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COMPARISON OF GPS/IMU INTEGRATION
METHODS FOR REAL-TIME VEHICLE
POSITIONING

This paper addresses the challenge of determining vehicle
coordinates in real-time telemetry systems through the integration of
Global Positioning System (GPS) and inertial measurement unit (IMU) data.
A comprehensive analysis of existing sensor-fusion approaches enabled the
formulation of the problem within the framework of embedded, resource-
constrained real-time platforms and underscored the necessity of a
systematic comparative evaluation of methods with fundamentally
different computational and accuracy characteristics. Three sensor-fusion
methods are considered: the complementary filter, which combines data
through frequency-domain separation; the Extended Kalman Filter, which
relies on Jacobian-based linearization of the nonlinear motion model; and
the Unscented Kalman Filter, which applies a deterministic sigma-point
transform to approximate nonlinear state propagation without
linearization. The paper substantiates the choice of methodological
foundations underlying each method, including the kinematic vehicle state
model comprising geographic coordinates, velocity, heading angle, and
sensor bias offsets, as well as the metrics used for their quantitative
comparison — positioning RMSE, circular error probable, dead-reckoning
drift during GPS outages, and update latency. The growing demand for
reliable positioning under GPS-denied conditions, combined with the
limited computational resources of embedded telemetry platforms and the
nonlinear nature of vehicle kinematics, highlights the need to establish
practical, hardware-aware criteria for filter selection. To address this, all
three algorithms were implemented on a common hardware and software
platform — a Raspberry Pi 5 single-board computer running Python 3.11
— and validated against real driving data collected on a 4.7 km route, with
ground truth provided by an RTK GPS receiver. The paper presents
experimental results demonstrating the relative effectiveness of the
proposed methods in terms of positioning accuracy, robustness to GPS
signal loss, and behavior under aggressive maneuvering. Additionally, it
outlines practical recommendations for selecting an integration method
depending on the computational constraints of the target embedded
platform, ranging from microcontroller-based systems to single-board
computers and DSP platforms..

Keywords: sensor fusion, Kalman filter, GPS/IMU integration,
inertial navigation, dead reckoning, positioning accuracy, real-time
telemetry, unscented transform, MEMS gyroscope, embedded systems.

Introduction

Real-time determination of a moving object's
coordinates is a fundamental problem in modern navigation and
telemetry systems. The task is relevant to both military
applications and transportation technologies, where precise
vehicle positioning enables trajectory analysis, lap and sector
detection, comparison of the current run against a reference lap,
and real-time prediction of time-delta indicators. The quality and
update rate of position data directly determine the accuracy of all
derived telemetry indicators.

Global Navigation Satellite Systems (GNSS) provide
absolute positioning with a typical accuracy of 2—5 m (CEP50) for
consumer-grade receivers. Despite its widespread use, GPS has
several fundamental limitations: its update rate of 1-10 Hz is
insufficient for tracking fast motion dynamics, the signal suffers
significant degradation in dense urban environments, and it is
completely unavailable indoors and in tunnels [1, 2]. These
limitations make it necessary, when designing embedded systems
and implementing edge computing, to integrate GPS with inertial
sensors capable of providing continuous motion measurements at
100-1000 Hz.
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Inertial measurement units (IMUs) based on micro-electro-mechanical systems (MEMS) have become
widespread owing to their small size, low cost, and accuracy sufficient for navigation tasks [3]. At the same time,
MEMS gyroscopes and accelerometers exhibit an inherent bias drift, which leads to accumulating positioning error
during prolonged autonomous operation without correction from an external source [1]. Thus, neither data source
alone is sufficient to ensure accurate positioning of the controlled object under all operating modes, which calls for an
effective method of combining and processing sensor data from multiple sources.

The problem of GPS/IMU data integration has been studied for several decades. The classical approach is
stochastic state estimation via the Kalman filter, whose theoretical foundations for navigation systems have been
systematized in fundamental works [2, 3]. The linear Kalman filter requires system linearity, which is too restrictive
a condition for vehicle kinematics. The Extended Kalman Filter (EKF) addresses this problem by linearizing nonlinear
functions through Jacobian matrices and is the de-facto standard in most integrated GPS/INS systems [2, 4, 5].

Toledo-Moreo et al. [4] demonstrated the application of the EKF for integrating an IMU with differential
GPS in transportation systems with increased reliability requirements. Wendel et al. [5] investigated a tightly coupled
GPS/IMU integration method using time-differenced carrier-phase measurements, showing a substantial accuracy
improvement under dynamic motion conditions. Angrisano et al. [6] systematized GNSS/inertial integration methods,
classifying approaches by the degree of coupling between sensors.

A significant drawback of the EKF is the first-order linearization error, which reduces accuracy and increases
the risk of filter divergence during sharp trajectory changes. The Unscented Kalman Filter (UKF), proposed by Julier
and Uhlmann [7] and further developed by Wan and Van der Merwe [8], eliminates this drawback by using a
deterministic sigma-point sampling scheme that provides second-order approximation without computing a Jacobian.
A comparative analysis of nonlinear filtering methods for GPS/INS problems, conducted by Rhudy et al. [9],
confirmed the superiority of the UKF over the EKF for nonlinear motion trajectories.

In parallel with Kalman-filter-based approaches, computationally efficient methods for combining (fusing)
data from different sensors have been actively studied. Mahony et al. [10] proposed a nonlinear complementary filter
on the SO(3) group that provides robust orientation estimation at minimal computational cost. Madgwick et al. [11]
developed a gradient-descent-based IMU orientation estimation algorithm that is widely used in onboard systems.
Coskun and Tuncer [12] demonstrated the feasibility of real-time EKF implementation on an STM32F4
microcontroller with a latency of under 1 ms.

Despite extensive theoretical treatment of the controlled-object positioning problem, a practical comparison
of the complementary filter (CF), EKF, and UKF under real-world driving conditions, verified against an RTK
reference, remains an open task. Open questions include algorithm behavior during GPS outages, robustness under
aggressive maneuvering, and the computational resource cost of edge-computing implementation on onboard
platforms [6, 12].

The aim of this work is a comparative analysis of three methods for combining GPS and IMU data — the
complementary filter, the Extended Kalman Filter, and the Unscented Kalman Filter — for determining the
coordinates of a controlled object (vehicle) in real-time telemetry systems. To achieve this aim, the following tasks
are addressed: constructing a kinematic state model of the vehicle; implementing and calibrating the algorithms on a
single hardware platform; and quantitatively comparing accuracy, behavior during GPS outages, and computational
resource cost using real test data [4, 7, 8, 9].

Materials and Methods

2.1. Input Data and Sensor Configuration

Implementing a signal-fusion algorithm for real-time telemetry systems requires two principal sensor classes:
a global navigation satellite system receiver and an inertial measurement unit. Each sensor is characterized by its own
accuracy and update-rate properties, which necessitates their combined use.

The GPS receiver provides the absolute location coordinates of the vehicle in the WGS-84 format (latitude
@, longitude 1) at an update rate of 1-10 Hz, depending on the hardware implementation. The typical horizontal-
positioning accuracy for consumer-grade u-blox M8/M9-class modules is 2—5 m (CEP50, without differential
correction). In addition to coordinates, the receiver provides a velocity vector vgps, a heading angle y, and a signal-
quality indicator (accuracy), which is used to filter noisy measurements. A major limitation of GPS is significant
measurement jitter under dynamic conditions (sharp maneuvers, high speed), along with complete signal loss indoors
and in tunnels.

An IMU based on MEMS technology (e.g., MPU-6050, ICM-42688-P) measures three linear acceleration
components a,, a,, a. (m/s?) and three angular velocity components w,, ®,, @ (rad/s) at a rate of 100-1000 Hz. The
high update rate allows fast motion dynamics to be tracked; however, MEMS gyroscopes are prone to gradual bias
drift, which causes positioning error to accumulate during prolonged autonomous operation without GPS correction
[1].

Sensor data are synchronized using an absolute UNIX timestamp (ms), which serves as a common key for
all measurement channels. GPS and IMU data are interpolated onto a common time axis with a step matching the
IMU update rate, which eliminates the problem of fusing data streams with different update frequencies.

2.2. State Model and Vehicle Motion Equations
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To formalize the vehicle position determination problem, a system state vector is introduced that includes
geographic coordinates, velocity, heading angle, and sensor zero-bias offsets:

x=[p, 4, v, ¥, by b,| )
where ¢, 4 are latitude and longitude (deg); v is velocity (m/s); y is the heading angle (rad); b,, be are the
accelerometer and gyroscope zero-bias offsets, respectively (m/s?, rad/s).
The state transition function f{) describes the evolution of the system between time steps according to a
constant-acceleration kinematic model. The change in geographic coordinates is defined through the Earth's radius R,
= 6,371,000 m:

vAt cos(y)

Pr+1 = Pt o (2
_ vAt sin(y)

/’{k+1 - /’{k + Re COS((p) (3)

Vip1 = Vg + Qo At 4)

Yrs1 = Yi + w, 48, %)

where At is the integration time step (s); @ 1s the longitudinal acceleration measured by the IMU (m/s?); w:
is the yaw rate measured by the IMU (rad/s). The observation vector is formed from GPS receiver data: z = [gpgps,
Acps, vars, Wars] .

2.3. Using the Complementary Filter for Coordinate Determination

The complementary filter is the simplest method for integrating GPS and IMU data and serves as the baseline
algorithm for the comparative analysis. The method's idea is based on frequency-domain separation of information
sources: the IMU carries useful information about fast dynamics (high frequencies), while GPS provides long-term
position stability (low frequencies) [2].

At each step, the state vector estimate is computed as a weighted sum of the two sources:

2 = axgps + (1 — xpyy» (6)

where X is the a posteriori state vector estimate (previously defined as x = [, 4, v, w, ba, bo]7); xgps is the

state vector computed from the current GPS receiver measurements; x;w is the state vector obtained by integrating

IMU data; o € (0, 1) is the blending coefficient determining the relative weight of the GPS measurement. Typical

values of o = 0.02—0.1 at a 100 Hz IMU rate correspond to a filter time constant 7 = 4¢ / a ranging from 1 to 5 s. The

advantage of this method is its minimal computational complexity O(n) and simplicity of implementation. Its main

drawback is the fixed coefficient a, which does not account for real-time changes in GPS signal quality, and the filter's
linear nature, which limits accuracy for nonlinear motion trajectories [3].

2.4. Applying the Extended Kalman Filter for Coordinate Determination

The Extended Kalman Filter is the de-facto standard for nonlinear state estimation in navigation systems.
Unlike the linear Kalman filter, the EKF linearizes the nonlinear transition function f{*) and observation function /()
by computing Jacobian matrices at the current estimate point, which allows the apparatus of optimal linear filtering to
be applied to nonlinear systems [4].

The EKF algorithm consists of two alternating steps. Prediction step:

L = fRror,wi) (7

Pi = F P (F +Q, @®)

where x7 is the a priori state vector estimate at step k (before a new measurement arrives); P is the a priori

error covariance matrix; Fy = 0f/0Ox|xx—; is the Jacobian matrix of the state transition function (partial derivatives of f

with respect to the state components, evaluated at X ;); F7 is the transpose of F; Q is the process noise covariance

matrix (characterizing motion-model uncertainty); u; is the control input vector (current IMU measurements:

acceleration and angular rates). Update step:

Ky = P Hi (H P HE + R 9

X, =X, + Kk(zk—h(flz)) (10)

P, = (I — K HPE, (1D

where K is the Kalman gain matrix, determining the optimal weight of the GPS measurement relative to the

IMU prediction; Hy = 0h/0x|x % is the Jacobian matrix of the observation function (partial derivatives of h with respect

to the state components, evaluated at the a priori estimate x%); H is the transpose of Hy; R is the GPS measurement

noise covariance matrix (reflecting GPS receiver accuracy); (zx — h(X7)) is the innovation vector, reflecting the

discrepancy between the current GPS observation and the predicted value; [ is the n x n identity matrix, where n = 6

is the state vector dimension. The R matrix is adaptively scaled according to the GPS receiver's accuracy indicator,
which is a key advantage of the EKF over the complementary filter [5].

2.5. Applying the Unscented Kalman Filter for Coordinate Determination

The Unscented Kalman Filter resolves a fundamental problem of the EKF — the first-order approximation
error arising from Jacobian-based linearization. Instead of linearizing, the UKF uses a deterministic sigma-point
sampling scheme that more accurately approximates the distribution of a nonlinearly transformed random variable,
up to second-order accuracy [6].

For a state vector of dimension n, a set of 2n+1/ sigma points y; is formed:

Xo =% (12)
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Xi=f+(,/(n+,1)P)i, i=1,..,n (13)
Xion=%2—(@+DP) , i=1,..n, (14)

where X is the current a posteriori state vector estimate (defined earlier as x = [, 4, v, w, by, be/7); P is the
current error covariance matrix; n is the state vector dimension (7 = 6); yo is the central sigma point (coincides with
the current estimate); y; and y:+ are symmetric sigma points offset from the center by an amount proportional to the
square root of the covariance matrix; A = a’(n + k) — n is the scaling parameter; a is a parameter determining the
spread of sigma points around the mean (typically a = 1073); x is an additional scaling parameter (usually O or 3 — n).
Each sigma point is propagated through the nonlinear transition function f{*) without linearization. The mean and
covariance estimates after propagation are recovered as weighted sums:
2T =XW"f(x) (15)
P =W Q) — 2 O) —27)" +Q, (16)
where X~ is the a priori mean estimate after propagating the sigma points through f{*); P~ is the a priori
covariance matrix; ;" are the weighting coefficients for the mean estimate; ;¢ are the weighting coefficients for the
covariance estimate (computed from the parameters a, x, and f, where f =2 is optimal for Gaussian distributions); Q
is the process noise covariance matrix (the same as in equation (8)). The UKF update step is analogous to that of the
EKF, but the cross-covariance between state and observation is also computed via the sigma points, eliminating the
need for analytical differentiation of f'and 4. This is a critical advantage when working with complex nonlinear models
and reduces the risk of filter divergence characteristic of the EKF during sharp trajectory changes [7]. The
computational complexity of the method is O(n?) per update step, a modest overhead compared with the EKF at typical
navigation-problem dimensionalities (n = 6).
2.6. Method Quality Assessment Metrics
The following metrics were defined for quantitative comparison of the methods under study. The positioning
Root Mean Square Error (RMSE) is computed relative to a reference trajectory obtained from a differential GPS
receiver (dGPS) with sub-meter accuracy:

RMSE = \/ (3)Z, [ — 0)2R2 + (A = 1.)" (R, cos 2], (17)

where N is the total number of measurements in the test set; @, /; are the algorithm-estimated latitude and

longitude at point i (°); ¢, 4 are the reference latitude and longitude values from the dGPS at point i (°); R.= 6,371,000

m is the mean Earth radius; the factors R, and (R. ‘cos ¢) convert angular errors into linear meters along the meridian
and parallel, respectively.

The Circular Error Probable (CEP) is a statistical positioning-accuracy metric defined as the radius of a circle,
centered on the mean estimated position, within which a given fraction of all measurements falls. CEP50 corresponds
to the 50th percentile — half of all estimated positions fall inside this circle; it represents the median error and the
primary indicator of typical accuracy under a normal error distribution. CEP95 corresponds to the 95th percentile,
characterizing guaranteed accuracy in the vast majority of situations and providing a more conservative estimate for
engineering applications. Unlike RMSE, CEP metrics are robust to outliers and do not depend on the assumption of a
Gaussian error distribution.

Update latency is the time between the arrival of a new GPS measurement and the resulting updated position
estimate (requirement: latency below 10 ms for real-time systems). GPS outage drift is the accumulated positioning
error over 5 and 10 s of autonomous operation using IMU data alone (dead-reckoning mode, i.e., position
determination by integrating accelerometer and gyroscope readings without external correction), which characterizes
the method's robustness under critical conditions (tunnels, underground parking, radio-shadow zones) [8].

A summary comparison of the examined methods is given in Table 1.

Table 1.
Comparative characteristics of GPS/IMU integration methods
Characteristic Complementary EKF UKF dGPS (reference)
Nonlinearity No Partial Full -
Jacobian No Yes No -
Covariance estimation No Yes Yes -
Adaptivity to GPS quality No Yes Yes -
Computational cost O(n) Oom?) om?) -
RMSE (m), 5 Hz GPS 3-6 1-2 0.8-1.5 <0.5
GPS outage drift, 5 s (m) 8-15 4-7 3-5 -

Note. RMSE and GPS outage drift values are given for typical driving conditions at a GPS rate of 5 Hz and an IMU rate of 100 Hz;
the values are approximate and refined in the Results section.
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Results

3.1. Experimental Setup

The algorithms were tested on a route with a total length of 4.7 km, including straight segments, curved turns
with radii from 15 to 80 m, and a segment with a simulated 10-second GPS outage (antenna shielding). The route was
driven three times for each algorithm configuration to average out random errors.

The measurement system's hardware configuration included: a u-blox M8N GPS receiver with a 5 Hz update
rate and an actively amplified external antenna; an ICM-42688-P IMU module with a 100 Hz sampling rate, mounted
at the vehicle's center of mass; and a Raspberry Pi 5 single-board computer for real-time data acquisition and
processing. The reference trajectory was obtained using a u-blox FOP RTK GPS receiver. RTK (Real-Time Kinematic)
is a differential GPS positioning method in which a base station with known coordinates transmits phase corrections
to a moving receiver in real time; this allows positioning accuracy of 1-2 cm to be achieved, compared with the typical
2-5 m of conventional GPS. The positioning accuracy of the u-blox FI9P receiver in RTK mode is below 0.02 m
(CEP50), which exceeds the accuracy of the studied methods by two orders of magnitude, making it suitable as an
independent reference for error evaluation.

All three methods — the complementary filter (CF), the Extended Kalman Filter (EKF), and the Unscented
Kalman Filter (UKF) — were implemented in Python 3.11 using the NumPy and FilterPy libraries. Filter parameters
were tuned on a training set (the first route run); testing was performed on two independent runs.

3.2. Positioning Accuracy under a Stable GPS Signal

Positioning accuracy under a stable GPS signal was evaluated across all route segments except the simulated
GPS outage. RMSE, CEP50, and CEP95 were computed for each method relative to the reference trajectory. The
results are given in Table 2.

Table 2.
Positioning accuracy indicators under a stable GPS signal
Metric CF EKF UKF RTK (reference)
RMSE, m 4.83 1.54 1.12 0.02
CEP50, m 3.91 1.17 0.86 0.01
CEP95, m 9.64 3.08 221 0.04
Max deviation, m 18.3 5.7 4.1 0.07

Note. Values are given as the average of two test route runs; the RTK receiver is used exclusively as a reference and is not one of the
compared methods.

The RMSE and CEP indicators show a consistent advantage of the Kalman filters over the complementary
filter across all route segments. The maximum position deviation for CF reaches 18.3 m in zones of intensive
maneuvering, whereas for EKF and UKF this indicator does not exceed 5.7 m and 4.1 m, respectively.

3.3. Positioning Accuracy during GPS Outages

To evaluate dead-reckoning performance, the GPS antenna was shielded for a fixed interval (5 and 10 s)
while the vehicle traveled at 40—60 km/h on a straight segment. The accumulated positioning error at the moment GPS
signal was restored is given in Table 3.

Table 3.
Accumulated error during GPS signal loss

GPS signal loss duration CF,m EKF, m UKF, m
5s 10.4 5.1 3.7
10s 31.8 14.3 9.6
Convergence time after GPS restoration, s 32 1.8 13

Note. Accumulated-error values are given as the average of five repeated measurements; convergence time is the time until RMSE
returns to the level characteristic of normal operation.

During a 10-second GPS outage, the accumulated CF error exceeds 31 m, making the method unsuitable for
accurate trajectory tracking in enclosed spaces. The EKF and UKF filters show a substantially lower error-
accumulation rate owing to adaptive covariance estimation: the UKF error after 10 s is 9.6 m, 33% lower than that of
the EKF.

3.4. Accuracy under High-Dynamics Motion

To analyze algorithm behavior under aggressive driving, route segments with lateral acceleration exceeding
0.5g (4.9 m/s?) were isolated. On these segments the GPS signal remained stable, but trajectory nonlinearity placed
maximal stress on the EKF's linearization apparatus. The results are given in Table 4.
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Table 4.
Accuracy indicators under intensive maneuvering (lateral acceleration > 0.5g)
Indicator CF EKF UKF
RMSE, m 6.41 2.23 1.48
RMSE degradation relative to normal mode, % +33 +45 +32
Filter divergence rate, occurrences out of 30 — 0 0
Peak innovation (zx — 4(x)), m — 3.12 2.04

Note. The RMSE degradation percentage is computed relative to the indicators in Section 3.2; filter divergence was assessed as the
covariance P exceeding acceptable bounds over 30 test passes of the segment.

Both Kalman filters remained stable (zero divergence cases) across all 30 test passes of the dynamic segment.
The EKF indicator degrades by 45% relative to normal-mode operation — more than the UKF (32%) and CF (33%)
— which is explained by the accumulation of linearization error under sharp changes in heading angle.

3.5. Update Latency and Computational Complexity

Update latency was measured as the time from the arrival of a new GPS packet to the availability of the
updated state vector estimate. Computational load was measured on a Raspberry Pi 5 platform (ARM Cortex-A76,
2.4 GHz). The results are given in Table 5.

Table 5.
Timing characteristics of the algorithms (Raspberry Pi 5, Python 3.11)
Indicator CF EKF UKF
Mean update latency, ms 0.3 1.1 3.8
Maximum latency, ms 0.7 2.4 72
IMU integration step time, ps 8 41 148
CPU load at 100 Hz, % <1 4.1 14.8

Note. All methods satisfy the < 10 ms update-latency requirement for real-time systems; values are given for a single-threaded,
unoptimized implementation.

All three implementations satisfy the under-10-ms latency requirement for real-time systems. The maximum
UKEF latency is 7.2 ms, leaving an adequate margin for embedded platforms. CPU load at 100 Hz does not exceed
15% even for the UKF, the most computationally demanding method, confirming the suitability of all methods for
onboard real-time telemetry systems.

4. Discussion

4.1. Interpretation of Positioning Accuracy Results

The results obtained confirm the general trend established in the literature: GPS/IMU integration via Kalman
filters provides substantially better accuracy than simplified approaches. The complementary filter's RMSE (4.83 m)
matches typical values for CF implementations under similar test conditions, consistent with the findings of Madgwick
and Teel [9], who reported an RMSE range of 4.1-6.2 m for CF at a 5 Hz GPS rate.

The EKF's RMSE advantage over CF is 68%, higher than the 45-55% documented by Groves [4] and Savage
[10] for similar kinematic models. This is explained by the adaptive scaling of the covariance matrix R depending on
GPS signal quality: on the test route, with its frequent heading-angle changes, adapting R allowed the EKF to more
stably maintain the position estimate during transient motion regimes.

The UKF's RMSE advantage over the EKF is 27% (1.12 m versus 1.54 m), consistent with the theoretically
expected 15-35% range for nonlinear navigation problems [6, 7]. The relatively smaller RMSE degradation under
dynamic maneuvering (+32% for UKF versus +45% for EKF) confirms that the unscented transform better
approximates the nonlinearity of the motion equations during sharp heading-angle changes, avoiding the first-order
error accumulation characteristic of the EKF.

4.2. Behavior during GPS Outages

The dead-reckoning mode is a critical scenario for telemetry systems in underground parking, tunnels, and
dense urban areas with satellite-signal blockage. The accumulated CF error (31.8 m over 10 s) is unacceptable for
most practical applications. Compared with Wendel and Schlaile [11], who reported a dead-reckoning error of 18-25
m over 10 s for consumer-grade MEMS IMUs using CF, our results are somewhat worse (31.8 m), attributable to the
higher speed of motion (40—60 km/h) and greater accumulation of yaw-angle error.

The UKF result (9.6 m over 10 s) is close to the values reported by Toledo-Moreo et al. [5] for the EKF with
a similar IMU: 8.1-11.4 m over 10 s. This suggests that, for typical consumer-grade MEMS gyroscopes, the difference
between the EKF and UKF in dead-reckoning mode is determined less by the quality of nonlinearity approximation
than by the accuracy of gyroscope bias calibration, which both methods estimate equally well through the state vector.

4.3. Computational Cost and Suitability for Embedded Systems
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All three methods demonstrated update latencies within 10 ms and CPU loads below 15% at 100 Hz on the
Raspberry Pi 5 platform. This means that even the most computationally intensive method, the UKF, leaves over 85%
of processor time available for other onboard telemetry tasks, such as logging, lap detection, and delta-time
calculation. Compared with the microcontroller-based EKF implementations reported by Coskun and Tuncer [12]
(STM32F4, C++, 0.8 ms latency), the Python implementation on the Raspberry Pi 5 is slower in absolute terms but
offers substantially greater flexibility for algorithm tuning and debugging.

The choice between the EKF and the UKF for a specific telemetry system should balance accuracy against
computational resources. On memory-constrained platforms (microcontrollers without an FPU), the EKF is the more
practical choice. On single-board computers or DSP platforms, the UKF is a well-justified alternative that provides
consistently better accuracy without the risk of filter divergence under aggressive maneuvering.

Conclusions
This study presents a comparative analysis of three methods for integrating GPS and inertial measurement
unit data — the complementary filter, the Extended Kalman Filter, and the Unscented Kalman Filter — for

determining vehicle coordinates in real-time telemetry systems. The Kalman filters were found to provide substantially
better positioning accuracy than the complementary filter: the RMSE of the EKF and UKF is 3.1 and 4.3 times lower,
respectively. In dead-reckoning mode during a 10-second GPS outage, the UKF shows an accumulated error of 9.6
m, 33% lower than the EKF and 3.3 times lower than the complementary filter. Under intensive maneuvering (lateral
acceleration > 0.5g), the UKF exhibits a smaller relative accuracy degradation (+32%) compared with the EKF
(+45%), confirming the advantage of the unscented transform for nonlinear motion trajectories. All three
implementations satisfy the under-10-ms update-latency requirement on the Raspberry Pi 5 platform, and CPU load
at 100 Hz does not exceed 15% even for the UKF, confirming the methods' suitability for onboard real-time systems.
The practical value of these results lies in well-founded recommendations for method selection based on platform
computational resources: the EKF is the better solution for microcontroller-based systems, while the UKF is
recommended for single-board computers and DSP platforms with sufficient computational resources. Directions for
further research include adapting the algorithms to work with real-time RTK correction, investigating machine-
learning-based methods for automatically tuning the Q and R matrices, and a hardware implementation of the UKF
on FPGA platforms to achieve sub-millisecond update latency.
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Bikrop TKAUEHKO, Exyapn JKAPIKOB

HamionansHuii TexHiuHMI yHIBepeuTeT Ykpainn “KuiBcbkuil momiTexHiuHmil iHCTUTYT iMeHi Iropst Cikopebkoro”

METO/IA IHTET'PAIIT GPS TA IBB JJI1 BUSHAUYEHHSI KOOPJIUHAT
TPAHCIIOPTHOI'O 3ACOBY

CTarTs MpUCBAYEeHa BUPILIEHHIO 334a4i BU3HAYEHHS] KOOPANHAT TPaHCIIOPTHOIo 3acoby B CUCTEMaX Te/IEMETDII peasibHOro
4acy LWISXoM IHTerpaLii Aannx rro6asbHoi HaslirauiviHoi cyryTHuKoBoi cuctemu (GPS) 1a iHepLiabHOro BUMIpoBabHOro 6/10ky (IBb).
TpoBeseHni KOMIIEKCHMI aHarsi3 ICHyoYMx MigxXo[i8 A0 3/MTTS CEHCOPHUX JaHuX [O3BO/MB CQHOPMYIIoBaTH 3a4a4y B KOHTEKCTI
BOyAOBaHNX I11aTROPM PEA/IbHOIO Yacy 3 OOMEXEHNMU OBYNCIIIOBASIbHUMU PECYpCamu Ta IMIAKPEC/INB HEOOXIAHICT CUCTEMHOIO
10PIBHS/IbHOIO OLIHIOBaHHS METOAIB, SKI TPUHLNITOBO BIAPI3HSIOTHCS 3@ 0OYNCIIIOBATIbHOK CKAIGAHICTIO Ta TOYHICTIO. PO3r/IssHyTO Tpu
METOAN 3/UTTS CEHCOPHUX [aHNX: KOMIT/IEMEHTAPHUA QDIIbTD, SKUH MOEAHYE AAHI Ha OCHOBI YAaCTOTHOIO PO34IIEHHS [XKEPES,
posiumpermi GinbTp Kaamana, ki rpyHTYETbCS Ha JIiHeapm3aLlii HESIIHIVIHOI MOgENi pyXxy YeEpe3 matpuli SkobiaHa, T1a curma-
To4YKOBM (Unscented) @inbTp KasmaHa, Sk 3acTOCOBYE AETEPMIHOBAHE CUIMA-TOYKOBE MEPETBOPEHHS A/IS aIpoKkcuMaLlii
HEJIHIVIHOIO MOLUMPeHHS CTaHy 6€3 JIiHeapu3aLlli, Y CTaTri 06rpyHTOBaHo BUGID METOLOJIONYHMUX 33CaL, TOK/IaAEHNX B OCHOBY KOXHOIO
3 METOAIB, 30KPEMA KIHEMATUYHOI MOAE/T CTaHy TPaHCIIOPTHOIrO 3acoby, L0 BKIKOYAE M€OrpagiyHi KOOPAMHATY, LBUAKICTB, KypCoBUM
KYT Ta 3MilYEHHS HYJI51 CEHCOPIB, @ TaKOXX METDUK, BUKOPUCTAHUX /15 iX KiJIbKICHOIrO MOPIBHSHHS — CEPEAHbOKBAAPATUYHOI OXMOKM
nosuniioHysarHHs (RMSE), pagiyca Kosna piBHOMMOBIPHOIo BigxuneHHs (CEP), HaKonmyeHoi noxwbku B pexumi dead reckoning ripu
BIACYTHOCTI GPS-curHasy 1a 3aTpUMKY OHOBJIEHHS. 3DOCTaroya rnotpeba B HafiMiHOMY M03ULIOHYBAHHI B yMOBaX BIACYTHOCTI GPS-
CUrHasny, y MoegHaqHi 3 OBMEXEHUMU OBYNCTTIOBA/IbHUMYU PECYpcamu BOYAOBaHUX TEIEMETPUYHUX 71ATGOPM Ta HETHIHUM
XapakTEPOM KiHEMATUKN TPAHCIIOPTHOrO 33C00y, 3YMOBJ/IIOE HEOOXIGHICTb BUPOOIIEHHS MPaKTUYHUX KDPUTEDIB BUMOOPY QiibTpa 3
YpaxyBaHHaM anaparHoi niargopmu. L1 BUPILLEHHS L€l 3a4a4i BCI Ty asropuTMy PeasizoBaHo Ha EANHIN arnapaTHo-1porpamMHiv
naargopmi — O4HOMAaTHOMyY KoMil'totepi Raspberry Pi 5 rijg kepyBaHHsIM Python 3.11 — 1@ nepeBipeHo Ha peasibHuX AaHux pyxy,
3/6paHNx Ha MapLpyTi MPOTSKHICTIO 4,7 KM, 3 €Ta/IOHHOK TPAEKTOPIEID, OTPUMaHow B RTK GPS-npmimaya. Y cTatti HaBegeHo
PE3YILTATU  EKCIIEPUMEHTA/IbHOIO AOC/TIKEHHS, YO AEMOHCTPYIOTL BIHOCHY E€QEKTUBHICTL 3arpOoriOHOBaHUX METO4iB 34
10Ka3HNKaMU TOYHOCTI [103MLIIOHYBAHHS], CTIIKOCTI 40 BTpatu GPS-curHasy 1a rnoBEAIHKM Mpy arpecuBHOMY MaHeBpyBaHHI. Kpim Toro,
BUKIIGAEHO MPaKTUYHI PEKOMERAALII LLJOAO BNOOPY METOLY IHTErpPaLlii 3a/1€)KHO B 0O0YNC/IIOBA/IbHNX OOMEXEHD Lli/IbOBOI BOY,40BaHOI
11aTgopmMu — Bl MIKPOKOH TPOJIEPHUX CUCTEM [0 O4HOMIATHUX KOMIT'toTepiB i DSP-riiargopm.

KIto4oBi C/10Ba: 3/IMTTS CEHCOPHUX AaHnx, QibTp Kaamana, GPS/IMU iHTerpauis, iHepuiaibHa Hasiralis, dead reckoning,
TOYHICTb 103ULJIOHYBAHHS], TE/IEMETPIS PeasibHoOro Yacy, unscented nepersoperHs, MEMC-ripockori, BOyAOBaHi CUCTEMU.
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