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MATHEMATICAL PROBLEMS OF FEATURE MATCHING FOR VISION-GUIDED VEHICLES
WITH LIMITED RESOURCES

Vision-based sensing plays a critical role for autonomous vehicles, where image data serve as the primary input for nav-
igation, mapping, state estimation, and motion control. These operate under real-time and resource-constrained conditions,
requiring feature detection and matching algorithms that are accurate and computationally efficient. A key component of such
pipelines is the identification of keypoints - distinctive image locations x € R? within a digital image function I : R> — R¢, where
c is the channels number, and I(x) € R¢ denotes the local pixel intensity. Each detected keypoint is associated with a descriptor
d € RP encoding a local visual structure in a form invariant to translation, rotation, and moderate scale changes. Keypoints
between two images x; and x;, are matched by comparing descriptors yielding the correspondences x,, <+ x;. Geometric verifica-
tion is performed by estimating a transformation matrix H € R3>*3 and accepting ||x; — Hx;|| < ¢, where ¢ is a matching tolerance.
The proportion of such inlier correspondences referred to as the inlier ratio serves as an accuracy metric. Classical keypoint
methods, e.g. the Scale-Invariant Feature Transform (SIFT) versus learned methods, e.g. the SuperPoint (applied to a manually
constructed dataset of satellite imagery), are mathematically evaluated. Performance is analyzed in terms of inlier ratio and
computational efficiency, reflecting the trade-offs between robustness and resource use. The results pursue design guidelines
for integrating lightweight yet accurate vision algorithms into platforms such as UAVs, enabling reliable visual odometry and the
Simultaneous Localization and Mapping (SLAM) under constrained hardware conditions.
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Introduction

Vision-based sensing has become a cornerstone of modern autonomous vehicles to perceive and navigate complex
environments, where cameras provide rich environmental information for navigation, mapping, and control, with particular
importance in the GPS-denied environments (Boyun et all, 2025). Then the feature detection methods can be divided into
two categories: classical and learned ones. Classical techniques, e.g. the Scale-Invariant Feature Transform (SIFT) (Lowe,
2004), rely on hand-crafted heuristics such as image gradients and binary intensity tests. They are lightweight and facilitate
real-time Simultaneous Localization and Mapping (SLAM) systems (Mur-Artal, Montiel, & Tardos, 2015) and visual odom-
etry computation pipelines (Scaramuzza, & Fraundorfer, 2011)). These are efficient on CPU-based embedded systems but
could be sensitive to noise, illumination, and geometric distortions. The learned methods, e.g. the SuperPoint (DeTone,
Malisiewicz, & Rabinovich, 2018), employ deep neural networks to jointly detect and describe keypoints, as well as learning
robust features, directly from the data. Trained on diverse image collections, they achieve higher repeatability and robust-
ness to viewpoint and illumination changes compared to classical handcrafted descriptors, and became widely adopted in
remote sensing applications (Rusyn, Lutsyk, & Kosarevych, 2021). Combining with learned matchers like SuperGlue (Sarlin
et all, 2020) yields the state-of-the-art results in image matching and relative pose estimation, consistently outperforming
the SIFT. Large-scale benchmarks (Huang et al., 2024) consistently report improved reconstruction quality and localiza-
tion accuracy for learned pipelines. Nevertheless, these improvements come at the expense of computational complexity.
The SuperPoint involves a dense convolutional architecture with multiple encoder/decoder stages, requiring on the order
of several gigaflops (GFLOPs) per forward pass and significant memory to store intermediate feature maps. This causes
longer inference times and practical need for GPU or hardware acceleration to achieve the real-time performance.

We develop a mathematical framework for evaluating and comparing keypoint-based image matching strategies, for-
malize the matching pipeline and compare classical and learned methods in terms of inlier correspondences and runtime.
To evaluate image matching techniques, we construct a custom dataset consisting of a satellite imagery collected by uti-
lizing the Google Maps Static API (Google, 2025), capturing images tile-by-tile over a predefined geographic region. Each
image is defined by the GPS coordinates of its center point and a fixed zoom level ensuring a consistent spatial resolution,
scale and minimal distortion across the dataset. The sampling grid was designed to ensure a partial overlap between the
neighbouring images enabling a robust pairwise matching evaluation.

1. Scale-Invariant Feature Transform (SIFT)
The SIFT is a hand-crafted pipeline for detecting and describing local features. It constructs the scale space represen-
tation L(x, o) by convolving the image with a variable-scale Gaussian kernel G(x, o),

L(x,0) = G(x,0) * I(X),

where x = (z,y)" denotes coordinates of the input image I, o > 0 is the scale parameter. To detect scale-invariant
keypoints, the SIFT computes the Difference of Gaussians (DoG),

D(x,0) = L(x,ko) — L(x,0),
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where k£ > 1 is the multiplicative factor between successive scales. Local extrema of D(x, o) in both spatial and scale
dimensions are selected as candidate keypoints. Each detected keypoint is assigned with a dominant orientation to achieve
rotation invariance: 6(x) = arctan (L,/L.), where L, and L, denote the image derivatives computed from the smoothed
image L(x, o), to introduce a canonical direction for each keypoint based on the predominant edge direction in its local
neighborhood so that the descriptor can be rotated relative to this orientation and remain consistent across rotated views.

The SIFT descriptor is formed by sampling gradient magnitudes and orientations in a region around the keypoint,
partitioning this region into a grid of spatial cells, and computing orientation histograms in each cell. The bins number
in each histogram determines the final descriptor dimension D, which depends on the cells number and the number of
orientation bins per each cell. The resulting vector is normalized to the unit length to improve the robustness.

2. The SuperPoint
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Fig. 1. The SuperPoint (DeTone, Malisiewicz, & Rabinovich, 2018) network architecture. The input image is processed by a
shared convolutional encoder into a low-resolution feature map which is then split into two decoder “heads” for the interest
point detection and descriptor extraction

The SuperPoint backbone is a fully-convolutional neural network consisting of convolutional layers with the ReLU acti-
vations f(x) = max(0, z) interleaved with three 2 x 2 max-pooling layers which reduce the spatial resolution by a factor of 8
to H. = H/8 and W. = W /8. The backbone feeds into two decoder heads. The "detector” head, or interest point decoder
(Fig. fll, upper branch) outputs a score tensor z € R7<xWe*65 \where the first 64 channels represent positions within an
8 x 8 grid cell and the 65-th channel (“dustbin”) indicates the absence of a keypoint. A channel-wise softmax,
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produces a probability vector p; € R%® for each spatial location i. The detector is first trained on a synthetic dataset where
ground-truth keypoints are defined at corners and intersections of primitive geometric figures (e.g., lines, circles, triangles,
squares). Neural network training minimizes the spatial cross-entropy in the general definition (Goodfellow et all, 2016),

p; = softmax(z;), pix =

H:W. 65

1
Ldetector = _W Z Zyi,k log pi, k., (1)

i=1 k=1

where y; . € {0,1} encodes the ground-truth channel for the spatial location i in the H. x W, output grid. Then, in the
homographic adaptation phase, the trained detector is applied to multiple random homographic warps of real, unlabeled
images, resulting much richer set of interest points than traditional corner detectors — not only corners and intersections but
also textured patches, edges and other repeatable patterns. Detections are warped back to form a pseudo ground-truth,
and the network is fine-tuned using the same loss (ff]).

The descriptor head (Fig. fil, lower branch) outputs f € Re*WexD ‘which is bicubically upsampled to H x W x D and
is Lo-normalized for every pixel. The descriptor training uses the same real images and random homographic warps as in
the homographic adaptation stage. Keypoints identified by the detector from the previous training stage are extracted from
both the original and warped images, and the known homography is used to find corresponding positions between them.
Let di; = ||f: — f;||2 be the Euclidean distance between descriptors and s;; € {0,1} indicate the matches. The descriptor
loss is the contrastive loss (Goodfellow et al., 2016):

N M
Ldescriptor = Z Z ASij maX(O, mp — dij) + (1 — Sij) maX(O7 dij — mn),

i=1 j=1

where m,, and m,, are the positive and negative margins, respectively, and A balances the contributions of positive and neg-
ative terms. The first term penalizes matching pairs (s;; = 1) whose distance exceeds the positive margin m,,, encouraging
descriptors for corresponding points to be close in feature space. The second term penalizes non-matching pairs (s;; = 0)
whose distance is less than the negative margin m,,, pushing unrelated descriptors apart. The network parameters for both
detector and descriptor heads are optimized jointly using stochastic gradient descent with backpropagation.
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3. Comparative Study

To objectively compare feature-based image matching methods, such as SIFT and SuperPoint, we adopt a geomet-
ric verification strategy based on the Random Sample Consensus (RANSAC) (Fischler, & Bolles, 1981)) inlier statistics.
Although learned matchers like SuperGlue (Sarlin et all, 2020) significantly enhance the performance of the SuperPoint,
this work isolates the contribution of the feature extractor itself by using a standard RANSAC-based evaluation pipeline,
ensuring compatibility with both classical and learned descriptors.

L

Fig. 2. Keypoint matches between two neighbouring images with an overlapping region. Keypoints are obtained by using the
SIFT. The red lines indicate inlier keypoint matches retained by the RANSAC filtering. A collection of the satellite images is
retrieved by utilizing the Google Maps Static API (Google, 2025)

Given two images of the same scene under varying viewpoint (Fig. ), a local feature extractor (e.g., SIFT or SuperPoint)
identifies keypoints and their descriptors. The descriptor matching yields the candidate correspondences which are typically
noisy and include incorrect matches due to descriptor ambiguity or repeated structures. To filter out incorrect matches, the
RANSAC geometric model estimation is applied, estimating a homography matrix H by iteratively selecting random minimal
samples and maximizing the number of inliers, defined as matches that satisfy the geometric model within a tolerance . A
match (x;, ;") is counted as an inlier if ||z;'~Hx;|| < . This leads to a set of inlier correspondences I C M, from the full
set of candidate matches M. We define the inlier ratio as » = |I|/|M]|. This ratio quantifies the geometric consistency of
matched keypoints. A high inlier ratio indicates that many descriptor matches are geometrically valid and, therefore, reflects
higher feature precision and robustness.

Comparison of accuracy and computational efficiency. The number next to each method indicates the number of keypoints eZ(-ﬁ'la)(I:?ea
per image. Measurements are taken on the same hardware setup in CPU-only mode.

. Inlier ratio r Inlier ratio r Detection & description time,
Algorithm L o Lo o t
(overlapping images), % | (non-overlapping images), % ms per image
SIFT 100 32.21 0.53 111.53
SIFT 200 32.80 0.59 112.83
SIFT 500 34.45 0.42 115.00
SuperPoint 100 38.96 0.02 728.84
SuperPoint 200 41.34 0.04 729.47
SuperPoint 500 43.81 0.08 726.19

Discussion and conclusions

We compared the classical SIFT detector-descriptor pipeline with the learned SuperPoint method in the context of
image matching for a vision-guided system. Both methods are evaluated using a custom-constructed dataset of satellite
images, with the RANSAC-based geometric verification employed to filter correspondences and compute the inlier ratio as
the primary accuracy metric. While the SIFT offers lower computational cost and CPU-friendly performance, the SuperPoint
achieves insignificantly higher inlier ratios and improved robustness to viewpoint and illumination changes, at the expense
of multiply increased inference time and hardware requirements (Tab. fl). In line with (Bojanic et all, 2019; Prystavkd
&t all, 2025) comparative studies and related evaluations, our findings confirm that classical algorithms retain a practical
advantage for real-time navigation tasks and deliver competitive performance, often matching learned approaches. These
findings are relevant to navigational systems (Se, Lowe, & Littlé, 2005; Mur-Artal, Montiel, & Tardos, 2015; Zhu, Liu, & Cai,
2015) and vision-guided vehicles (Hoffmann et all, 2006; Kawamura et all, 2023), where computational resources, energy
consumption, and real-time constraints must be balanced.

Future work will extend this analysis to the challenging task of cross-view matching between aerial/satellite imagery,
where large scale variations, seasonal changes, and lighting differences present additional difficulties. We also plan to
investigate descriptor aggregation methods, e.g. VLAD, to enable efficient large-scale image retrieval, which can benefit
both navigation and mapping pipelines.

Sources of funding. This work was supported by the Simons Foundation grant (SFI-PD-Ukraine-00014586, O.S.) and the project
0125U000299 of the National Academy of Sciences of Ukraine.
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IHcTuTyT MatemaTtuku HAH Ykpaium, KuiB, Ykpaina

MATEMATUYHI NPOBNEMMU 3ICTABJIEHHA O3HAK [J1A OB’EKTIB 3 OBMEXEHUMU PECYPCAMMU,
KEPOBAHUX HA OCHOBI 30PY

BisyanbHe cnpuliHamms gidiepae K040y posib 8 a8MOHOMHUX MpPaHCcrnopmHux 3acobax, de 306paxeHHs Crly2ylomb OCHO8HUM 8XiOHUM
cuzHanom 0ns Haeizauii, no6ydoeu kapm, oyiHKu cmaHy ma kepyeaHHs1 pyxom. Taki cucmemu Yacmo npayroroms 8 yMoeax peasibHo20 Yacy ma
o6MexeHuUX pecypcie, U0 sUMa2ac aseopummie usiesieHHs1 ma 3icmaeJsieHHs1 03Hak, siKi € moYHuUMU U o64ucnroeanbHO eghekmueHUMU. Baxnueoro
CKN1ad060I0 MaKux 06YUCI08aNLHUX NOCIIO08HOCMell € 8USHAYEHHS KJTFOYOBUX MOYOK — XapaKmepHUX Micub 306paxeHHs1 X € R? y yugppositi
pyHKUii 306paxeHHs1 I : R? — RS, de c — Kinbkicme KaHanie, a I (x) € R® — nokanbHa iHmeHcugHicme nikcensi. KoxHa eusieneHa knro4oea
moyka acouitoembcs 3 deckpunmopom d € R”, wo kodye nokanbHy eisyansHy cmpykmypy y chopmi, iHeapiaHmniti do 3cysy, o6epmarHs ma
nomipHoi 3aMiHuU macwmao6y. Knroyoei moyku mixx deomMa 306paxeHHsIMU X; ma x; 3icmaesieHo WiIisiXoM NMopieHsIHHA GecKpunmopie, ymeoproro4u
eidnoeidHocmi X, «» x;. FeoMempu4Hy eepuikauito 8UKOHaHO WISIXOM OUYiHKU Mampuui nepemeopeHHsiH € R3*3 | npuiinamms [, — Hx;| < &,
de £ — donycmuma noxubka. Yacmky makux eHympiwHix eidnoeidoHocmel, wjo Ha3usaembcs KoeghiyuieHmom easnioHux eionoesidHocmeii, eukopuc-
maHo siKk MempuKy moyHocmi. MamemMamu4Ho oyiHeHO Knacu4Hi Memodu eu3Ha4yeHHs1 K/Tl0408UX MOYOK, maki sik Scale-Invariant Feature Trans-
form (SIFT), y nopieHsiHHi 3 MemodamMu Ha OCHO8i MaWUHHO20 Hae4YaHHsl, makumu sik SuperPoint, 3acmocosyro4u ix do epy4yHy cghopMoeaHO20
Habopy cynymHukosux 306paxeHb. [IpodykmueHicmb npoaHanizoeaHo 3 no3uyii koegiyieHma sanidHux sionosidHocmetli ma o64yucno8anbLHol
eghekmueHocmi, wjo eidobpaxae Komnpomic mix HadiliHicmro Ui sukopucmaHHsIM pecypcie. OmpumaHi pe3ynbmamu nokKuKaHi Hadamu peKoMeH-
Odauii w000 iHmezpauii neakux, ase MoYyHUX asn2opummie KoMn’romepHo20 30py 8 niuameopmu, maki sik BI1J1A, 3a6e3neyyroqdu HadiliHy 8i3yanbHy
odomempito ma oOHo4acHy floKanisayiro i kKapmozpaghyeaHHsI 8 yMoeax 06MexeHUX anapamHux pecypcie.

Knwo4yoBi cnoBa: 6e3ninomHi nimanbHi anapamu, 3icmaesieHHs1 306paxeHb, 8UsI8/IEHHSI O3HaK, KOMM’romepHul 3ip, po3ni3HasaHHs
obpasis.
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