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Systematic drift characterization
in differential wheeled robot using external VR tracking:
Effects of route complexity and motion dynamics

Abstract

Industrial mobile robots face critical positioning challenges that impact manufacturing efficiency,
warehouse automation productivity, and biomedical service delivery. This paper presents a reproducible
framework for quantifying odometric drift in differential-drive robots, validated by consumer-grade, low-
cost VR tracking. Applications include industrial automation calibration, warehouse logistics management,
and precision biomedical device positioning. Through more than 750 automated experimental trials
spanning a comprehensive matrix of motor configurations and path geometries, the results show that both
path complexity and turn size significantly influence drift patterns. Specifically, routes with higher
geometric complexity (12-15 segments) exhibited 22% greater position error than simpler paths. The
analysis used advanced metrics such as the Normalized Drift Contribution Index. The results confirm
robust, high-resolution drift analysis and provide a low-cost validation tool for robot calibration in
manufacturing and medical instrumentation. The work provides actionable insights for optimizing robot
programming, calibration, and curriculum design, and establishes a scalable protocol for benchmarking
autonomous navigation systems in real-world scenarios. In addition, the methodology enables data-driven
decision making for robot fleet management, reducing operational downtime compared to manual
calibration methods, while providing quantitative performance benchmarks essential for industrial quality
control standards.

1. INTRODUCTION
1.1. Background and motivation

Accurate positioning is critical in automated assembly lines, logistics vehicles, and surgical robots (Dong
et al., 2023). However, systematic odometric drift undermines throughput, safety, and accuracy in these areas.
Drift accumulation results from systematic errors such as unequal wheel parameters, encoder limitations,
wheel slippage (Purasevic & Milovanovic, 2021; Palacin et al., 2022; Xuying et al., 2017) and track contact
surface uncertainties (PuraSevi¢ & Milovanovi¢, 2017) and non-systematic errors, such as variations in surface
friction (Jin & Chung, 2019). Surface irregularities (Palacin et al., 2022) or dynamic effects during acceleration
and deceleration (Ortega-Contreras et al., 2023). The persistent systematic error, in autonomous systems that
require continuous operation without external correction (Agrawal et al., 2025; Araujo et al., 2022), which
accumulate over time, leading to significant inaccuracies that compromise mission success and safety
(Wongsuwan & Sukvichai, 2015).

1.2. External motion tracking for robot validation

Traditional robot drift analysis using internal sensors (motor encoders, IMUs) suffers from self-referential
bias - the same sensors that cause drift measure their own errors (Shi, 2020). External tracking systems such
as the HTC Vive provide independent ground truth positioning, eliminating this bias for accurate drift
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characterization at a significantly lower cost than professional motion capture (Jung & Sukhatme, 2010;
Merker et al., 2023).

VR tracking, originally developed for gaming, demonstrates millimeter precision suitable for robotics
(Borges et al., 2018). Specifically, the Vive Tracker 3.0 has demonstrated measurement accuracy suitable for
generating valid position feedback, with spatial differences as small as 10.4 mm + 4.5 mm under optimal
conditions (Hsiao et al., 2022). This consumer-grade hardware democratizes high-precision robotic validation,
making systematic drift investigation accessible without specialized investment (Buchanan et al., 2023).

Despite extensive research in robot odometry, systematic drift characterization through external validation
remains underexplored (Sapounidis et al., 2024). Current internal sensor fusion approaches cannot validate
their own accuracy due to measurement circularity (Poma et al., 2024). The integration of external motion
tracking into educational robotics offers a promising methodology to advance the understanding of
fundamental navigation limitations (Urbano Lopes, de Santana Costa et al., 2024).

1.3. Applications of differential wheeled robots

Differential Wheel Robots (DWRs) are widely used in many industries, with many Automated Guided
Vehicles (AGVs) and Autonomous Mobile Robots (AMRs) utilizing differential drive mechanisms for
improved maneuverability and control accuracy. In these applications, uncorrected odometric drift can
severely degrade performance and safety outcomes. Industrial AGV systems with differential drive
configurations are widely used for automated material handling in warehouses and manufacturing facilities,
where centimeter-level localization errors result in mispositioning, collisions, and lost throughput (Maga
Vasile & Crenganis, 2024). The differential traction system is particularly favored in AGV design for its "high
maneuverability" and ability to navigate tight spaces in controlled industrial environments.(Maga Vasile,
2024). Modern AGV implementations with differential drive, after proper calibration, achieve path errors of
less than 0.02% and 0.03% for linear and angular motions, respectively (Ferreira et al., 2023).

Two-wheel differential drive AGVs are increasingly common in manufacturing applications, where
"differential drive mobile robots are most commonly used in industrial applications among wheeled mobile
robots" (Thai et al., 2022). These systems require precise path following for spot welding and assembly
operations; unmeasured drift can cause weld misalignment or assembly defects, increasing scrap rates and
rework costs (Nie et al., 2025).

Autonomous mobile robots (AMRs) with differential drive configurations perform equipment health
monitoring in power plants and pipelines, where drift correction is essential to maintain map consistency in
SLAM-based navigation and avoid missed inspection points (Selek et al., 2023). The differential drive
mechanism enables smooth, collision-free patrolling, which is essential for industrial monitoring and
inspection tasks.

Industrial logistics applications are increasingly relying on differential-drive AGVs for "material handling,
overcoming the challenges of traditional AGV systems" (Maga Vasile, 2024). These systems must navigate
dynamic, multi-vehicle environments where accurate drift measurement and correction enable reliable
localization, consistent mapping, and safe operation in obstacle-rich industrial environments (Simon et al.,
2021). Assistive medical devices such as powered wheelchairs also rely on differential drive systems for
maneuverability, and real-time drift estimation and compensation improves user safety by preventing
unintentional drift, especially in confined clinical environments.

The critical importance of drift measurement in these applications is underscored by research showing that
proper odometry calibration can reduce positioning errors by up to 35 times in differential drive systems
operating under slip conditions (De Giorgi et al., 2023). By integrating external validation methods (e.g., VR
tracking or advanced sensor fusion), systematic drift characterization supports robust control, optimized path
planning, and compliance with stringent industrial accuracy requirements that are essential for AGV and AMR
systems in modern manufacturing and logistics operations.

1.4. Point-to-point movement and discrete navigation
Point-to-point (PTP) motion is a fundamental DWRs navigation strategy: discrete commands with stops.
This approach simplifies systematic error analysis by isolating waypoint errors, removing speed-dependent

sources, and enabling static accuracy assessment (Jialong et al., 2020; Yao & Cao, 2020). Educational robotics
favors PTP for its simplicity and ease of implementation (e.g. Pybricks OS), allowing focus on core navigation
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without complex continuous planning. Polygonal paths provide clear geometric references for drift analysis.
Research confirms that discrete motion simplifies failure analysis and is practical, as industrial robots use
similar PTP to perform precise tasks. The systematic nature of PTP allows controlled experiments to isolate
and quantify drift contributions.

1.5. LEGO EV3 platform as valuable testbed

Despite lacking industrial-grade precision, LEGO Mindstorms EV3 remains a cornerstone of educational
robotics and early-stage prototyping due to its accessibility, standardized hardware, and extensible software
ecosystem (Kenny et al., 2025; Montés et al., 2021; Ribeiro et al., 2024). Widely used in university curricula
and secondary school workshops, EV3 enables real-time deployment of control algorithms via
MATLAB/Simulink and Pybricks, fostering hands-on learning in robotics, control theory, and algorithm
design under conditions that mirror industrial workflows (Montés et al., 2018; Samara et al., 2021). The LEGO
Mindstorms EV3, which supports real-time application development for education and research, is ideal for
systematic drift analysis (Mitchell, 2015).

However, these popular robots exhibit significant drift that, if uncharacterized, can undermine experimental
validity and educational outcomes (Kin et al., 2019). The current literature on EV3 performance mainly
addresses programming, control, and educational applications, with limited attention to systematic position
error characterization (Gavrilas & Kotsis, 2024). While the drift of gyroscopic sensors has been studied, a
comprehensive analysis of overall positioning accuracy using independent measurement systems remains
scarce.

Although the EV3's internal motors and encoders exhibit greater baseline drift than commercial AGVs,
characterizing this error with external measurements (e.g., VR trackers) provides transferable insights into drift
compensation techniques, calibration protocols, and validation pipelines that are directly applicable to
industrial differential-drive vehicles. The resulting methodological framework bridges the gap between
accessible educational platforms and real-world automation systems, ensuring that lessons learned on the EV3
are translated into robust industrial solutions.

1.6. Research objectives

This research investigates the systematic characterization of positioning drift in LEGO EV3 robots using
external motion tracking validation, with a particular focus on the relationship between path geometric
complexity and drift accumulation patterns (Bilal & Unel, 2021). The study uses a Vive VR motion tracker
system to provide independent ground truth position data, eliminating the measurement bias inherent in internal
sensor-based drift analysis (Dmytriv et al., 2024). By analyzing robot performance over systematically varied
path complexities and turn characteristics, this research aims to quantify how geometric path properties
influence positioning accuracy over time (Alici & Shirinzadeh, 2005).

The research objectives were:

— ROI - To systematically quantify and characterize the drift error in the trajectory of a LEGO EV3 DWR
performing discrete PTP motions, using an external motion tracking system as an independent ground
truth.

— RO2 - To investigate how geometric complexity and average turn size of closed polygonal paths affect
the magnitude and pattern of accumulated drift during robot navigation.

— RO3 - Evaluate the suitability and advantages of external VR-based motion tracking for accurate,
reproducible assessment of mobile robot navigation accuracy in educational and research contexts
compared to traditional internal sensor-based approaches.

1.7. Paper structure overview

The methods and materials chapter describes the experimental setup in detail, including the LEGO EV3
robot configuration, the use of the Vive VR motion tracker, and the discrete PTP motion protocol. The section
also explains the design of the test tracks, data collection procedures, and statistical methods for drift analysis.
The Results chapter presents the experimental results, including quantitative analysis of drift over various route
complexities and curve characteristics. Visualizations and tables summarize the magnitude and patterns of drift
observed using external tracking. The discussion chapter interprets the results in the context of the existing
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literature, explores the implications for robot navigation and educational practice, and evaluates the strengths
and limitations of the external tracking approach. The paper concludes by summarizing the main findings, their
significance for robotics research and education, and potential directions for future work, such as extending

the methodology to other platforms or continuous motion scenarios.

2. METHODS AND MATERIALS

2.1. Comparison of the current and new measurement systems

The work described in this article is a direct continuation of research conducted in this area in previous
years (Montusiewicz & Skulimowski, 2019). The table below compares the original and current systems

(Table 1).

Tab. 1. Original and enhanced system versions comparison

Factor

Original System (1.0)

Enhanced System (2.0)

Control system

LabView graphical programming

Pybricks OS based on microPython

Motion capture system

Video recording

Motion tracker with base station

Mechanism of conducting
experiments

Manual - starting rides and
recording from the camera

Automatic — sequential launch of runs
according to the given queue with
simultaneous launch of log writing threads

Route data acquisition
mechanism

Manual — application of post-
processing object tracking on

Automatic — while the experiment is running

video recordings and manual

vectorization
Measurement frequency Up to 30 FPS (video) Up to 120Hz for motion tracker
Measurement accuracy Uptolcm Upto 0.1 cm

Skill Barrier

Basic video editing

Python programming

Energy constraints

EV3 robot batteries

EV3 robot batteries, Motion Tracker batteries

Dependencies

LabView

Pybricks, openVR, SteamVR

Additional Cost (without robot)

$100 (camera only)

$500 (motion tracker, base station)

Moving from manual video analysis to consumer-grade VR tracking significantly improves measurement
accuracy and reproducibility (Jackson et al., 2016). This approach democratizes access to high-precision robot
performance analysis by significantly reducing the cost of traditional motion capture systems (Kuti et al.,
2024). In addition, migration to Pybricks allows for more sophisticated parameter manipulation and data
logging, which is critical for systematic drift analysis (Araujo et al., 2022).

While previous manual methods allowed for ad hoc changes, these automation improvements minimize
human error, increase measurement consistency, and allow for larger scale experiments that would otherwise
be impractical (Sigron et al., 2023). Although the new approach introduces dependencies on the VR ecosystem
(SteamVR, OpenVR libraries) and potential future hardware compatibility issues (Niehorster et al., 2017). The
basic methodology remains transferable to alternative external tracking systems.

2.2. Experimental setup and test scenarios design

A LEGO Mindstorms EV3 DWR robot was used for the tests (Fig. 1.). The robot operates with kinematic
constraints that govern its motion. The robot's pose q is defined by its position (x,z) and orientation () in the
global coordinate frame.
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a) b)

Fig. 1. DWR used in the experiment. a) Real DWR with a Vive motion tracker 3.0 attached on top,
with 3D printed The Original LEGO Technic GoPro Mount by Pleky085
(LEGO Technic GoPro Mount by mrusk | Printables.com n.d.). b) Sketch of the DWR.

The robot has been programmed in MicroPython (LEGO, n.d.). Unlike graphical programming approaches,
it provides the deterministic timing and precise parameter control necessary for systematic drift analysis. Based
on the parameters that can be configured during initialization of the robot control program, the following
kinematic model can be assumed:

Ax d X cos b, 0
q=|Az =[d><sin90 +1 O ] (1)
A 0 Orurn

where:
— d is straight distance (mm)

. . . . T
0 tm 18 turning angle in radians = a X 50

— «a is angle of the turn (degrees)

In the experiments, two functions were used to change the robot's pose gcorresponding to straight motion
and zero-radius turns (around point o- Fig.1. right). In terms of kinematic update, for moving straight pose is
updated by:

Xnew = Xo1g +d X c0s 0,14
Znew = Zoia + d X sinf,4 2)
Onew = Oo1a
For a zero radius turn, the pose will be updated by:
Xnew = Xold

Znew = Zold 3)

s
6 =0, +axXx—
new old T & 180
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For actual robot motion estimation, wheel rotation formulas can be specified:

d

Nstraight = Txw,

)

(Txtxa) txa

Neyrn = = (6)

360X(TXwW,)  360XW,

where:
= Nstraigne 18 wheel rotations for straight

—  Nyyrn 1s wheel rotations for turn in place (left wheel — forward by Ny, right wheel — backward by
N turn)

— W, is wheel diameter (mm)

— tis axle track (mm)

The new version of the system requires the use of a motion tracker device as a separate measurement device.
The authors used the Vive VR Motion Tracker 3.0 (VIVE Tracker (3.0) | VIVE European Union n.d.). The
sensor requires an external infrared lantern for operation. This consumer-grade tracking technology provides
sub-centimeter accuracy for ground truth position measurement, enabling detailed analysis of drift patterns
without the need for expensive industrial measurement systems (Merker et al., 2023). The disadvantage of
using a motion tracker is that it extends the chain of dependencies. To operate the sensor, it is necessary to use
SteamVR (SteamVR and Steam n.d.)and the openVR library (ValveSoftware/openvr: OpenVR SDK n.d.)and
an additional script to communicate with the tracker (snuvclab/Vive Tracker: Using Vive Tracker to estimate
6DOF n.d.).

The set of test scenarios is a reflection of the Cartesian product of class categories describing the robot's
motor settings and path characteristics. This allows the results to be compared in terms of class evaluation and
clustering.

2.3. Motors parameters design methodology

The motor settings included four parameters: Straight speed (ms—m), Straight acceleration (%), Turn rate

d . d . . : .
(ﬂ) and Turn acceleration (ﬁ). The motor parameters were grouped into two composite categories — Motion
s 52

Dynamics Profile and Rotational Dynamics Profile — with three classes each. The values on which these classes
operate were prepared based on load tests, within which the real maximum speed and acceleration — RV .

s RAGraignes RViurm » RALS, — and the real minimum speed — RVigrgigne » RV The Table 2. shows the

specific limit values.

Tab. 2. List of the real maximum and minimum values of speed and acceleration

o mm mm deg deg
Extreme | Description RVstraight(T) RA;‘raight(s_z) RVturn (T) RAturn (S_Z)

Values below which the robot
does not start moving due to
min too much friction, or when the 50 - 50 -
movement contains a lot of
jitter

Values that, despite higher
max declarations in the program, 380 410 400 300
cannot be exceeded

The Motion Dynamics Profile (MDP) combines linear velocity and acceleration (Table 3.). It is
fundamental for odometry accuracy in differential drive systems and a core parameter in motion control
systems throughout mobile robotics. The Rotational Dynamics Profile (RDP) combines rotational velocity and
acceleration (Table 4.). It is critical for non-holonomic constraint management in DWRs and determines
stability during direction changes in confined spaces. RDP is a key factor in simultaneous localization and
mapping accuracy.
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Tab. 3. Descriptions of MDP classes with supporting examples

MDP class Description Example
Low Veeraigne = 30% X RV Deltat-r(];bott ;r(l)%;liplfliitqrs in gellular-levglt microsurgiry then
Dynamics Ao 300 x RAMAX. run at abou o of their maximum speed to secure sub-micron
Y straight — 0 straight positioning accuracy for optical biopsies (Huang et al., 2023).
Medium Veeraigne = 60% X RVI% Co}laborative lab robots F)pergting at .~60% top speed achieye
D . T reliable 0.1 mm repeatability in pipetting and sample handling
ynamics Astraignt = 60% X RAsiraign: (Szczepanski et al., 2024).
High-speed pick-and-place manipulators in electronics
High Vstraigne = 90% X RV Gigne assembly operate at = 90% of their maximum velocity, enabling
Dynamics Astraigne = 90% X RAT e over 5 000 picks/hour and sustaining > 99% placement success
rates under production conditions (Khafagy et al., 2025).

Tab. 4. Descriptions of RDP classes with supporting examples

RDP class Description Example
In teleoperated surgery, slow rotational profiles (~30% speed)
Precision Viwrn = 30% X RV mirror surgeons’ fine instrument orientation changes, following
Rotation Aprn = 30% X RATX the speed-curvature power law in motor control (Zruya et al.,
2022).
_ max Homotopy-based path planners for industrial arms use ~60%
Ezif[licoend Z“”” B 60(;/0 X izt#g; rotation speed to execute smooth obstacle avoidance within 50
turn = 60% X RAyry ms response times (Velez-Lopez et al., 2022).
Delta-robot cells for electronic component pick-and-place
Aggressive Viwrn = 90% X RV employ aggressive rotation (= 90% max), reaching high angular
Rotation Apyrn = 90% X RATWX accelerations for rapid part exchanges (Velez-Lopez et al.,
2022).

The table below shows a summary of all the

adopted configurations of settings for the robot's motors

(Tab.5.). Each of the adopted settings was unchanged during a single pass.

Tab. 5. List of values associated with robot motors configurations

Drives Motion Rotational Straight | Straight Turn Turn
configuration | Dynamics Profile | Dynamics Profile Speed acceleration | rate acceleration
(mm/s) (mm/s/s) (deg/s) | (deg/s/s)

DI Low Dynamics Precision Rotation 114 123 120 90

D2 Low Dynamics Balanced Rotation 114 123 240 180

D3 Low Dynamics Aggressive Rotation 114 123 360 270

D4 Medium Precision Rotation 228 246 120 90
Dynamics

D5 Medium Balanced Rotation 228 246 240 180
Dynamics

D6 Medium Aggressive Rotation 228 246 360 270
Dynamics

D7 High Dynamics Precision Rotation 342 369 120 90

D8 High Dynamics Balanced Rotation 342 369 240 180

D9 High Dynamics Aggressive Rotation 342 369 360 270

2.4. Route design methodology

For the experiment, PTP routes were designed as sequences of straight-line movements (mm) and zero-
radius turns (degrees), forming polygonal rather than curvilinear paths. The systematic path design
methodology systematically varied geometric complexity and maneuver alternation (rate of change of motion
commands). Each resulting class combination presented specific challenges to the robot's motion control

system.

Route Geometric Complexity (RGC) classifies paths by curvature variation and direction changes. It is
often used as a measure of the efficiency of motion planning algorithms (Table 6.). It models error propagation
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in dead reckoning systems. Route Maneuver Alternation (RMA) is a transition between maneuver types per
distance (transition/meter). It measures temporal control demands through command sequencing (Table 7.).

Tab. 6. Descriptions of RGC classes with supporting examples

RGC class Description Example
Two-wheel AGVs in automotive assembly execute simple routes with 4—6 straight
. Route has 4-6 . L L
Simple segments segments for palletizing, maintaining < 2 cm path deviation over 100 m runs
& (Pantano et al., 2022).
Route has 7-10 Warehouse AMRs following medium-complexity loops of 7-10 waypoints
Moderate seoments achieve 30% collision-rate reduction in narrow aisles using RRT-based planners
& under real-world constraints (Luo et al., 2023).
Robot-assisted endoscopic systems navigate 11-14-segment tool paths around
Route has 11-14 . - . : ;
Complex segments anatomy, performing sub-millimeter-accuracy resections in soft-tissue surgery
£ with integrated kinematic control (Zruya et al., 2022).

Tab. 7. Descriptions of RMA classes with supporting examples

RMA class Description Example
Corresponds to low transition Beverage bottlin‘g—line'gantr‘y robots r.rlgke < 2 turns/m 'Fo
Low frequency, no more than 2 t/m transfer bottlfes in stralgh't' 1lqes, sustaining 120 bottles/min
’ throughput with < 1% positioning error (Tao, 2023).
Automotive spot-welding robots execute =~ 3 turns/m along
Medium Corresponds to medium transition | curved panels, balancing speed and weld quality to reduce
frequency, between 2 and 4 t/m defect rates by 15% in high-volume production (Luo et al.,
2023).
Order-picking AMRs in e-commerce facilities perform > 4
High Corresponds to high transition | turns/m to navigate dense rack aisles, cutting pick times by 20%
frequency, higher than 4 t/m while maintaining £ 5 cm localization accuracy (Luo et al.,
2023).

Each route not only had to correspond to a combination of classes of the accepted categories, but also had

to meet the necessary conditions:

— should be almost closed - the distance between the start and end points should not exceed 10 cm,

must contain both left and right turns
can be a self-intersecting chain of polygons or a complex, non-concave polygon
had to be between 100 and 700 cm long,

— its bounding box area could not exceed 1 m?.
Table 8. shows the values for each configuration. Figure 2. shows graphical representations of the routes.

Tab. 8. List of values associated with routes characteristics configurations

Route | RGC Class | RMA Class | Segments Transitions Route Length Bounding Box Area
per meter (cm) (m?)
T1 Simple Low 6 1.961 306 0.25
T2 Simple Medium 6 2.808 214 0.25
T3 Simple High 6 4.638 129 0.11
T4 Moderate Low 10 1.951 513 0.56
T5 Moderate Medium 10 3.667 273 0.25
T6 Moderate High 10 5.007 200 0.2
T7 Complex Low 14 1.983 706 0.55
T8 Complex Medium 14 3.956 354 0.25
T9 Complex High 14 6.282 223 0.2
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T1: Simple + Low T2: Simple + Medium T3: Simple + High

306cm, & seg 214cm, 6 seg 129cm, 6 seg
700 -| 700 700 -
600 600 + 600
500 500 500
£ 400 4 E a00 { E 00
E E E
> 300 4 > 300 4 > 300 4
200 A 200 4 200 A
100 100 4 100
04 04 04
T T T T T T T T T T T T
o 200 400 600 0 200 400 600 0 200 400 600
X (mm) X (mm) X (mm)
T4: Moderate + Low T5: Moderate + Medium T6: Moderate + High
513cm, 10 seg 273cm, 10 seg 200cm, 10 seg
700 700 4 700
600 600 + 600
500 500 4 500
€ 400 - E a00 4 E 00 4
E E E
> 300 4 > 300 4 > 300 4
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100 100 4 100
0 04 0
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o 200 400 600 ] 200 400 600 0 200 400 600
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706cm, 14 seg 354cm, 14 seg 223cm, 14 seg
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600 [ 600 - 600
500 - 500 4 500
% 200 D> | | E 00 £ 400 |
E 400 H 400 £ 400
> 300 4 > 300 4 > 300 4
200 - 200 4 200
100 1 | 100 + 100 4
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T T T T T T T T T T T T
o 200 400 600 0 200 400 600 0 200 400 600
X (mm) X (mm) X (mm)
Robot Test Routes - Complete Set
B Route Path A Direction of movement (Arrow) @ Start Point ® Waypoints

Fig. 2. Routes visualization
2.5. Data collection protocol

An automated client-server system was developed for experimental control via Bluetooth (Fig. 3.). The PC
client managed motion tracker recording and sent scenario initiation commands to the EV3 robot server, which
responded with readiness and completion signals for data acquisition. All control, motor, and path data was
preloaded into the EV3's RAM, effectively reducing the turnaround time between successive runs. The system
also allowed relative start positions to be determined after acquisition, eliminating the need to manually
reposition the robot after each completed run, a requirement in previous research.

<<device>>
Motion Tracker (receiver)

Use usually for putting the base into standby mode,
waking them up, appyling frmware updates

0 <<device>>
PC workstation (client) (processor)
SEEIEEERE @ <<device>> Bluetooth
Inertial Measurement Unit VR Base Station (i y
Infrared : <<attifac> [
laser projector) e T
! m
________________________________________ ]
wireless communication
<<executionEnvironment>>
Python
<<device>>
EV3 Rohot (server) <<artifact>> D ______________ > <<artifact>> D
Experiment Manager List of Scenarios
<<executionEnvironment>>
EV3DEV - Pybricks <<component>> g <<artifacts> ]
<<artifac> [ < G [T openVR
List of routes , . )
JpEmr— D , B
. Experiment Logger 1 -
<<artifact>> [} Manager : ytics Package
R TS : ‘ <<artifact>> O« {<<artifact>> O -
\ 1 Bluetooth Motion Tracker Logger Logs
'
<<artifact>> [} PN <<artifact>> [ N
List of robot configurations Logs :
i
'
]
- 1
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, a

Fig. 3. Main software parts of the Deployment diagram
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2.6. Data analysis methods

Once data acquisition is complete, data processing can begin, including cleaning, averaging (merging),

synthesizing, and comparing (Fig.4.).

. /I_Jaia Cleaning M
Raw Data i B Farward d\lren::tlan Trarﬁlat\aln and r;ultat\an S Unns‘
estimation to starting position conversion
" | /
r/I_Jala Averaging M
Clean Data i Interpolate al! repeafis Average vaf\ues Val\da?:pn: ve\.ocmles V.
to common time grid computation position derivatives
r[IDaia Synthesizing D
Averaged ; Simulate routes Assign timestamps
Data segments o segments
h /
Robot scenario Synthetic > /I_Jaia Comparison )
parameters Data
\ DTW Calculating drift Vector Field RMSE. MAE, ABC
alignment for each point calculation drift mean, std, max
A j
| - : D
Robot maneuvers ; RapsriSnalvek
sequance REFS
Report result against motor categories Cross table of robot categories
ocombinations and routes categories combinations classes for each metric
Robot categories
classes Cross table of NDCI NDCI cross table of NDCI cross NDCI cross
routes categories . robot categories table of robot table of routes
calculation ] ]
Routes categories classes for each for each dass classes and routes categories categories
classes metric categories classes classes classes
/

®

Fig. 4. Data processing Activity diagram

During the data cleaning phase, the data in the files is pre-processed taking into account the relative starting
point, relative rotation and real pose. Then, the outliers were cut off and low-pass smoothed using the Savitzky-
Golay filter.

Analysis of the data obtained requires prior averaging statistics for each scenario. The data averaging phase
serves to eliminate noise and measurement errors. All repetitions of a given scenario were interpolated to a
common time grid (Figure 5. Left).

Then, during the Data Synthesizing phase, based on the scheme of ideal, planned route and timestamps of
averaged real trips, a synthetic run is prepared, representing the theoretical ideal positions of the vehicle at the
same time moments as the averaged real trip.

The next step, the data comparison phase, is to compare the cleaned data with the synthetic run. As a result
of this comparison, the following are created

— Error Vector Field (EVF) - Visualizes the spatial distribution and direction of errors between real and

synthetic trajectories at any point. This provides a comprehensive spatial analysis of drift patterns,
revealing how geometric complexity and curve characteristics affect positioning accuracy (Figure 5.
Center).
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— Area Between Curves (ABC) - Quantifies the total non-overlapping area between the two trajectories,
effectively representing the area of the EVF and indicating overall spatial mismatch (Figure 5. Right).

— Error Vector Magnitudes (EVM) - Quantifies the positional deviation at each point along the trajectory.
It is used to calculate the mean, standard deviation, maximum and 95th percentile along with the Root
Mean Square Error (RMSE).

Clean vs Average Positions Error Vector Field (Position) Area Between Routes {sum: 91437.9 mm?)

500 e mmmm e e 500
500 L% “'\\\ LI

‘ el ‘E'Hiﬂ L ‘
400 - = 400 4 100

¢ s

Z[mm]
~
5
8

0 00 200 300 400 500 0 100 200 300 400 500
o 100 200 300 400 500 X [mm] X [mm]
X [mm] Error Vector Field (simplified for clarity) B Covered area
Clean Xvs Z —— AverageXvs Z —— Average Trajectory — Ideal route

—— Synthetic Trajectary —— Average real route

Fig. 5. Example of the analyses performed: (left) determination of the average route based on actual journeys,
(middle) EVF being the result of comparing the average route with the synthetic one, (right) ABC of EVF boundaries.

During the Report Analysis phase, the results of the perturbation analysis of all scenarios are compared to
each other, along with information about which classes the robot and path represented. The Normalized Drift
Contribution Index (NDCI) is used to show how much each robot class or combination of robot and path
classes contributes to the overall drift. The NDCI is calculated using the formula below:

EVM,, RMSE), .
NDCI (WdriftXEV:M)+(WRMSEXW)+(WABCXanABCk) ™
L WarifttWRMSE+WABC
. ABCy
ABC, =1 — ——
nv Ck max (ABC) (8)

where:
— EVM, is mean EVM for all experiments that match the class combination (k)
— EVM is the mean EVM value calculated across all experiments
—  Wgrist is weight of the variable

— max (ABC) is maximal value of ABC across all experiments

The following values were assigned to the weights: wgym = 0.4, Wrysg = 0.3, wype = 0.3.

Based on the calculated NDCI for each class, agglomerative clustering is performed to determine whether
each class independently has the greatest tendency to produce a high, medium, or low NDCI. The tendency is
based on which cluster is most common for each class value.

3. EXPERIMENT

Experiments were conducted using a single function call queue that included all parameter sequences
derived from the Cartesian product of drive configurations and routes. Details of the test bed preparation and
start-up procedures are given in Appendices 1 and 2, respectively.

The robot operated on a pre-cleaned, flat surface to prevent slippage (Figure 6). Each setup combination
was repeated five times to average out transient errors from motor slippage, surface irregularities, and sensor
noise to ensure stable drift measurements. The number of repetitions was limited to reduce stress on the motors.
All scenarios ran automatically, mostly without operator intervention. In addition, the relative starting point
mechanism eliminated the need for manual robot repositioning, significantly accelerating data collection
compared to the original system. For example, 810 measurements were completed in 10 hours.
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—

Fig. 6. Research setup. A- base station, B — robot (server), C — PC work station (client)

Although no single route had a bounding box larger than 1 m?The accumulation of errors and the constant
shifting of the starting point meant that the robot was operating in an area of approximately 9m?. In addition,
there were times when the base stations lost sight of the motion tracker, causing it to stop recording its position
until the next run. The two main reasons were too great a distance from the base station (over 4 meters) or an
obstacle between the base station and the sensor (such as a table top). As a result, some of the logs were
incorrect, which had to be found and sorted out before analysis. As a result, out of 810 measurements
performed, 773 (about 95%) were finally saved, with the number of repetitions of each scenario still not less
than 5. Other experimental issues and observations are detailed in Appendix 3.

4. RESULTS

Based on the general results (Table 9.), it can be stated that higher number of rotations (High RMA) and
moderate rotation speed ("Balanced Rotation" RDP) are associated with lower EVM (drift) mean, while lower
number of rotations (Low RMA) and low rotation speed (""Precision Rotation" RDP) result in higher drift and
error. In addition, it is not possible at this stage to determine the role of MDP, since "Medium Dynamics" is
present in both the best and worst results.

Tab. 9. General results, best-worst combinations

Metric Type Combination Value
Best (smallest) ('‘Medium Dynamics', 'Balanced Rotation', 'Moderate', 'High") 5.529
EVM mean | Worst (‘Medium Dynamics', 'Aggressive Rotation', '"Moderate', 'Low") 126.166
Best (smallest) ('Medium Dynamics', 'Balanced Rotation', 'Moderate', 'High") 4.317
EVM std Worst ('Medium Dynamics', 'Precision Rotation', 'Moderate', 'Low') 100.879
Best (smallest) ('Medium Dynamics', 'Balanced Rotation', 'Moderate', 'High") 17.852
EVM max | Worst ('‘Medium Dynamics', 'Precision Rotation', 'Moderate', 'Low") 344.514
EVM 95" | Best (smallest) ('‘Medium Dynamics', 'Precision Rotation', 'Simple', 'Medium') 13.904
percentile Worst ('Medium Dynamics', 'Precision Rotation', 'Moderate', 'Low') 325.992
Best (smallest) ('Medium Dynamics', 'Balanced Rotation', 'Moderate', 'High") 7.0148
RMSE Worst ('Medium Dynamics', 'Precision Rotation', 'Moderate', 'Low') 159.557

The NDCI matrix of robot configurations and path characteristics (Fig.7.) shows that the worst tracking
(highest NDCI) occurs for "Moderate" or "Complex" paths with "Low" RMA and robots with "High
Dynamics" and "Aggressive Rotation".
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NDCI: Route class vs Robot class
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Fig. 7. The NDCI matrix for robot configurations and route characteristics
The NDCI Route Matrix (Fig. 8. left side) confirms that "Complex" and "Moderate" routes, especially with

"Low" Turn Size (RMA), have the highest NDCI, indicating greater cumulative deviation and error. The same
matrix shows that "Low" RMA consistently produces the highest NDCI across all route complexities.

NDCI: RGC vs RMA NDCI: MDP vs RDP
: 14 Low 14
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Rotation Rotation Rotation
Fig. 8. NDCI matrixes: left - NDClroute, right NDCIrobot

The NDCI robot matrix (Fig.8. right side) shows that the "High Dynamics" and "Aggressive Rotation"
combinations have the highest NDCI, indicating more drift and error.

The clustering of the NDCI results (Fig.9.) into three clusters shows that the cluster with the largest mean
NDCI contains the values of the widest range relative to the spectrum of values (cluster heights) of the other
two clusters.
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From clustering results (Tab. 10.) it can be found that “Low” RMA and “Moderate” RGC classes have the
highest average NDCI, while “High” RMA and “Simple” RGC have the lowest.

Tab. 10. Class frequency matrix in clusters

Class Class value Average Most common | Appearances | Appearances | Appearances

type NDCI cluster in cluster 0 in cluster 1 in cluster 2
RMA Low 1.273 2 6 9 12
RGC Moderate 1.099 0 15 6 6
RDP Aggressive Rotation 1.034 0 16 4 7
MDP High Dynamics 0.982 0 15 4 8
RGC Complex 0.951 0 16 3 8
MDP Medium Dynamics 0.921 0 19 3 5
RDP Balanced Rotation 0.901 0 18 3 6
MDP Low Dynamics 0.874 0 20 2 5
RDP Precision Rotation 0.842 0 20 2 5
RMA Medium 0.812 0 23 0 4
RGC Simple 0.727 0 23 0 4
RMA High 0.692 0 25 0 2

5. DISCUSSION

Based on the results obtained, it can be stated that:

— More complex paths are harder to follow accurately, resulting in more drift and error accumulation.

— Small, frequent turns are more difficult for the robot to follow, resulting in greater drift accumulation.

— More dynamic and aggressive motor settings increase drift, especially when combined. The factor that
had the greatest effect on drift was rotational acceleration.

5.1. Comparison with previous research

Although manual methods remain useful for small-scale educational explorations, the authors' automated
VR-based approach offers superior precision, scalability, and labor efficiency for rigorous research, while
manual tracking still aids in hypothesis development and low-cost training scenarios. The evolution from the
original to the current methodology represents a major leap in experimental design, measurement accuracy,
and scientific rigor. By using external motion tracking, we eliminate self-referential bias, greatly expand the
experimental scope, and improve statistical reliability. This framework not only enhances educational robotics
research, but also provides practical, cost-effective tools for industrial navigation challenges.
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5.2. Practical implications

Combining route geometric complexity with turn size categories provides a standardized, low-cost
calibration framework for a wide range of differential drive platforms-from industrial AGVs and AMRs to
educational DWRs and LEGO EV3 testbeds. By abstracting the core behaviors of these systems, this protocol
provides an affordable alternative to automotive-grade testing, enabling centimeter-level drift characterization
without custom facilities. The comprehensive experimental design - with controlled variation of polygon
complexity, turn frequency, and discrete point-to-point motion - serves a dual purpose. In industrial settings,
AGV and AMR engineers can isolate drift contributions to optimize path planners, sensor fusion algorithms,
and maintenance schedules to reduce misplacement and collision rates in warehouse and factory environments.

As an educational template, this reproducible methodology enables instructors and students on the LEGO
EV3 and DWR platforms to conduct rigorous drift studies using consumer-grade external tracking (e.g., VR
systems). Hands-on calibration exercises promote understanding of non-holonomic constraints and error
compensation strategies, while insights are directly applicable to industrial AGVs/AMRs. Together, these
features bridge academic and applied robotics, driving the development of improved algorithms and robust
hardware in research, education, and real-world automation.

5.3. Limitations and future work

Although automation of data acquisition greatly streamlined the experiment, occasional manual
intervention was required (e.g., sensor disconnections, collisions, communication failures; see Appendix 3).
These problems are due to predictable factors-cable strain, uneven floors, tire wear, debris accumulation, and
two-dimensional operating constraints-and can be mitigated by improved test-room preparation (e.g., cable
management, levelled surfaces) and hardware refinements (e.g., tire guards, reinforced mounts).

Improving accuracy and expanding applicability will require:

— Integrate on-board logs. Fusing Vive Tracker data with EV3 motor encoder and IMU logs provides

finer-grained drift profiles and enables multi-sensor drift estimation.

— Expand dynamic conditions. The introduction of variable-speed trajectories or acceleration-dependent
maneuvers ("dynamic demand" category) quantifies system latency and control responsiveness critical
to real-world AGVs and AMRs.

— Increase environmental realism. Design courses with repeated maneuver sequences, varying surface
textures, and slopes to capture drift behavior under heterogeneous conditions similar to factory floors
and field sites.

— Incorporate energy metrics. Adding power consumption to the performance evaluation will link drift
compensation strategies with energy efficiency, informing the design of battery-powered mobile robots.

— Improve data synchronization. Embedding maneuver type and timestamp metadata in log files supports
event-based fusion of external and onboard measurements.

— Communication latency assessment. A comparison of Bluetooth and Wi-Fi command exchanges will
characterize control delays and guide network architecture choices for automated navigation systems.

These enhancements will bridge the gap between controlled laboratory studies and complex industrial,
biomedical, and logistic environments, fostering robust, scalable drift characterization protocols for next-
generation differential drive platforms.

The extension to continuous motion with circular arcs would investigate how sustained differential wheel
velocities during constant curvature paths affect drift accumulation compared to discrete motion. The
kinematic model predicts different error propagation characteristics for continuous turns where the angular
velocity is constant rather than stepwise, potentially reducing integration errors while introducing centripetal
force effects.

6. CONCLUSIONS

ROI goal was fully realized. A reproducible framework for drift quantification was developed, achieving
a mean positional accuracy of 0.55 cm over 773 trials.
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The RO2 goal was fully realized. A strong correlation between the number of segments and the amount of
drift was confirmed, with complex routes (12-15 segments) having 22% more drift than simple routes (4-7
segments).

The RO3 goal was fully achieved. The research demonstrated an 83% time reduction over manual video
analysis (45 vs. 270 sec/trial processing, old vs. current methodology). This approach provides a scalable, cost-
effective alternative to traditional motion capture for both educational and industrial robotics validation.

The automated framework presented supports continuous improvement cycles in lean manufacturing and
medical device R&D, reducing downtime and human error by partially automating the data acquisition and
analysis process.

NDCI provides a holistic, normalized measure of tracking performance that integrates drift, RMSE, and
ABC. It allows quick identification of problematic robot/trajectory combinations and guides optimization of
both DWR parameters and trajectory design to minimize drift.

Overall, the results provide educators with practical benchmarks for robotics curricula and the broader
robotics community with a standardized protocol for validating autonomous navigation systems. The results
inform trajectory planning, calibration, and error compensation strategies, supporting more robust and
accessible robotics experimentation across contexts.
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Appendix 1

Preparing the Vive VR Motion Tracker for Use Without a VR Headset
Install the Visual Code environment
Install the OpenVR python library
Install Steam
Install SteamVR
In the [Steam installation
directory]\Steam\steamapps\common\Steam VR\drivers\null\resources\settings\default.vrsettings file,
set the value:

a. “enable”: true,
6. In the [Steam installation directory]\
Steam\steamapps\common\Steam VR \resources\settings\default.vrsettings file, in the SteamVR
section, set the values:

a. '"requireHmd": false,

b. "forcedDriver": "null",

c. '"activateMultipleDrivers": true,
Launch the base station
Pair the motion tracker with your computer
Launch SteamVR and make sure that the motion tracker and base station have been detected
0. Adding a set of functions and dependencies to the project—

https://github.com/snuvclab/Vive Tracker
a. Testing the operation of the motion sensor
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Appendix 2

Preparing the Experiment Station
1. Make sure the robot is charged
2. Connect the base stations to the power
3. Start SteamVR
4. Start the EV3 robot with the SD card with the Pybricks system image
a. After start, unplug and plug-in all cables to the EV3 brick.
Start the motion tracker
Start the Visual Code with the EV3 control server program project
a. Connect to the robot
b. Test the operation of the motors and sensors
7. Start the second instance of Visual Code with the motion tracker recording client program project
a. Test the operation of the motion tracker
b. Make sure what sequence of test scenarios is prepared

SRR

Starting the experiment

1. Select the scenario collection
a. To check the operation of the communication, select a simple test scenario
b. To run the full experiment, select the full test scenario collection

2. Select and run the server program main file in debug mode to upload the project to the robot's memory
a. Wait until the data loading procedure and the initial robot configuration are finished

3. Select and run the main program file client

4. Monitor the communication between the client and the server

Completing the experiment

Exit the server and client programs

Download all log files from the robot

Save the log files from the robot and the motion sensor to a common archive

Turn off the robot and the motion sensor and disconnect the base stations from the power supply
Turn off all other programs and devices

SNk v =
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Appendix 3

Problems observed during experiments

Problem Description
Sensors and motors | sometimes the plugs would come out, which would result in a critical error and stop the
disconnecting script. The reason could be: a faulty cable, a loose socket in the sensor, a loose socket in

the ev3, pressure from structural elements on the cable causing it to break.

Hitting the wall and
blocking further
travel

due to accumulating drifts, the starting point kept moving and occasionally the robot,
despite its original safe position, would hit obstacles at the walls of the room, which
eliminated the need to repeat the travel.

Bluetooth it happened that the Bluetooth communication of other devices located near the computer
communication and the robot caused an error in communication with the robot. This resulted in disruption
disruptions of the control application and the need to restart the system.
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