;

o If X =0, A,~0 ,the point belongs to a flat
region with no curvature.

This classification serves two main purposes: it
removes pixels belonging to flat background regions
and it identifies the probable direction of the curve
together with the zones of strong local variation. Thus,
the informative points selected by the Hessian-based
analysis are used in the subsequent approximation
stage as control points.

1.2. Approximation of splines from images

The contour or road points extracted from an
image may be inaccurate and scattered because of
illumination changes, noise, shadows, texture, and
edge-detection errors under real conditions. There-
fore, it is more appropriate to represent the object
shape by a smoothed parametric model rather than by
a rigid curve passing through all detected points. For
this purpose, B-spline approximation is employed.

The general form of a B-spline curve is written
as a linear combination of control points and basis
functions:

n

O(u)= ZENi,k (u),

i=0

where P, are the control points, N, («) is the B-spline
basis function of order &, and u is the parameter.

u-—t, t. —-u
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This representation demonstrates the main advan-
tage of the B-spline method: the basis functions are
local over the parameter interval. Consequently, each
control point affects only a specific portion of the
curve. Therefore, when a local error or discontinuity
occurs in one part of the contour, the entire curve is
not distorted globally.

The accuracy of B-spline approximation depends
directly on the correct selection of control points. If
the control points do not adequately reflect the main
structure of the contour, the resulting curve may devi-
ate from the actual object shape. For this reason, the
control points are formed from the informative points
selected by the Hessian matrix. Since points charac-
terized by local curvature and extremum-like behav-
ior represent the main structural properties of the
contour, using such points as control points improves
both the stability of the approximation and the relia-
bility of the comparison stage.

1.3. Comparison of images by comparing curves

During video-based navigation, the current posi-
tion of the platform is determined by comparing the
observed objects with previously known references
[11, 12]. For this purpose, curve-like objects extracted
from reference images are modeled by B-splines and
their characteristic parameters are stored. The same
processing sequence is then applied to the currently
observed image in order to construct the correspond-
ing spline. As a result, the problem is formulated not
as a comparison of raw images, but as a comparison
of spline curves.

In the comparison stage, the control points of the
curve are used as the principal features. If », denotes
the selected features of the observed curve and 7, (t,)
denotes the features of the reference curve, then, in the
simplest case, the similarity criterion can be written as

The reference curve with the minimum difference
is accepted as the matching object.

This corresponds to the simplest comparison case,
in which scaling, rotation, and translation are not
taken into account.

In the more general case, R rotation, b=(b,.b,)
translation, and B scaling are applied to the reference
points. If the transformed reference points are written
as rp,T(t',) , then the correspondence is determined by
minimizing the following residual:

di:z rj_rﬂ,T(t;‘) g
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Thus, the comparison process is brought into a
form that is structurally compact, mathematically
grounded, and applicable to navigation tasks.

1.4. Practical implementation and discussion

The practical validation of the proposed approach
was carried out in Python using the functions provided
by the OpenCYV library [13]. As the initial experimen-
tal data in Figure 1, a ground surface image obtained
from Google Earth was selected, and a sequence of
processing stages was applied to this image. The
processing pipeline consisted of image preparation,
conversion to grayscale, binarization, edge detection,
contour extraction, and, at the final stage, spline-
based curve approximation.

At the initial stage, the color image was converted
into grayscale. After converting grayscale result
shows in Figure 2.

In addition to reducing computational complexity,
this conversion made it possible to analyze intensity
changes more clearly during the subsequent edge-de-
tection stage. The image was then transformed into a
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black-and-white binary form. As a result of binarization,
the distinction between the object and the background
became more explicit, which provided a more suitable
representation for contour and boundary extraction.

Fig. 1. A ground surface image obtained
from Google Earth

Fig. 2. Grayscale result of Earth surface image

At the next stage, the Canny algorithm was applied
to detect edges within the image. The obtained result
showed that the main boundary lines of the object
became more clearly separated from the background
in Figure 3. This stage plays an important role in
forming the initial contour representation of curve-
like structures. The line structures obtained after edge
detection are used as the input data for the subsequent
contour extraction step.

Contour extraction was performed using the
findContours() function of the OpenCV library. As
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a result of this operation, continuous curve lines
describing the objects in the image were identified.
Each detected contour is represented as a sequence of
points located along the boundary. This makes it pos-
sible to obtain a direct discrete geometric description
of the object shape. Such a representation forms the
primary data basis for the subsequent spline approx-
imation stage.

B Edges

Fig. 3. The result obtained in binary format
by applying the Canny algorithm

To construct a smooth curve from the extracted
contour, the splprep() and splev() functions of the
SciPy library were used. At this stage, a smoothed par-
ametric representation of the curve was obtained on
the basis of the contour points. As a result of B-spline
approximation, the object boundary was represented
not only as a discrete sequence of points, but also as
a more stable and structurally compact curve model.
The obtained spline representation reduced local
irregularities in the contour and revealed the main
trajectory more clearly in Figure 4.

The practical results show that the correct
sequential application of the preprocessing stages
directly affects the quality of the subsequent
curve detection and approximation stages. Con-
version to grayscale and binarization simplify
edge detection, the Canny operator separates the
main boundary lines, the findContours() function
represents these boundaries as discrete contours,
and the splprep() and splev() functions replace
these contours with a smooth curve model. Thus,
the processing chain ensures the gradual transfor-
mation of the raw image into a structurally more
informative representation.
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B Detected Curves = o *

Fig. 4. A representation of the approximated curve
in the image via OPENCV

From the standpoint of discussion, the obtained
results demonstrate that smoothing discrete contours
by means of splines makes the object shape more suit-
able for comparison. Compared with direct pixel-level
or raw contour-point comparison, the spline rep-
resentation provides a more compact parametric model
and therefore creates a basis for simplifying computa-
tions in the subsequent identification stage. This can
be regarded as an important advantage, especially in
vision-based navigation problems where curve-like
objects are compared with reference patterns.

At the same time, since the quality of the contour
depends on the outcome of the initial preprocessing,
the construction of the final curve is also determined
by the accuracy of these stages. If the boundary of
the object is extracted incompletely or is distorted by
noise during edge detection, the sequence of contour

points will also become unstable, and this will affect
the quality of spline approximation. For this reason,
preprocessing, edge detection, and contour extraction
should be considered the main stages that determine
the reliability of the resulting spline representation.

Thus, the program implementation demonstrates
that the extraction of curve-like structures from
ground surface images and their approximation by
a smooth curve can be practically realized using
OpenCV and SciPy tools. The obtained results indi-
cate that the method is structurally workable and cre-
ates an appropriate mathematical basis for subsequent
curve-based comparison and identification stages.

Conclusions. This study presents an approach
for the identification of visual objects based on the
detection of curvilinear structures in images and their
parametric representation. The main advantage of the
proposed method is that objects are described not at
the direct pixel level, but at the level of structural fea-
tures. This makes it possible to reduce the influence
of scale, position, and viewpoint differences during
comparison, that is, to achieve a more invariant rep-
resentation of the image.

A key aspect of the approach is the selection of
control points for B-spline approximation using the
Hessian matrix. The use of Hessian-based analysis
makes it possible to take local curvature properties
into account and to identify the most informative
points of the contour. As a result, the B-spline model
represents the main shape of the object in a more
accurate, smooth, and stable manner.

Thus, the determination of informative points by
means of the Hessian matrix, together with the B-spline
representation constructed from these points, provides
an appropriate mathematical basis for more reliable
comparison and identification of curvilinear objects.
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TForomosa Y.M. CTPYKTYPHO-OPIEHTOBAHA HABITALISA BITJIA
HA OCHOBI KOMIT’FOTEPHOI'O 30PY I3 BUKOPUCTAHHSIM MATPHUIII TECCE
TA B-CILTAMH-MOJIEJTIOBAHHS

Y emammi npeocmaeneno cmpyxkmypnuii nioxio 0o nasieayii besninomuux aimanvhux anapamis (bI1JIA) na
OCHO8I KOMN 'TIOMEPHO20 30y, AKULL IPYHIMYEMbCA HA BUABIEHHI, NAPAMEMPULHOMY MOOENI08AHHI MA NOPIGHAHHI
KPUBOLIHIUIHUX 00 €Kkmis, UOileHux 3 aepodomosnimkie. Ha eiominy 6i0 mpaouyiiinux memooie 3icmaeienHs
300pasicets, Wo 6e3nocepedtbo BUKOPUCMOBYIOMb IHMEHCUBHICMb NIKCeNi6 Ab0 nepeuHHUL 8i3VaATbHULL 8UTAO,
3anpONOHOBAHULL MEMOO NPeOCMAsIAe 00 EKMuU uepes iXHi 2eoMempudHi ma CmpyKmypHi XapaxKmepucmuxi.
Takuii nioxio 3menwiye 8nau8 3mMiH macuimady, 3Cy8y, YACMKOBUX 3MIH MOUKU CNOCMEPEeHCeHHs ma [HUUX
CHOMBOPEHb, SKI 4aCmO 3HUNCYIOMb HAOIUHICMb NPAMO20 HOPIGHAHHA 300pAdNCEHb V PEaibHUX YMOBAX
Hasieayii. ¥ pesynomami memoo € O0inbut cmitikum i kpauge adanmosanum 0o pooomu bIIJIA 6 cepedosuwyax,
0e 308HIWHIN U0 00 EKMI6 MOdICEe CYMMEBD 3MIHIOBAMUCHL.

LlenmpanvHum eremeHmom 3anponoHO8aH020 NIOX00Y € 8UOIP KOHMPOLbHUX MOYOK OJid ANPOKCUMAYTT
B-cnnavinom i3 suxopucmanuam mampuyi lecce. Ananiz Ha ocnosi mampuyi lecce dae 3moey 8uUsHauUmMu
HaubOinbwl iHOpMaMUeHi MOUKU KOHMYPY WLIAXOM OUYIHIOBAHHA JOKANLHOL CMPYKMypu Opy2020 HOPAOKY
300padicerHss ma uoilenHs OLIAHOK 3i 3HAUHUMU 3MIHAMU Kpusuuu. Lle 3abe3neuye @unyuenHs KAHOUOBUX
CMPYKMYPHUX e/leMeHmMi8 KPUBONIHIUHUX 00 €KmMie npu 0OHOYACHOMY NPUSHIYeHHi HAOIUUKOBUX aDO0 MeHW
iH(hopmamuenux Oemanei. Bidibpani mouxku eukopucmosyromscsa 01 nodoyoosu B-cnnatin-mooeni, axa
3abesneuye 21adKe, KOMNAKmue ma cmadiivHe napamempuine npedcmasieHts popmu 06 ekma.

THoeonanna eubopy movok na ocnosi mampuyi I'ecce ma B-cniaiiH-mo0eno8ants hopmye mMamemamuiHo
O0OIPYHMOBAHY OCHO8Y O/ HAOIIHO20 ONUCY, NOPIBHAHHA Ma [0eHmu@ikayii KpugoniHiHux 00 €Kmis.
Biominnoro pucoro 3anpononosanozo memoody € me, WO NOPIGHAHHA BUKOHYEMbCA He MIdC BUXIOHUMU
300PANCEHHAMU, A MIXHC CIIAUHOBUMU KPUBUMU MA IX XapakmepHumu napamempamu. L{e cymmego 3menuiye
00UUCTIIOBANBHY CKIAOHICMb | NIOBUWYE THMEPNPEmOoBaHicmy pe3yibmamis. 3a80aKu C80iti cmpyKmypHill
npupooi memoo ocobnuso npuoamuuii 01 3a0ay Hasieayii BIIJIA, 0e nompione neeke, cmitike ma iHeapianmue
npeocmasients 06’ €xmie 0711 3iCMasieHHs. NOMOYHUX CHOCMEPENCEHD I3 paHiule 30epedceHuMU emaloHHUMU
Oanumu ma 0215 3a0e3neyeHHs. MOYHOI 10KAi3ayii' y 8i3yanbHO CKAAOHUX CYEHAX.

Kntouosi cnosa: FIIJIA, wmasicayis Ha O0CHOBI KOMN tOMEPHO20 30Dy, IHEAPIAHMHICIb 00 MOYKU
cnocmepeoicenns, mampuys I ecce, B-cnnaiin, euasnenns kpusux, OpenCV.
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