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Abstract

Introduction. Modern unmanned aerial vehicles (UAVs) are widely used for monitoring territories, aerial photography,
and logistics. Their navigation heavily relies on the Global Navigation Satellite System (GNSS), but their signals are
susceptible to accidental and intentional interference, shielding, and multipath effects. In dense urban areas and
woodlands, the standard error of GNSS positioning can exceed eight meters, and the probability of short-term and
prolonged signal loss remains high, even with favorable visibility conditions. This makes the task of ensuring stable and
accurate UAV navigation under conditions of GNSS degradation particularly challenging. A literature review has
shown that classical data integration methods, such as extended and unscented Kalman filters, work effectively in
nominal modes, but they lose stability during prolonged GNSS failures due to inertial sensor drift accumulation. New
architectures based on deep learning (e.g. KalmanNet, FusionNet, Deep Sensor Fusion) improve the approximation of
nonlinear dynamics and partially compensate for drift. However, they often require significant computing resources,
careful configuration for specific sensors, and do not always provide deterministic delays in real time. Therefore, it can
be concluded that the issue of the balance between accuracy, computational complexity, and adaptability to different
types of motion and conditions of degradation of sensory data remains insufficiently studied. In this regard, the aim of
this research was to conduct a comparative analysis of traditional and neural network methods for improving the
accuracy and reliability of UAV navigation and to develop an adaptive Kalman structure capable of operating in real
time with partial signal loss. To accomplish this, it was necessary to solve the following tasks: implement optimal
modifications of the Kalman filter for various sections of the trajectory and driving modes, create a fuzzy controller for
adaptive filters and parameters switching, and experimentally evaluate the stability of the proposed methods in various
scenarios with GNSS degradation.

Materials and Methods. The research was based on a literature review on the integration of sensory data and nonlinear
filtering in leading scientometric databases (Scopus, eLibrary, CyberLeninka) and in open Internet sources for 2015—
2025. Mathematical modeling was conducted in the MATLAB environment. The UAV's GPS flight path, transformed
into a local Cartesian coordinate system with the addition of synthetic perturbations and partial measurement breaks,
was used as the initial theoretical data. The basic dynamic model was a two-dimensional localization in the horizontal
plane with the state [X, y, heading, angular velocity, ground speed] and white Gaussian perturbations in the velocity and
angular velocity channels. The Euler method was used for discretization. The measurement model, based on the
knowledge of a known point, allowed us to apply the Cartesian coordinate system. EKF, UKF/SRCDKF and Particle
Filter were implemented and compared as reference algorithms for nonlinear filtering. The method proposed by the
authors included a fuzzy controller for adaptive selection of the motion model (CV, CA, CT, MV) based on normalized
innovations, estimates of acceleration and curvature of the trajectory. For self-calibration of accuracy, the adaptation of
measurement covariances for innovations in a sliding mode with exponential smoothing was used. The reliability of
multisensory integration was ensured by dynamic weighting of sources through a confidence vector that corrected the
measurement contribution to the discrepancy covariance. The experimental evaluation was performed on scenarios with
Gaussian measurement noise, varying proportions of gaps (up to 30%) and variable maneuverability. The comparison
was based on the root-mean-square error (RMSE) of coordinates and stability metrics (the probability of critical error
growth), as well as relative computational complexity.
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Results. The method was evaluated on simulation and bench trajectories with maneuvers and measurement skips. On
average, the RMSE of coordinates decreased by 18-35% compared to the EKF/UKF under comparable excitation
conditions. The probability of a critical error increase tended to zero at a loss rate up to 30%. The normalized
innovation statistics stayed within confidence intervals, confirming the correct adjustment of covariances. Self-
calibration of measurement noise converged to steady-state values in 1-2 steps of the algorithm after startup and after
sudden changes in interference. Ablation experiments showed that fuzzy switching of motion models made the greatest
contribution to accuracy in curved sections, while dynamic weighing of sources increased robustness to outliers and
sensor drift. By increasing the computational complexity in comparison with the particle filter, it was possible to
increase stability on various motion trajectories and achieve optimal RMSE values of up to two meters, which was
confirmed on an embedded ARM processor.

Discussion. The gain in accuracy and stability was due to a combination of a locally adequate kinematic model and
online adaptation of sensor confidence, which reduced systematic biases and prevented covariance overclocking. Fuzzy
logic provided smooth transitions between modes without sudden jumps in estimation. However, it was sensitive to the
choice of rules and the scale of membership functions, which required a methodical setup procedure. Limitations of the
current setup included a 2D configuration with a single support and a limited range of maneuvers, so the transfer to 3D
and multi-support measurements might require a revision of the model set. Comparability with alternatives remained
with the same limitations on the computing budget. With unlimited resources, heavier methods partially reduced the
gap. The observed convergence of self-calibration was fast, but under conditions of long-term unsteadiness,
regularization and a sliding window were preferable.

Conclusion. The adaptive localization method proposed by the authors significantly reduces the root-mean-square error,
while maintaining or improving stability and remaining computationally efficient for embedded platforms. The
combination of fuzzy model switching and dynamic source weighting makes the solution practical for omissions and
perturbations. Correct innovative statistics confirm the consistency of the probabilistic part of the algorithm. The
limitations of the current version are related to the problem size and manual configuration of the rules. However, the
architecture is modular and compatible with existing filtering lines. Future prospects include expansion into 3D,
integration with multi-support range and angular measurements, online training of rule parameters and comprehensive
validation on full-scale stands. Overall, the results suggest that the method is well-suited for application in mobile
robotics and autonomous navigation systems.

Keywords: unmanned aerial vehicle, Kalman filter, navigation, coordinate determination, extended Kalman filter
(EKF), unscented Kalman filter (UKF), mathematical modeling, intelligent filtering, adaptive algorithm, neuro-
Bayesian model
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AHHOTALUSA

Beeoenue. CoBpemeHHble OecnniIoTHbIE JieTaTenbHble anmnaparbl (BI1IJIA) mupoko nmpuMeHsOTCs AJs MOHUTOPHHTA
TEPPUTOPHH, ad3pOdOTOCHEMKH M JIOTHCTHKU. VX HaBUTanus B 3HAYUTENHHOH CTENEHW ONMpPAETCs Ha TII0OabHbBIE
cnyTHuKOBEIe cucTeMbl (GNSS), curHambl KOTOPBIX MMOJBEPIKEHBI CIIyYaiiHBIM M IpeHAMEPEHHBIM IIOMEXaM, SKpaHH-
POBaHUIO U MYJIBTHIIYTEBOCTH. B TIIOTHOW ropoaCKON 3acTpoiike M JECHBIX MaCCHBaX CpeAHEKBagpaTHUECKas OIIHOKa
no3unroHupoBanusi 1o GNSS MoKeT mpeBbIIIaTh BOCEMb METPOB, @ BEPOSITHOCTh KPATKOBPEMEHHBIX M JIMTENIBHBIX
MOTepb CHUTHAJNa OCTAeTCsl BBICOKOHM Jake NpPH ONAaronpHATHOW BHAMMOCTH. Bce 3To memaer 3amady oOecrieyeHUs
ycroiunBoi u TouHoi HaBurauuu BITJIA B ycnoBusix nerpaganuu GNSS ocobenHo aktyanbHOH. O030p crienuanbHON
JUTEPATYPHI IIOKa3aJ, YTO KJIACCHYECKHE METOJIb HHTEIPALlMN JTaHHBIX, TAKHE KaK PACIIMPEHHBII U aHCUCHTHBINA (GHItb-
Tpbl Kanmana, s dexTrBHO paboTaloT B HOMUHAIBHBIX PEXUMaX, HO TEPSIOT YCTOHYMBOCTh NPH JUIMTEIBHBIX COOSX
GNSS u3-3a HakomieHUs jApeiida MHepUUaIbHBIX NaTYMKOB. HOBBIE apXUTEKTYyphl Ha OCHOBE IIyOOKOTO OOy4YEHHS
(manpumep KalmanNet, FusionNet, Deep Sensor Fusion) ynydmiaior anmpokcHManuio HEIHMHEHHOW NTUHAMHMKY W 4a-
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CTHYHO KOMIECHCHUPYIOT Apeiid. OmHako oHM 4acTo TPEOYIOT 3HAUYUTEIBHBIX BBIYUCIUTENBHBIX PECYPCOB, TIIATEIbHON
HACTPOMKHM MOJ KOHKPETHbIE CEHCOPBI U He BCeraa 00ecrevnBaioT JeTEPMIHUPOBAHHBIE 3a/IePKKH B PEalbHOM BpeMe-
HH. Ce10BaTeIbHO, MOXHO 3aKIIIOUNTh, YTO OCTAETCSI HEIOCTATOYHO MPOPAOOTAHHBIM BONPOC OamaHca MEXIy TOYHO-
CThI0, BBIYUCIUTENBHON CIOXKHOCTBIO U aJalITUBHOCTBIO K Pa3HBIM TUIAM JBUXKEHUS U YCIOBUSM J€TPajallui CEHCOp-
HBIX JaHHBIX. B CBSI3M ¢ 3TUM IIeNb JaHHOTO HCCIENOBAaHMSA — IPOBECTH CPAaBHHUTEIBHBIM aHAIN3 TPAJUINOHHBIX U
HEWpOCETEBBIX METOIOB IMOBBIIICHUS] TOYHOCTH U HajaexxHOCTH HaBuraimu BIIJIA u pa3paboTaTh afanTHBHYIO KajiMa-
HOBCKYIO CTPYKTYpY, CIIOCOOHYIO paboTaTh B pealbHOM BPEMEHH IIPU YACTUYHBIX MOTEPAX curHana. /s storo HeOXo-
JIMMO PEIIUTh CJEAYIOIIUE 3a/aud: Peajin30BaTh ONTHMalibHble Monudukanuu ¢uibrpa Kanmana mis pasmuyHbIX
YYacTKOB TPAaCKTOPHH M PEKUMOB JBHKCHUS, CO3/1aTh HEUETKUI KOHTPOJUIEP IS aJalTHBHOTO MEPEKITIOYCHUS (IITh-
TPOB U NMapaMeTPOB, IKCIEPHUMEHTAIBLHO OL[EHUTh YCTOMUMBOCTh MPEJIOKEHHBIX METOI0B B Pa3HOOOPA3HBIX CLEHAPH-
sx ¢ perpananueit GNSS.

Mamepuanst u memoowt. ViccnenoBanue BBIIIOJHEHO Ha OCHOBE 0030pa JUTEPaTyphl [0 MHTErPALMU CEHCOPHBIX JaH-
HBIX W HEIMHEHHOW (WibTpanuy, HaXOMAIIHMXCS B BEAyIINX HayKoMmeTpmieckmx Oa3ax (Scopus, eLIBRARY,
CyberLeninka) ¥ B OTKpPBITBIX HHTEpPHET-HCTOUHHKaX 3a 2015-2025 rogsl. MaremaTndeckoe MOJCIUPOBAHKE MTPOBO-
nuinock B cpene MATLAB. B kauecTBe UCXOJIHBIX TEOPETUUYECKUX JAHHBIX HMcrnosb3oBanack GPS-Tpaekropus mosera
BITJTIA, npeobpa3oBaHHas B JIOKATbHYIO JCKAPTOBY CHCTEMY KOOPAMHAT C H00ABICHUEM CUHTETUYECKUX BO3MYIICHUIN
W YaCTHYHBIX OOpBIBOB M3MepeHHi. ba3oBas nnHaMuueckas MOJENb — JBYMEpHas JIOKAJIH3AIMs B TOPU30HTAIBHON
IUIOCKOCTH C COCTOSIHHEM [X, Y, Kypc, yIJIOBasi CKOPOCTh, IIyTeBas CKOPOCTh| U OEIBIMH IayCCOBCKUMH BO3MYIICHUSIMU
B KaHaJIaX CKOPOCTH M YTJIOBOI CKOpOCTH. [l ANCKpeTH3aluy NpUMEHsIcs MeTo Dinepa. Mozaenb u3MepeHHid, oc-
HOBaHHAs Ha 3HAHUM M3BECTHOI TOYKH, IIO3BOJIIET IPUMEHHUTD JIEKapTOBY CHUCTEMY KOOpAMHAT. Peasm3oBaHb! U como-
craBiensl EKF, UKF/SRCDKF u ¢unstp wactun (Particle Filter) xak 3TajoHHBIE aqropuTMbl HEIMHEHHON (uibTpa-
nuu. [IpeasioxkeHHbI aBTOpaMHu METOJ BKIIOYAeT B ce0s HEUETKUU KOHTPOJIIEp AJIs aJalTHBHOTO BBIOOpA MOJIENH
newkenus (CV, CA, CT, MV) Ha ocHOBe HOPMHUPOBAaHHBIX WHHOBALMH, OIIEHOK YCKOPEHHSI M KPUBHU3HBI TPACKTOPHH.
Jns caMokannOpOBKM TOYHOCTH HCIOJIH30BaHA aJaNTaIlisl KOBapHAIlMi M3MEPEHUH MO0 WHHOBAIMSAM B CKOJB3SIIEM
PEeKHME C SKCHOHEHIMAIBbHBIM CriIaKMBaHHEM. Ha/le)KHOCTh MyJBTHCEHCOPHOIM MHTETpaliu o0ecredyrBaiach JHHa-
MHUYECKHM B3BEIIMBAaHWEM HCTOYHUKOB U€pE3 BEKTOP JOBEPHs, KOPPEKTHPYIOMUI BKIaJ M3MEPEHHH B KOBapUALHIO
HEBSI3KU. DKCIEpUMEHTAlIbHAs OLIEHKA BBHITIONHEHA Ha CLEHAPHUIX C rayCCOBBIM IIYMOM M3MEPEHUH, Pa3Iu4HON Joyei
npormyckoB (BIIoTh 10 30 %) 1 n3MeHsieMoil MaHeBpeHHOCThI0. CpaBHEHNE POBOAMIOCH 10 CPEITHEKBAAPATHICCKOM
ommnoke (CKO) koopauHaT n MeTpUKaM yCTOWYHBOCTH (BEPOSTHOCTH KPUTHYECKOTO POCTa OLIMOKH), 8 TAKXKE 110 OTHO-
CUTEIIBHOM BBIYHCIIHUTENBHON CIIOKHOCTH.

Pesynomamot uccnedosanus. Meton ObUI OLICHEH HA MMUTAIIMOHHBIX M CTCHIOBBIX TPACKTOPHUSIX C MAHEBPAMH U MPO-
nmyckamu n3mepennii. B cpennem CKO koopanuat cHmsmiack Ha 18-35 %, no cpaBHenuto ¢ EKF/UKF, nmpu comocta-
BUMBIX YCIIOBHSX BO30YKACHUS, a BEPOSTHOCTh KPUTHUECKOTO POCTa OIIMOKH CTPEMHJIACh K HYJIFO IIPH J0JIE MPOITyC-
k0B 710 30 %. HopmupoBaHHas HHHOBALIMOHHAs CTATHCTHKA OCTABAJIACh B JOBEPUTEIBbHBIX MHTEPBAJaX, YTO MOATBEP-
JKJIaeT KOPPEKTHYIO HACTPOMKY KoBapuaiuid. CaMoKaauOpoBKa MIyMOB M3MEPEHHH CXOJIMIach K CTal[HOHAPHBIM 3Ha-
YeHWsIM 3a |2 mara anropuTMa Iocie 3alycKa M MOCie PEe3KHX W3MEHEHHH MoMeX. AOISAIMOHHBIC SKCIIEPHMEHTHI
MOKa3aJIM, YTO HEYETKOE MEPEKITIOYCHUE MOJICIICH JIBIDKEHHUS aeT HauOOobIIUK BKJIa] B TOYHOCTh HA KPUBOJIMHEHHBIX
ydJacTKax, TOrJa KaKk JUHAMHYECKOE B3BEIIMBAHNE NCTOYHHKOB MOBBIMIAET POOACTHOCTH K BBIOpOcaM u apeiidy matum-
KOB. 3a CUET yBEIMUCHHUS BBIYMCINTEIBHON CII0KHOCTH B CPABHEHHHU C (QUIBTPOM YAaCTHIL yJIAJIOCh TIOBBICUTH CTAOWIIb-
HOCTH Ha Pa3JINUHBIX TPACKTOPHSIX IBIKCHHS M JOCTHYb ONTHMANBHBIX MOKa3aTelIel CpeTHEKBaIpPaTHIHON OIIMOKH 110
JBYX METPOB, UTO MOATBEP)KICHO Ha BcTpauBaeMoM ARM-npoueccope.

Obcyscoenue. BeIUTphIlll B TOYHOCTH M YCTOHUMBOCTH OOBSICHSETCS] COYETAaHNEM JIOKAJIbHO a/IeKBaTHOW KMHEMAaTHYe-
CKOM MOJENH M OHJIaifH-afanTayel JoBeprs K CeHCOpaM, YTO YMEHBIIAeT CHCTEMaTHYECKHE CMEIICHUS U IPEOTBpa-
IaeT pasroH KOBApHAIMK NpH Npomyckax. Pa33u-1ornka odecneynBaeT MArKHE Iepexobl MeXIy pexnuMaMu 0e3 pes-
KHX CKauyKOB OIICHKM, OJIHAKO OHA YYBCTBUTEJbHA K BBIOOPY MpaBMI W MaciiTaboB (yHKIHUN MPUHAAICKHOCTH, 3TO
TpeOyeT METOOWYHOM Npouexypsl HAcTpoiku. OrpaHWYeHUsl TeKyIlell MOCTaHOBKM BKIIOYAalOT B cebs 2D-
KOH(HUTYpanuio ¢ OTHOHN AaJbHOMEPHON OMOPOI M OTPaHUYEHHBIN CIEKTP MAaHEBPOB, MIO3TOMY IepeHoc Ha 3D u MHO-
TOOIIOPHBIE M3MEPEHHs] MOKET MoTpedoBaTh nepecMoTpa Habopa Mojeneid. CormocTaBUMOCTh C JIbTEPHATHBAMH CO-
XpaHseTcs P OANHAKOBBIX OTPAaHMYCHUSAX Ha OIOKET BRIYHCICHUHN; P HEOTpaHMUEHHBIX pecypcax Ooiee TsoKelble
METO/Ibl YaCTUYHO COKpAIIAIOT pa3phiB. HaOmomaemast cXOMMMOCTh CaMOKaIMOPOBKM OBICTpa, HO B YCIOBMSX MJIH-
TENBHBIX HECTAIOHAPHOCTEH NPEANOYTUTEIbHA PETYIAPU3ALIUS U CKOJIB3SIIEE OKHO.


https://bps-journal.ru/

Kontarev IV, et al. Intellectualization of Kalman Filters to Increase the Autonomy and Accuracy ...

3akniouenue. IlpencTaBiaeHHBIN aBTOpaMH aJaNTHBHBIA METO JIOKAJIH3ALUH 00ECIEUNBACT CYIIECTBEHHOE CHIKCHUE
CPeAHEKBaPaTHYHOM OMIMOKM NPH COXPAaHEHWH MM YJIy4YIIEHHH yCTOWYHMBOCTH, OCTABasCh BBIYMCIHMTEIHLHO YKOHO-
MHUYHBIM JUI1 BCTpauBaeMbIX IU1aTdopM. KoMOMHAIMS HEUETKOTO MEPEKII0UCHNS MOJENEeH U JUHAMHIECKOTO B3BEIIH-
BaHUSl UCTOYHMUKOB JIeTAeT pEIIeHUe MPAKTUYHBIM NP MPOIMYCKaX U BO3MYILEHHSIX, a KOPPEKTHAs MHHOBALMOHHAS
CTAaTHCTHUKA MOJTBEPIKAACT COTIACOBAHHOCTh BEPOSTHOCTHOM YacTu anropurMa. OrpaHndeHns TEKyIei Bepcuu CBsi3a-
HBI C Pa3MEpPHOCTBIO 3aJjaudl U PyYHOH HAaCTPOWKOIl mpaBmi, TEM HE MEHEe apXUTEKTypa MOJIYJIbHAa U COBMECTHMA C
CYIIECTBYIOIINMH KOHBeHepaMu QribTpanud. [lepcrieKTHBEI pa3BUTHS MIPEANONIAraloT pacmupenue B 3D, HHTeTpauio
MHOT'OONIOPHBIX JIaJIbHOMEPHBIX U YIJIOBBIX M3MEPEHHH, OHJIaliH-00y4YeHre napamMeTpoB MPaBUJI U BCECTOPOHHIOI Ba-
JUJANMI0 HAa HAaTypHBIX CTEHIAaX. B COBOKYITHOCTH pe3yJIbTaThl YKa3blBalOT HA TOTOBHOCTh METOJA K NPHKIATHOMY

HCIIOIL30BAHUIO B MOOUILHOM p060TOTeXHI/IKe 1 HaBUI'alli aBTOHOMHBIX CUCTCM.

KaioueBble ciioBa: OeCHMIOTHBIN JIeTaTeNnbHBIM anmapat, Guistp Kanmana, HaBuranms, omnpenesieHHe KOOpPAWHAT,
pacummpenssiii puieTp Kanmana (EKF), ancuentHsiit ¢unbtp Kanmmana (UKF), matemaTndeckoe MozeianpoBaHue,
MHTEJIEKTyanbHast QMIIBTpanys, afalTHBHBIN alrOpUTM, Helpo-0aliecoBCKast MO/IENb

Jnsi uutupoBanmsi. Konrapes U.B., Benuk B.B. HWuremnexryanuzauus ¢unetpoB Kanmana mis moBbILICHUS
ABTOHOMHOCTH W TOYHOCTH HABUTAlMOHHBIX CHCTEM OCCHIJIOTHBIX JICTaTeNbHBIX ammapatoB. bezonacrHocme
mexHo2eHHbIX U npupoonvix cucmem. 2026;10(2):152—165. https://doi.org/10.23947/2541-9129-2026-10-2-152-165

Introduction. Modern unmanned aerial vehicles are increasingly used to solve a variety of tasks, from monitoring
territories and aerial photography to logistics. Many of them rely heavily or completely on Global Navigation Satellite
Systems (GNSS), such as GPS and GLONASS, to determine their coordinates [1]. However, GNSS signals are vulnerable
to accidental or intentional interference, which can lead to their complete or partial failure. Therefore, experts are
constantly searching for new methods to reduce errors in UAV positioning. Thus, in their work, the authors Xu Li and
Rong Jiang [2] proposed an adaptive fuzzy Kalman filter (AF-UKF) for use in dense urban environments, which
significantly reduced such errors by eliminating noisy signals. However, as the authors themselves note, this method can
mistakenly filter out “healthy” signals, which is critical for UAVs. Researchers Li-Ta Hsu and Shau-Shiun Jan [3] focused
on improving tracking algorithms by using vector tracking with a Kalman filter to detect and suppress multipath/NLoS.
Despite its effectiveness in urban environments, their method is not designed to counteract signal suppression and targeted
jamming. The authors Yang Liu and Sihai Li [4] used the analysis of the innovative sequence of the Kalman filter in the
integrated GNSS/INS system. Although the method successfully detects “smooth” attacks, its effectiveness decreases with
sudden UAV maneuvers, which creates similar innovations themselves. Thus, existing Kalman-type filters are either
adapted to a specific type of interference, or require fine-tuning to a specific traffic scenario.

When solving navigation problems in uncertain conditions, the closest classical analogue to adaptive filtering is the
algorithm of Interacting Multiple models (IMMs) [5]. IMM filters use Markov chains to probabilistically switch
between several predefined dynamics models. However, a significant disadvantage of classical IMMs is the use of a
static transition probability matrix. In real-world UAV operating conditions, especially when exposed to electronic
warfare (EW), loss of the GNSS signal or a sharp evasive maneuver are not Markov processes. The rigid structure of
the transitions makes IMM filters insufficiently flexible in case of sudden and prolonged signal losses, which leads to a
delay in switching models and an increase in error.

In recent years, adaptive filters based on artificial neural networks (ANNs) and deep learning, such as KalmanNet or
Deep Sensor Fusion, have been actively developed as an alternative [6]. Neural network approaches demonstrate high
efficiency in approximating complex nonlinearities and compensating for instrumental sensor drift. Nevertheless, their
use on small and medium-sized UAVs is fraught with a number of critical limitations. Firstly, ANNs require significant
computing power, which contradicts the strict restrictions on the size, weight, and power (SWaP) of embedded systems.
Secondly, neural network models are highly dependent on the training sample and are subject to the “black box”
problem: their behavior in emergency situations (edge cases), that are not present in the dataset, is mathematically
unpredictable, which is unacceptable for mission-critical flight control systems. In this regard, there is a need to develop
hybrid methods that combine the rigorous mathematical basis of Kalman filters with lightweight heuristic adaptation
algorithms such as fuzzy logic.

Even in favorable conditions, short-term signal losses are possible, which can have disastrous consequences for
UAVs guided solely by GNSS. Existing protection systems (for example, at the antenna or signal processing level)
often rely on known interference models and cannot cope with complex, adaptive and hybrid attacks (a combination of
jamming and spoofing).
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In this regard, the aim of this study is to develop a Kalman filter structure that can adjust in real time to various types of
object movement, as well as compensate for partial signal losses. One of the most effective approaches to solving this
problem is the integration (sensor fusion) of data from various sources, such as inertial measurement units (IMUs),
cameras, lidars, and distance sensors. The mathematical core of such systems is often the Kalman filter [7] and its
nonlinear modifications [8], which allow recursively estimating the state of the system based on incomplete and noisy
measurements. To achieve this goal, it is necessary to solve the following tasks: to develop optimal modifications of the
Kalman filter for various sections of the trajectory, to create a fuzzy logic controller that will adaptively switch between
these filters, and to conduct an experimental assessment of the stability of the proposed method.

Materials and Methods. The research consisted of several stages: analysis of existing literature, theoretical
modeling, verification of the theory in conditions close to reality, and summarization. The literature review included the
selection and examination of scientific publications related to the topic, followed by systematic synthesis, presentation,
and analysis of the material using leading scientometric databases such as SKOPUS, elibrary.ru and cyberleninka.ru, as
well as information available on the internet. A search for keywords was conducted using the terms: “Kalman filter”,
“extended Kalman filter”, “Kalman filter modifications”, “GPS positioning”, “interference”, “Kalman filter
intellectualization”. Approximately 100 articles were examined, of which 20 were relevant to both the topic and the
time period from 2015 to 2025. For the theoretical component, the MATLAB R2025b software environment was used
with basic packages for mathematical modeling. The computing equipment was a PC with an
Amd Ryzen 5 5600G CPU and a Gigabyte RTX 3070 GPU, Windows 10 OS. The GPS flight path of the UAV was
used as the initial data, converted into a local Cartesian coordinate system, which for the theoretical part was generated
taking into account various types of motion trajectories (the same applied to noise and breaks). To test the theoretical
part due to the current flight restrictions, it was decided to investigate the operation of the filter without flights (ground
tests by moving the test sample by car). In the practical part, the NodeMCU V3.0 board was used as the main processor
for testing the adaptive controller, the NEO6MV2 module was used as a GPS antenna, as well as a speed sensor, and a
battery with a voltage converter was used to power the system. The final design was transported along various
trajectories over a distance of 12 kilometers, a total of 60 tests were conducted (30 tests without a filter, 30 with a filter).
After each test, the data was uploaded to the PC described above. The timeframe for data collection ranged from 25 to
90 minutes. The GPS module recorded data at a rate of once per second in NMEA format. After that, the main
processor processed the longitude and latitude data to perform the filtering operation.

The problem of two-dimensional localization of an UAV moving in a horizontal plane was considered as a basic
model. This model was valid for many practical scenarios (for example, when flying at a constant altitude) and allowed
us to simplify it.

The continuous dynamics of an UAV could be described by the following system of differential equations [7]:

x(t) = v(t)'cos(n, ),
)'/(t) = v(t)~sin(n, ),
(1) =o(),
o(t) = eo(t),
\'z(t) = ev(t),
where x(f), (f) — UAV coordinates in the horizontal plane; n(f) — UAV heading (direction of movement);
o(f) — angular velocity; v(f) — ground speed; €,(f), €.(f) — independent white Gaussian noises with zero mathematical
expectation and covariances O, and Q, respectively, simulating perturbations (wind, maneuvers).

The model was discretized for implementation on digital computing devices. Using the Euler method, a discrete
model of dynamics was obtained:

{xk+l =X Vi Aty 'COS(ﬂk )yk+1 = Vi + Vi Aty ~sin(nk )T]k+1 =
=M+ O Al @y = 0p +Y ok AL Ve =i 7, AL
where gr = [Xr V& Mk WK Vi] — state vector at the i-th step; Az — time interval between steps k and k+1; {y,, «} — discrete

sequences of white Gaussian noise with zero mean and covariance matrices Q,, and O, respectively [8].
This model (1) can be written in a compact vector-matrix form:

qk+1:f(‘Ik)+U(CIk)'Yka (@)
where f{) — nonlinear vector function describing the evolution of the system, and U() — matrix determining the effect
of noise.

M
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If we assume that the distance from the UAV to some known point with coordinates (xo, o), was available, for
example, to another UAV or a ground-based lighthouse, the measurement model would look like this:

dk:h(qk)+fd,k:\/(xk_x0)2+(yk_y0)2+C'd,ko 3)

where ¢;+— white Gaussian measurement noise with zero mean and variance R, independent of the noise of process Y.

EKF was a classic approach for nonlinear systems. Its idea was to linearize models of dynamics and measurements
around the current state estimate using first-order Taylor series expansion.
The prediction step in the EKF was described by the equations:

Grn=r(d7)- @)
Pk_+l = FkPk+ +FkT +WkQWkT.
The following formulas were used to correct the estimate:

_ ~ -
Ky =PoaHl +(Hk+1Pk+lHkT+l +R) , )
qAI_;—l = él:+l +Kk+1 (dk+1 _h'é;+l )7
Pl =(1-KpHyi ) P,

where g, 21; — a priori and a posteriori estimates of the state vector; P;, P — a priori and a posteriori covariance
error matrices; Fy — Jacobian matrix of f function; Hr — Jacobian matrix of 4 function; Ky — Kalman gain;
0, R — covariance matrices of process noise and measurements.

The advantages of EKF included low computational complexity. The disadvantages included the need for analytical
calculation of Jacobian matrices [9], which could be laborious for complex models, as well as low accuracy and
possible divergence of the filter with strong nonlinearity, since tangent linearization became a rough approximation.

To overcome the EKF disadvantages, a class of Sigma-Point Kalman Filters was developed, the most famous of
which is UKF. Instead of linearization, UKF used a deterministic sample transformation (percentage transformation). A
set of sigma points was selected that accurately represented the mean and covariance of the current state distribution.
These points were passed through the nonlinear functions of the dynamics model and the measurement model, and a
new average and covariance were calculated based on the transformed points.

There were further modifications of the UKF, such as the central difference Kalman filter (CDKF) and the square
root Kalman filter (SRCDKF). SRCDKF, in particular, increased computational stability, since it worked directly with
the square root of the covariance matrix, which guaranteed its positive certainty at each step and avoided numerically
unstable Cholesky decomposition.

In cases where the noise was non-Gaussian in nature or the system had a high degree of nonlinearity, a particle filter
was an effective tool [10]. This method belonged to the class of sequential Monte Carlo algorithms. Its main idea was to
represent the a posteriori probability density of a state using a set of random samples (particles) with appropriate
weights.

The algorithm included the following steps:

— initialization — generation of the N part from the a priori distribution;

— prediction — each particle was passed through a dynamic model with the addition of a random disturbance;

— correction (weighting) — for each particle, a weight was calculated proportional to the likelihood of the current
measurement dk;

— resampling — in order to avoid degeneration (a situation where the weight is concentrated on a small number of
particles), a resampling procedure was performed: particles with low weight were discarded, and those with high weight
were replicated.

In the developed system, a fuzzy controller was designed to determine the most appropriate object movement model
at each filtering step. The controller analyzed the current dynamic situation and output the probabilities of using four
models: uniform motion (CV), uniformly accelerated motion (CA), coordinated rotation (CT), and maneuver (MV).
Based on these probabilities, a combined assessment of the condition is formed or switching between models was
conducted.
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Three values were received at the input of the controller, characterizing the current state of the system:

— norm of the innovations vector (residuals):
vi = Dy L, (6)

~2 ~2 ~2
ap = \/ax,k +ay,k +az,k 5 (7)

— curvature of trajectory ki, calculated from estimated position and speed.
To bring it to a single scale, a speed normalization factor was used, which was approximately equal to the average

— norm of the acceleration vector:

speed of the object. Normalized values:

P, =k ®)

Viorm

In the absence of measurements, GNSS innovation could not be calculated. In this case, the controller froze the
probabilities of the modes. If the signal loss lasted more than one second, the controller forcibly increased the activation
of the uniform motion model (CV). The physical meaning of this solution was to switch the UAV to the Dead
Reckoning mode along the vector of the last known velocity, which prevented the exponential increase in error
characteristic of models with acceleration.

Three fuzzy terms were defined for each input variable: low, medium, and high. The membership functions had a
triangular shape and were set by three parameters (a, b, ¢). The parameter values were obtained empirically and refined

during modeling and testing (Table 1).

Table 1
Parameters of the membership functions of the input variables
Variable Term a b c

low 0 0 12

v medium 8 20 40
high 25 40 70
low 0 0 1.5

a medium 1.0 2.5 5.0
high 3.5 6.0 10.0
low 0 0 0.0004

k medium 0.0003 0.0009 0.0018
high 0.0012 0.0022 0.0038

To eliminate ambiguity when calculating activation degrees, the mathematical membership functions for all terms
were strictly defined, with explicit zero values outside the operating ranges in formulas (9), (10), (11).
For the term “low”, the membership function had the form:
Wiow (x) =1,if x<a.

(c=x)

(C—(l

ulow(x): Jfa<x<ec. ©)

iow (x) =0,ifx>c.

For the term “medium”, a triangular function was used:

W med (x):O,if x<aorx>c.

cC—X

Woned (x): (x:a) if a<x<b. (10)
Kmed (X)I (C—b)

(b-a)’
(c—x)

,if b<x<ec.
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For the term “high™:

W high (x):O, ifx<a.

(x~a)

K high (x): (C_a),ifa<x<c. (11)

Whigh (x) =Lifx>c.

The values of parameters (a, b, c¢) for each variable were not arbitrary. The procedure for setting them up was
performed by the Grid Search method in the MATLAB environment. The minimum standard error of positioning on a
representative set of simulation trajectories, including all basic maneuvers, was used as the objective function
(optimality criterion). To confirm the reliability of the found parameters, a sensitivity analysis of the system was
performed. The results showed that variation of the term boundaries by + 15% led to a change in the final RMSD by no
more than 3—4%. This indicated that the proposed fuzzy controller was not retrained for a specific trajectory, but had
high robustness and structural stability.

The synthesis of the fuzzy inference rule base was based on the UAV flight physics. Given three input variables,
each of which was described by three terms, the total state space consisted of 27 possible combinations. However, the
direct use of the 27 rules was redundant and could lead to logical contradictions. In this regard, the state space was
reduced to six macro situations (productions), which were semantically complete and consistent. The use of ANY
operator served as a logical OR, allowing one rule to overlap several combinations of input variables at once, thereby
ensuring that there were no blind spots in the decision-making space.

The final rule base contained six products:

1. IF Innovation (low), AND Acceleration (low), AND Curvature (low), THEN CV model (weight 2.0).

2. IF Innovation (any), AND Acceleration (average), AND Curvature (low), THEN CA model (weight 1.5).

3. IF Innovation (any), AND Acceleration (any), AND Curvature (average), THEN CT model (weight 2.0).

4. IF Innovation (any), AND Acceleration (any), AND Curvature (high), THEN CT model (weight 3.0).

5. IF Innovation (high), AND Acceleration (high), AND Curvature (any), THEN MV model (weight 2.5).

6. IF Innovation (average), AND Acceleration (high), AND Curvature (any), THEN MV model (weight 1.5).

To avoid sudden jumps when switching models, the final probabilities p,, were calculated based on the degree of
activation of rules B, (12) using the Softmax normalizing function with temperature coefficient 7= 0.5: this approach
provided a smooth but mathematically contrasting probability distribution between parallel filters:

. exp exp (B, /T) . (12)
Zjexp exp (Bj /T)

The logic of the controller's operation in case of degradation or complete loss of the GNSS signal required special
attention. Without measurements, calculating the innovation vector became mathematically impossible. In the
developed algorithm, when recording a measurement miss, the controller froze the current probability distribution. If
the signal loss was long (exceeding one second), the system forcibly redistributed the weights in favor of the uniform
rectilinear motion (CV) model.

The physical meaning of this solution was to implement a minimax survival strategy for the navigation system. If
the UAV was in maneuver at the time of loss of communication (CA, CT or MV models), keeping these models active
would lead to a double integration of acceleration or angular velocity in the absence of corrective measurements. This
inevitably caused an exponential increase in the positioning error (parabola departure or spiral unwinding). The forced
transition to the CV model put the system into the mode of Dead Reckoning according to the vector of the last reliably
known velocity. Linearization of the predicted trajectory was the safest mathematical assumption in conditions of
complete information uncertainty, which minimized the accumulated error by the time the signal was restored.

The analysis of various modifications of the Kalman filter made it possible to identify various disadvantages for
each variant of the algorithm. However, the possibility of intellectualization, that is, endowing them with the ability to
adapt, learn and make decisions in conditions of uncertainty, allowed us to move from systems rigidly programmed for
certain noise and dynamics models to flexible, self-adjusting and sustainable solutions.

The key problem of implementing the Kalman filter was the need for accurate a priori knowledge of the covariance
matrices of Ok process noise and R, measurements. Intellectualization solved this problem by evaluating them in real time.
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The discrepancy at k step was considered:

vi =z — h(x™). (14)
Its theoretical covariance was calculated as described in the formula:
Sy =H P HI +R,. (14)

Adaptive algorithms, such as the maximum likelihood method or the sliding window approach, allowed
estimating Ry (and sometimes Q) by minimizing the difference between the theoretical covariance of Sy and the actual

covariance of innovation calculated in the last NV steps [10]:
1
Cﬁv:NZ{{:k—NH vl .
The simplified adaptation of Ry in this case had the form represented by the formula:

R =aRy_y +(1-a)(vivf —H P HT ). (15)

where a € (0.1) — smoothing coefficient.

This gave the filter the property of self-calibration when the accuracy of the sensors changed (for example, when the
GNSS signal deteriorated) [11].

In conditions of multi-channel data flow from heterogeneous sensors, the intelligent system should dynamically

evaluated the reliability of each source. The confidence vector A, = [X,I{,kﬁ,. . .,XZ’]T was introduced, where
A, € (0.1] — confidence coefficient of the i-th dimension.
The equation for calculating the residual covariance was modified:
Sp=H PO H{ + ARy,
where Ax = diag(h).

Coefficient A} was calculated using a proprietary algorithm for each type of sensor (for example, for GNSS — based
on HDOP and the number of satellites; for visual odometry — based on the number of track points and image contrast).
Thus, the filter acquired the ability to critically analyze incoming information and automatically reduced the impact of
malfunctioning or degrading sensors [12].

For maximum fault tolerance, architecture with parallel execution of several filtering algorithms (for example, EKF,
UKF, PF) was proposed, each of which was most optimal in a certain flight mode. Based on a set of fuzzy logic rules,
the control module analyzed the current C; conditions (the presence of a GNSS signal, the magnitude of angular
velocities, estimated variances) and selected the final estimate. Thus, it had the following structure:

=T b (16)
where bﬂc — weight assigned by the module to the j-th filter at time &, where Z}Zl bﬂf = 1. The module could completely
disable irrelevant filters, saving computing resources.

Results. For a comprehensive verification of the proposed method, the study was divided into two stages: rigorous
mathematical modeling and field tests on a hardware platform.

Mathematical modeling results. A complex 300-second test trajectory was synthesized in the MATLAB
environment, simulating a UAV flight at speeds up to 70 m/s (250 km/h). The trajectory included sections of uniform
motion, sharp accelerations, and a series of coordinated turn maneuvers with centripetal acceleration up to 2.5 m/s?. To
simulate real-world operating conditions, complex noise was added to the ideal range measurements: basic white
Gaussian noise (¢ = 1.0 m), non-Gaussian pulses (anomalies accounting for 2% of the total number of measurements),
and complete signal interruptions lasting from 1 to 5 seconds were artificially generated.

Analysis of the results showed that the fuzzy controller correctly identified the dynamics of the object: in straight
sections, the probability of the CV model reached its maximum, the CT mode dominated on turns (active 50.7% of the
time), and with sudden changes in the velocity vector, the maneuver model (MV) was briefly activated. In areas of
continuous signal reception, the combined estimate achieved high accuracy: RMSE was 1.48 meters. At the moments of
communication failures (marked with markers on the graph), the error predictably increased due to the inability to
accurately predict blind maneuvers. However, due to the inherent logic of switching to the inertial mode (CV), the filter

remained stable, and upon resumption of measurements, the error converged to nominal values in 1-2 cycles (Fig. 1).


https://bps-journal.ru/

Kontarev IV, et al. Intellectualization of Kalman Filters to Increase the Autonomy and Accuracy ...

Adaptive Kalman: RMSE without interruptions = 1.79 m | Total RMSE (with interruptions) = 15.84 m

Time estimation error

Error
& Connection failure

Time , steps

Curvature of the trajectory

Trajectories Mode distribution, %
— True MV
3000 —— Evaluation CV
# Interruption
2000
€ 1000
]
0
—-1000 CA
-2000
300 1000 3000 5000 RESULTS (4 modes)
X, m

Accuracy without interruptions (norm):

. Angular velocity (CT model) RMSE: 1.79 m

Average: 1.48 m
£50 N
e~ Average accuracy on interruptions
'2 40 —— Curvature e -0.0 (anomalies):
- O Interruption T RMSE: 27.45 m
30 < U
S (=)
‘g 20 M 0.5 Using filters:
g CV:24.3%
O 10 CA:21.3%
1.0 CT: 50.7%
0 50 100 150 200 250 300 0 50 100 150 200 250 300 MV:3.7%
Time , steps Time , steps

Fig. 1. Results of the adaptive SRCDKEF filter operation during modeling

Figure 2 demonstrates the results of the adaptive navigation filter in the form of time series.

Time series of positioning errors
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Fig. 2. Time series of positioning errors and dynamics of fuzzy logic controller parameters

The absolute positioning error was displayed on the upper panel with the marks of the moments of loss of the

measuring signal (red markers). In

the range from 0 to 200 s, the error varied from 0 to 30 m. At the 250-260 s time

stamp, a maximum error jump reaching 130 m was recorded, which coincided with a dense series of measurement gaps.
After 270 seconds, the error value returned to a level of less than 5 m.
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The second and third panels showed the values of the input linguistic variables of the fuzzy controller. The
innovative sequence (blue curve) showed regular fluctuations in the first half of the experiment and a sharp increase
after 200 seconds, reaching a peak value of more than 200 units at 255 seconds. The trajectory curvature estimate (green
curve) kept values close to zero for most of the route, with a local maximum of about 60-103 m™ in the range
of 250-260 s. The longitudinal acceleration estimate (lower curve) varied in the range from 0 to 7.5 m/s* with
pronounced peaks at 110, 125 and 255 s.

The bottom panel showed the output probability distribution (weights) of the four kinematic models. The initial
segment (0-50 s) was dominated by the uniform rectilinear motion model (CV, blue area) with a probability from 0.6 to
1.0. In the range of 50-200s, an increase in the proportion of models of equidistant motion (CA, red region) and
coordinated rotation (CT, green region) was recorded. During the period of registration of the maximum values of
curvature and innovation (250-260 s), the activation of the intensive maneuvering model (MV, purple area) and the
predominance of the CT model were observed, after which the system returned to the predominant use of the CV model.

Practical tests results. A mobile test bench was developed to validate the algorithm in conditions of real hardware
noise and imperfect sensors. The computing core was the NodeMCU V3.0 microcontroller (ARM architecture), to
which the cost effective NEO6MV2 GPS module with a refresh rate of 1 Hz was connected. The choice of such a
simple navigation module was not accidental: it had a high inherent error (¢ =~ 3—5 m) and was prone to frequent loss of
satellites signal in difficult conditions. This made it possible to naturally emulate the conditions of severe degradation of
the navigation field, typical for the use of UAVs in areas of electronic warfare (EW) systems.

A high-precision dual-frequency RTK GNSS receiver (U-blox ZED-F9P) was used as the source of the true
(reference) trajectory, providing centimeter positioning accuracy in the post-processing kinematics (PPK) mode. The
bench was moved by car along a 12 km route (60 tests were conducted in total). The route specifically passed through
areas of dense urban development, alleys with canopy trees and under bridges to provoke natural GPS failures. Figure 3
demonstrates one of these tests with signal loss zones.

Results of practical tests of adaptive navigation filter
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Fig. 3. One of the tests. Comparison of raw GPS data, adaptive filter estimates, and RTK reference trajectory

Field tests fully confirmed the conclusions of mathematical modeling. Despite the significant variation in the raw
data of the NEO6MV2 module, the proposed adaptive filter effectively smoothed the trajectory, eliminating noise
emissions. When driving under artificial obstacles (complete loss of signal for 3-8 seconds), the algorithm reliably
maintained the calculated trajectory along the velocity vector, minimizing deviation from the RTK reference track.
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Table 2 presents a comparative analysis of various filter options [13].

Table 2
Comparative analysis of filtering algorithms
PF (Particle Filt Adaptive hybrid with
Criteria EKF UKF / SRCDKF (Particle Filter, daptive hybrid wi
N =1000 fuzzy controller
. . Highly nonlinear )
Weakly nonlinear | Moderately nonlinear . Systems with unsteady
. . and non-Gaussian .
. .. systems, Gaussian systems, Gaussian behavior, measurement
Optimal conditions . . systems, . . .
noise, linear noise up to the 2nd . interruptions, and mixed
. .. multimodal ;
measurements order of nonlinearities e noises
distributions
RMSD 1
SD under norma 2.84.2 1.52.8 12-2.5 0.8-1.8
conditions*, m
RMSD at 30 % Di
ivergen
measurement ergence 4.5-8.2 4.2-8.5 3.5-4.2
(>15.0)

interruptions, m

Low (sensitive to | Medium (resistant to | High (robustness to

Resistance to outliers Very high (adaptive model

. Gaussian moderate non-Gaussian .
and anomalies . . .. . switching)
disturbances)] nonlinearities) noise)
Computational
complexity (relative 1.0 (basic) 3.0-5.0 150400 4.5-7.0
to EKF)
Adaptabi'lity to Limited (requires Average (through High (dynamic switching
changes in the Absent manual the suggested
. e between 4 models)
movement model reconfiguration) distribution)
Computational Precision without Versatility for Autonomous operation in
Main advantage efficiency, ease of | calculating derivatives arbitrary case of degradation of the
implementation (sigma points) distributions measuring channel

Note: * Normal conditions: Gaussian noise with 6 = 1.5 m, no measurement interruptions.

Root-mean-square deviation is given as an example of a trajectory with a duration of 300 seconds for comparison
with other studies.

“Stability” metric evaluates the reduction in the probability of a critical error growth (> 10 m) during the simulation.

Discussion. The results obtained by the authors confirm the hypothesis that the intellectualization of Kalman filters
through the introduction of fuzzy logic makes it possible to compensate for the shortcomings of classical analytical
models. The 1.5-2-fold reduction in RMSE positioning in interference conditions can be explained by the ability of the
controller to select the most suitable filtering methods and account for nonlinear dependencies, which allows it to adapt
to sensor drift, which is difficult to formalize mathematically. However, it is worth noting some limitations: the
heuristic nature of rule base formation and membership function selection does not guarantee optimal solutions under
all conditions and requires expert tuning for a specific task. At the same time, compared to works using only the EKF,
the hybrid approach proposed by the authors maintains system stability even with complete degradation of one of the
data channels.

An analysis of the information in Table 1 shows that the key advantage of the proposed approach is its ability to
maintain operability and accuracy with partial and complete interruptions of the measuring signal. While EKF is prone
to divergence, and the accuracy of UKF and PF is significantly reduced, the adaptive fuzzy controller system provides
increased accuracy compared to UKF in these conditions. This is achieved by dynamically selecting the optimal
dynamics model (CV, CA, CT, MV) based on the analysis of inconsistencies, acceleration and curvature of the
trajectory in real time. A moderate increase in computational complexity by 20—40% relative to UKF is an acceptable
price to pay for a multiple increase in reliability and a 50-60% reduction in the probability of failures. Promising areas
of research include further development of square root algorithms (SRCDKF) to increase numerical stability, the
creation of hybrid filters, as well as the adaptation of the considered methods to solve the problems of cooperative
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navigation of UAV groups. However, for mission-critical applications requiring maximum reliability, intelligent
adaptive systems based on UKF/SRCDKF become the optimal choice, providing a balance between accuracy, stability,
and reasonable computational costs. The main contribution of this work to research on improving the autonomy and
accuracy of navigation systems of unmanned aerial vehicles is to create the principle of adaptive switching, which
allows the system to automatically adjust to changing observation conditions without operator intervention, switch
between models of constant speed, acceleration, coordinated turn and robust maneuver mode.

The use of the cost effective GPS module in the field tests has proven that the algorithm can achieve acceptable
navigation accuracy even with low-quality sensors. This is crucial for the production of low-cost mass-produced UAVs.

Conclusion. The authors proposed and investigated an adaptive hybrid filtering algorithm based on various
modifications of the Kalman filter and a fuzzy controller for intelligent selection of motion models. The method is
designed to work in conditions of non-stationary object dynamics, mixed Gaussian and non-Gaussian noise, as well as
partial interruptions of the measuring signal.

Experimental results have confirmed the architecture effectiveness: with 30% of measurement breaks, the algorithm
provides a coordinate estimation time of 3.5-4.2 meters, which is more accurate than that of the standard UKF in
similar conditions.

The results of mathematical and software modeling show that the intellectualization of Kalman filters through the
introduction of a fuzzy controller and a mechanism for adaptive switching of motion models increases positioning
accuracy by 15-30% and is an effective method of increasing the stability of navigation systems to degradation of
measurements. The developed adaptive hybrid filter demonstrates qualitative superiority in conditions critical for
classical algorithms.
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