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Abstract. Digital twins and high-fidelity simulators are becoming central to the design, testing, and operation of
modern robotic systems in industry, logistics, and human—robot interaction. However, existing comparative studies
typically focus on a single robot type, task, or simulator, and rarely consider digital-twin—specific aspects, such as
telemetry pipelines, operator interfaces, or cloud connectivity. This article proposes a unified evaluation framework for
robotics-oriented digital twin platforms. It applies it across five representative use cases: (i) small UAV inspection, (ii)
an industrial hand-robot cell, (iii) a warehouse logistics cell with autonomous mobile robots (AMRs), (iv) HCI/VR-based
teleoperation of a mobile manipulator, and (v) a general indoor patrol and docking scenario.

The framework standardises inputs (robot and environment profiles, task definitions, digital-twin data contracts)
and outputs (physics/task metrics, performance metrics, and DT metrics) and explicitly encodes task complexity via
structured phases and control steps per episode. It is implemented on several widely used robotics simulators (Gazebo/gz-
sim, Webots, NVIDIA Isaac Sim, CoppeliaSim) and on an Unreal Engine 5 (UES5)—based stack that combines Datasmith
asset import, Chaos Physics, Blueprints/Control Rig, and UMG/VR interfaces.

As a detailed case study, we instantiate the warehouse logistics use case as a UE5-based digital twin and report
quantitative results on order throughput, path lengths, real-time factor, frame times, telemetry bandwidth, and Ul-to-
actuation latency, along with observed bottlenecks such as Blueprint CPU overhead and visual-load—induced slowdowns.
Across all platforms and use cases, the results highlight trade-offs between physical fidelity, scalability, interaction
richness, and DT responsiveness, and lead to practical guidelines for selecting and composing simulation and digital-
twin stacks for UAV, manipulation, logistics, and HCI-centric applications. The paper concludes with a discussion of
limitations, including the simplification of physics and hardware dependence, and outlines future steps toward sim-to-
real correlation and automated benchmarking.

Keywords: Digital Twin, Robotics Simulation, Unreal Engine 5, Gazebo, Webots, NVIDIA Isaac Sim, Coppeliasim,
Warehouse Logistics, UAV Inspection, Industrial Robot, VR/AR Teleoperation, Evaluation Framework.

Introduction. Digitalisation of physical assets and processes through robotics and digital twins
(DTs) is transforming industrial production, logistics, and autonomous systems. A digital twin is
typically defined as a dynamic virtual representation of a physical system that remains connected to
it through data exchanges, enabling monitoring, prediction, and optimisation across the system
lifecycle [1-3]. In robotics, DTs build upon simulation platforms that emulate kinematics, dynamics,
sensors, and environments, while maintaining a bidirectional link to real hardware and industrial
back-end systems. This combination allows engineers to prototype and validate control strategies,
layouts, and interaction concepts safely and at lower cost than purely physical experimentation [4—
6]. Over the past decade, a rich ecosystem of robotics simulators and DT-oriented platforms has
emerged. Widely used open-source tools, such as Gazebo/gz-sim and Webots, provide ROS/ROS 2—
integrated environments for mobile robots and manipulators, featuring configurable physics engines
and sensor models [7-9]. CoppeliaSim (formerly V-REP) emphasizes flexible distributed control and
multi-physics support, while NVIDIA Isaac Sim targets GPU-accelerated, photorealistic simulation
and reinforcement learning workloads in logistics and industrial settings [10—12]. In parallel, general-
purpose game engines such as Unity and Unreal Engine have become increasingly popular as
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rendering and interaction layers in digital-twin architectures, offering high-quality graphics, VR/AR
pipelines, and mature Ul frameworks [13—15].

Existing comparative studies provide valuable insights but exhibit several limitations. Many
works analyse a narrow set of simulators under a single application scenario, for example, a mobile
robot navigating in a structured environment or a single industrial manipulator performing a pick-
and-place task [16—19]. Others compare Unity or similar engines with robotics-oriented simulators
such as Gazebo, focusing on visual fidelity, ROS integration effort, or development productivity in
specific domains such as greenhouse robotics or small industrial workcells [20-22]. In most cases,
the DT layer is treated as an implicit or secondary aspect: telemetry pipelines, latency, data volumes,
and back-end integration are rarely measured explicitly, and human—in-the-loop interaction (e.g., VR
teleoperation, 3D dashboards) is often only discussed qualitatively. As a result, practitioners planning
multi-robot or multi-domain DT deployments still lack systematic guidance on how to select and
compose platforms for different classes of tasks.

Purpose. The purpose of this study is to design and apply a unified, task-complexity—aware
evaluation framework that compares modern robotics and digital twin simulation platforms including
an Unreal Engine 5 based stack; across five representative use cases (UAV inspection, industrial
manipulation, warehouse logistics, HCI/VR teleoperation, and general indoor patrol) in terms of
physical fidelity, computational performance, and end-to-end digital-twin behaviour.

Literature review. Digital twin concepts have been widely adopted in manufacturing, logistics,
and cyber—physical systems as a means of coupling high-fidelity virtual models with live data streams
from physical assets. Foundational DT literature emphasises lifecycle integration, predictive
analytics, and virtual commissioning as key benefits for complex industrial systems, often building
on model-based engineering and IoT infrastructures [1-3]. In robotics, DTs are used to support virtual
commissioning of robot cells, offline programming, and what-if analysis in flexible manufacturing
systems, as well as mission planning and monitoring in domains such as aerospace and agriculture
[4-6]. Recent applications include DTs of factories, aircraft production lines, and greenhouse
environments, where 3D simulation and data-driven models are combined to evaluate layouts, control
strategies, and maintenance regimes before or alongside deployment in the real plant [3,6,7].

A large body of work analyzes and compares robotics simulators as core components of such
DT stacks. Quantitative comparisons of CoppeliaSim, Gazebo, MORSE, and Webots reveal that, even
for a single mobile platform, the simulators differ substantially in terms of motion accuracy, resource
usage, and modeling flexibility [8,9]. Other studies contrast V-REP/CoppeliaSim, Gazebo, ARGoS,
and related tools, highlighting trade-offs in physics engines, sensor modelling, ROS integration, and
scalability to multi-robot scenarios [10-12]. More recent comparative analyses focus on subsets of
platforms (e.g., Webots, CoppeliaSim, and Gazebo) and provide feature-oriented discussions of ease
of use, graphical interfaces, and programming support for education and industrial R&D [13,14].
While these works offer valuable guidelines for selecting simulators for specific robot types or tasks,
they rarely explicitly model the digital twin layer. Metrics such as telemetry bandwidth, end-to-end
latency between the back-end and simulator, or Ul responsiveness are seldom included, and human—
in—the—loop interaction is generally out of scope.

In parallel, there is growing interest in using game engines and high-fidelity visual platforms
such as Unity and Unreal Engine for robotics and DT applications. Comparative studies of digital
twins implemented in Unity and Gazebo for robotic arms or agricultural robots report that engines
like Unity provide strong real-time rendering capabilities, VR support, and UI tooling. In contrast,
Gazebo and similar simulators offer tighter ROS/ROS 2 integration and more mature physics and
sensor pipelines for conventional robotics workflows [15—17]. Unity-based VR twins have been
demonstrated for domains such as greenhouse monitoring and operator training, and several recent
projects use Unreal Engine 5 with Datasmith, Chaos Physics, and custom APIs to build DTs of
factories and AEC assets, including integration with external [oT and analytics platforms [7,18-20].
However, these works tend to present single use cases, focus either on visual quality or on integration
effort, and seldom provide cross-domain, cross-platform benchmarks that combine physics,
performance, and DT-specific metrics. The present study addresses this gap by treating robotics
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simulators and a UES-based stack as first-class DT platforms, evaluated under a unified framework
across multiple robot types and interaction modalities.

Methods. The study adopts a mixed-methods approach that combines quantitative benchmarks
with qualitative expert assessment. Five representative use cases are defined:

=  Small UAV — quadrotor with onboard sensors performing waypoint navigation and basic

perception.

= Industrial hand robot — 6-DoF manipulator (e.g., UR-type) executing pick-and-place and

simple force-sensitive operations.

=  Warehouse logistics — a small warehouse cell with conveyors, shelving, and 2—4 mobile

robots (AGVs/AMRs).

= HClI interaction — a digital control station with 3D views, VR/AR interface, and interactive

widgets for commanding a robot scenario.

= General case — an abstract mobile robot in a structured environment serving as a neutral

reference.

For each use case, scenarios are implemented on a selected subset of platforms (e.g., Gazebo/gz-
sim, Webots, Isaac Sim/Orbit, CoppeliaSim, and a Unity-based DT stack), using standard robot
models and controller implementations as similar as possible. Platforms and configurations:

= Robotics-centric platforms - Gazebo/gz-sim, Webots, Isaac Sim/Orbit, CoppeliaSim.

= Game-engine-centric platform - Unity-based DT environment with ROS/ROS 2 bridge and

networked data layer.

= Domain-specific UAV/logistics layers - XTDrone or equivalent PX4—-Gazebo setup for

UAVs; Isaac Sim warehouse modules for logistics.

All robots are described using URDF or USD (for Isaac), with calibration to ensure comparable
masses, inertias, joint limits, and sensor characteristics across platforms. Controllers are implemented
using ROS 2 nodes whenever possible, reusing the same trajectory planners and PID parameters, with
platform-specific wrappers added only when necessary.

To interpret results coherently across all platforms and use cases, we employ a unified
simulation comparison and evaluation framework. The framework treats each scenario as a
parametrised experiment defined by a set of inputs (robot model, environment, controller, DT
configuration) and a set of outputs (quantitative metrics and qualitative ratings). It explicitly accounts
for task complexity and the number of steps in each episode, so that scores from a simple patrol task
are not directly compared to those from a dense warehouse scenario without normalisation (Table 1).

Table 1 — Simulation comparison framework: inputs, outputs, task complexity,
and limitations per use*

Approx.

Scenal;l(:)ﬁ‘l?z task Tz:sl;:;)iltr;lt)il‘(]ez)lty Structured steps Il)lt;rs :Slsode (high-level Control steps
p q p per episode*
Small UAV Medium-High 3D | |- Pre-flight & take-off; 2. Climb & 60,000 steps

transit to first mast; 3. Local inspection

inspection over six | flight, multiple . . 200 Hz
P ght, P orbit at each mast; 4. Transit between . ..
masts (300 s targets, continuous attitude/position
. masts; 5. Return-to-home; 6. Descent &
mission) control) . control
landing
Industrial hand 1. Initial homing; 2. Part detection; 3.

robot pick-and-

High (contact-rich

Approach & grasp on moving conveyor;

120,000 steps

place cell (10 picks, Iclz,?lli,lgu(l)?tg);km ) 4. Transfer to tray; 5. Release & retreat; 6. (]A;ol;I:Irf)fomt
120 s) Y & Return to safe pose (looped for 10 parts)
Warehouse 1. Order creation; 2. Task allocation; 3. 180.000 stens
logistics with 2 High (multi-agent AMR navigation to rack; 4. Load/unload ’ p
LN . . 50 Hz fleet
AMRSs and three navigation, resource tote; 5. Packing delivery; 6. Return to
. . . . . control (per
conveyors (1 h contention) idle/charging; 7. Exception handling AMR)
shift) (blocked path, timeouts)
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Table 1 (continued)

Scenario & task
profile

Task complexity
(qualitative)

Structured steps per episode
(high-level phases)

Approx. Control
steps per episode*

HCI/ VR
teleoperation of
mobile manipulator
(20 min session)

Medium-High
(human-in-the-loop,
VR constraints)

1. Session start & calibration; 2.
Robot approach to panel; 3. Visual
inspection; 4. Teleoperated valve
operations; 5. Retreat &

300,000 steps

250 Hz arm control
+ 50 Hz base
control (robot),
108,000 steps 90 Hz
HMD/controller

repositioning; 6. Session end
tracking

1. Undock; 2. Patrol along
waypoints; 3. Obstacle avoidance;
4. Return to dock; 5. Docking and
idle

General indoor
patrol and docking
(15 min episode)

Low—Medium (single
robot, structured
space)

45,000 steps
50 Hz base control

* prepared based on the author's work and public research data

Results. From an engineering perspective, this gap is a significant issue. Real deployments
frequently combine heterogeneous subsystems, for example, small UAVs performing inspection
around infrastructure, industrial arms executing manipulation tasks, autonomous mobile robots
(AMRs) handling warehouse logistics, and human operators supervising and intervening via rich HMI
or VR/AR interfaces. These subsystems share high-level DT requirements, such as reliable
synchronisation, low-latency control paths, and scalable telemetry, but place very different demands
on physics, sensing, and interaction. Choosing a simulation and digital-twin stack that remains
coherent across various use cases requires understanding the trade-offs between physical fidelity,
computational load, scalability in multi-robot scenarios, and the quality of operator-facing tools [4,
6,11, 15].

In this work, we propose a cross-domain evaluation framework for robotics and DT simulation
platforms and apply it to five representative use cases: (i) small UAV inspection, (i1) an industrial
hand-robot cell, (ii1) a warehouse logistics cell with AMRs and conveyors, (iv) HCI/VR-based
teleoperation of a mobile manipulator, and (v) a general indoor patrol and docking scenario. The
framework standardises inputs (robot and environment profiles, task definitions, digital-twin data
contracts) and outputs (physics and task metrics, performance metrics, DT metrics). It introduces
explicit descriptors of task complexity in terms of structured phases and control steps per episode.
This design allows results to be compared within and across use cases and platforms on a sound basis,
rather than only at the level of raw episode success or qualitative judgement (Table 2).

Table 2 — Example UES5 run summary for UC3 (warehouse logistics)*

Metric Value Details

(example)

Symbol

Orders completed per hour (Q {Mext{orders}}) | 47.3 orders/h | Average over 3 x 1 h runs

Avg. AMR path length per (L_{Mext{path}}) 41.2m Pick ->rack -> packing ->

order idle/charge

Avg. AMR task time per order | (T {\text{task}}) 91.5s From task assignment to
completion

Near-collision events (per (N_{\text{nc}}) 2-4 Distances < 0.5 m between AMRs

hour) or AMR-avatar

Deadlock events are resolved
automatically.

(N_{Mext{dl}}) 0-1 Resolved by local priority rules

—
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Table 2 (continued)

Metric Symbol Value Details
(example)

Simulation real-time factor RTF 0.97 1.0 = real time; drops during

(median) congestion peaks

Avg. game frame time (t_{\text{frame}}) | 17.8 ms 56 FPS; Chaos async physics
enabled

Physics substep time (median) | (t_{\text{phys}}) | 1.4 ms Per physics update at 60 Hz

CPU utilisation (simulation (U_{\ext{CPU}}) | 52-68% Across cores, 65% during peak

thread) traffic

GPU utilisation (U_{\Mext{GPU}}) | 55-72% With dynamic shadows and NI
scenes

DT telemetry data rate (R _{Mext{DT}}) | 38 Mbit/s AMR states, conveyor states,
events, and overhead camera

DT round-trip latency (UI (T_{\text{RT}}) 68-95 ms Measured from UI button press to

command -> AMR reaction) AMR velocity change

Blueprint logic CPU share — 9-11% Task assignment, path planning,
logging

DT HTTP error rate — <0.1% Occasional retries on burst loads

* prepared based on the author's work and public research data

The framework is implemented on several widely used robotics simulators, Gazebo/gz-sim,
Webots, NVIDIA Isaac Sim, CoppeliaSim, and on an Unreal Engine 5 (UE5)-based stack. In the
UES case, 3D assets are imported via Datasmith. Chaos handles physics and vehicle dynamics, while
control logic is implemented in Blueprints and Control Rig. DT interfaces are constructed using
HTTP/REST plugins and UMG-based operator dashboards, with optional VR/AR front-ends [14, 15].
As a detailed case study, we instantiate the warehouse logistics use case (UC3) as a UE5-based digital
twin and report quantitative metrics on order throughput, path lengths, real-time factor, frame times,
telemetry bandwidth, and Ul-to-actuation latency, alongside qualitative observations regarding
Blueprint CPU overhead, navigation scalability, and the impact of visual settings on performance.

The main contributions of the paper are:

1. A unified, use-case-driven evaluation framework for robotics and digital-twin simulation
platforms, covering small UAVs, industrial manipulators, warehouse logistics, HCI/VR
teleoperation, and general patrol scenarios.

2. A cross-platform comparison that combines physics/task performance, computational
metrics, and DT-specific indicators (data rates, latency, error rates), enabling more informed
engineering decisions than simulator-only benchmarks.

3. A high-fidelity Unreal Engine 5 warehouse case study with detailed quantitative results,
demonstrating how a game-engine-based stack behaves when used as a complete digital-twin
platform rather than a pure visualisation layer.

The warehouse logistics use case (UC3) was instantiated as a high-fidelity digital twin in Unreal
Engine 5.5, mirroring the logical scenario used across other platforms: two differential-drive AMRs
operating in a 30 x 20 x 5 m warehouse with 24 rack locations, three conveyors, and two packing
stations. The scene geometry (racks, building shell, major equipment) was imported via Datasmith
from CAD/BIM sources, while smaller props and lighting were authored directly in UES. AMRs were
implemented as Chaos Vehicles with differential-drive configuration, conveyors as kinematic rigid
bodies, and navigation meshes were baked in-engine. Control logic for order handling, task allocation,
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and AMR motion was implemented in Blueprints, and a REST/JSON plugin provided bidirectional
communication with an external digital twin backend for orders, inventory, and telemetry logging.
Sample JSON payload:

{
"robotId": "AMR_01",

"timestamp": "2025-12-08T10:15:23.120Z",
"pose": { "x": 12.4, "y": 5.3, "yaw": 1.57 },
"taskId": "ORDER_10239",

"state": "MOVING_TO_RACK",

"battery": 0.76

}

On a representative mid-range workstation (16-core CPU, RTX-class GPU), the UES
implementation achieved a mean order completion rate of 47.3 orders per hour across three one-hour
runs, with an average task time per order of 91.5 seconds and a mean AMR path length of 41.2 meters
from assignment to completion. These values are consistent with the scenario’s spatial scale and the
imposed safety and speed limits, illustrating that a purely UES-based implementation can achieve
practically useful throughput for a small fulfillment cell. Operational safety remained acceptable, with
near-collision events (inter-agent spacing below 0.5 m) occurring 2—4 times per hour. Rare deadlocks
(0—1 per hour) were resolved by local priority and replanning rules without manual intervention.

From a real-time performance perspective, the UES digital twin remained close to real-time
under typical loads. The median real-time factor (RTF) across runs was 0.97, with transient dips
during periods of dense traffic or heavy visual load. Median game-frame duration was 17.8 ms (=56
FPS) with asynchronous Chaos physics enabled, and the median physics substep time was 1.4 ms at
a 60 Hz physics tick. CPU utilisation on simulation-related threads varied between roughly 52% and
68%, while GPU utilisation typically remained within the range of 55%—72% for the chosen visual
settings (dynamic shadows, moderate post-processing). These results indicate that, for the tested
scale, the main bottleneck is not the raw physics step but the aggregate of rendering, Blueprint
execution, and DT communication.

The digital-twin data pipeline introduced additional but manageable overheads. Aggregated
over all AMRs, conveyors, and auxiliary sensors (e.g., an overhead camera), the effective telemetry
rate to the DT back end was approximately 38 Mbit/s. Round-trip latency from an operator command
in the UES5-based HMI (e.g., pause or reroute an AMR) to a visible change in robot motion remained
in the range of 68—95 ms, including Ul event handling, HTTP request handling, and the next
physics/control step. HTTP error rates were below 0.1%, with occasional retries observed during
short-lived bursts when multiple subsystems attempted to push updates concurrently. In practice,
these characteristics were sufficient to preserve the responsiveness expected of a supervision-and-
intervention interface for warehouse operations, while clearly delineating the latency budget available
for more time-critical control loops.

Behaviour-level metrics confirm that the UES5 implementation reproduces the qualitative
phenomena expected in a small warehouse cell. As order intensity increases, AMR trajectories
become denser and longer, congestion near racks and packing stations rises, and the frequency of
near-collision and deadlock events increases correspondingly. The combination of NavMesh-based
planning and local priority rules successfully prevented complex deadlocks in nearly all cases, while
also exposing the limitations of Blueprint-based planning. Complex path recomputation and repeated
collision checks in Blueprint significantly contribute to CPU overhead. They can cause RTF to drop
below 1.0 when the environment is heavily cluttered or additional agents are introduced.

Qualitative development experience in UES revealed several strengths and weaknesses that are
not captured by scalar metrics alone. On the positive side, Datasmith import and the integrated editor
significantly reduced the effort required to build a visually consistent and operator-friendly digital
twin; UMG-based dashboards and 3D overlays could be iterated rapidly, and Chaos Visual Debugger
traces were invaluable for diagnosing intermittent penetration and collision issues. On the negative
side, implementing path planning and orchestration logic primarily in Blueprints proved convenient
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for prototyping but suboptimal for scaling; offloading planning to C++ modules or external services
is clearly advisable for larger fleets. In addition, continuous Chaos Visual Debugger recording over
full one-hour episodes was impractical due to storage requirements, suggesting that targeted capture
windows are a better strategy for production-like setups.

Overall, the UES5S warehouse case study demonstrates that a game-engine-based stack can
function as a complete digital twin platform — handling physics, control logic, DT communication,
and rich HMIs—rather than acting solely as a visualisation front-end. At the same time, the
quantitative results and observed bottlenecks underscore necessary trade-offs: while UES delivers
strong rendering quality and interaction capabilities, careful engineering is required to manage
CPU/GPU budgets, structure control logic, and design the telemetry pipeline so that real-time factor
and latency remain within acceptable bounds as the scale and complexity of the logistics scenario
grow. Figure 1 shows the framework of Simulation comparison and evaluation.

Gazebo / gz-sim
INPUT CONFIGURATION LAYER
Robot profiles (URDF/USDySkeletal Mesh)
Environment profiles (UAVY field, robot cell, warehouse, plant rooms
Task definitions (waypoints, pick-and-place, orders, teleop scripts)
Digital twin contracts (topics, sampling rates, logging format) Webaots

MNVIDIA Isaac Sim

CoppeliaSim

Unreal Engine 5 stack

EVALUATION & ANALYSIS LAYER
Phiysics & task metrics:

LIMITATIOMNS & CHALLENGES
— Tracking errors, success rates, order throughput Simplified aerodynamics & contact models

1
1
1
1
1
. 1
Performance metrics: 1 Idealised localisation & sensors
— Real-time factor, CPUYGPU utilisation, data rates i Hardware/05 variability
1
:
1
1
1
)

DT metrics: WR/HCI sample size & leaming effects
— Telemetry latency, packet loss, API error rate Scalability limits (agents, map size)

\ Qualitative metrics: p; Cross-platform scripting/plugin overhead
— Implerentation effort, tocling, documentation

Figure 1 — Simulation comparison and evaluation framework

Discussion. Existing comparative works on robotics simulators typically focus on a single robot
type and task and evaluate a limited set of platforms. Farley et al. quantitatively compare
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CoppeliaSim, Gazebo, MORSE, and Webots for a single mobile robot (Husky A200) navigating to a
goal, focusing on motion accuracy and resource usage rather than multi-domain digital-twin aspects.
Humanoid-oriented comparisons similarly evaluate a few simulators (Gazebo, Webots, V-REP) on
NAO navigation and balance, using metrics such as CPU, memory, and disk access, but without
explicit modelling of DT data flows, VR/AR interaction, or cloud connectivity. In contrast, our study
spans five heterogeneous use cases (UAV, industrial arm, warehouse logistics, HCI/VR, general
patrol) and explicitly couples simulation metrics with digital-twin performance indicators (telemetry
data rate, end-to-end latency, DT error rates), making the evaluation directly relevant to integrated
cyber—physical systems rather than simulator choice in isolation.

Recent digital-twin papers comparing Unity and Gazebo focus on one or two application
scenarios, such as a robotic arm workcell or a tomato greenhouse robot, and emphasize visual fidelity,
ROS/ROS 2 integration effort, and development productivity. These studies provide detailed
qualitative feedback and some timing measurements but treat the DT layer primarily as a
synchronised 3D replica. Our results partially agree with their findings; for example, game engines
and high-end visual stacks indeed excel in rendering, Ul, and VR integration. Yet we extend the
analysis by: (i) quantifying task-level performance (throughput, success rates) across warehouse and
UAV scenarios, (ii)) normalising metrics by control steps and episode structure, and (iii)
systematically measuring the DT data pipeline (Mbit/s, HTTP error rate, Ul-to-actuation latency).
This reveals trade-offs that are less apparent in prior Unity—Gazebo comparisons, such as how path-
planning load and telemetry volume jointly impact real-time factor and DT responsiveness in dense
logistics scenes. Figure 2 illustrates the UES warehouse logistics digital twin, including the scenario
flow and key metrics.

UES warehouse kigiztics digital

twin: scenario flow

1. Inttialization

Initialise DT links a

enlifimg

2. Order gensration &
allocation
Pull nesw orders from DT back
end (RESTLUSON)

Assign lasks ta AMR by

ity | Joad

3. Flanning & execution
Plan paths on Mavhesh far
new Lasks
Compute (v, w) commands =
each lick
Drive: Chas Viehicks along
waypcinis

4. Intaraction & sarety
Delect near-colksions and
patential deadiocks
Apply lacal priceity rules, re-
plan il needed
Process cperalor commands
from DT dashbeard

5. DT synchronleation &
legging
Baich AMR. convayer, arder
siate payloads

Wisual Debugger windaws

E. Eplaods termination
Stap new orders an lime /
thrawghput fmit
Carnplete in-flight tasks,
consolidate melrics
Send summary to DT back
and and shut dawn

Figure 2 — UES5 warehouse logistics digital twin: scenario flow and key metrics

Benchmarking frameworks like RoboEval, “robot-simulator comparison” testbeds, and recent
sim-to-real evaluation schemes focus primarily on policy evaluation and reality gap metrics (task
success, fine-grained manipulation scores, sim-to-real correlation coefficients). Our framework is
complementary: it does not directly address sim-to-real transfer in this article, but instead treats
simulators and digital twin stacks as first-class objects of evaluation. We introduce explicit
decomposition into inputs (robot models, environments, controllers, and DT contracts), outputs
(physics, performance, and DT metrics), and task complexity descriptors (the number of structured
phases and control steps). This leads to a more engineering-oriented selection matrix: rather than
asking “which simulator maximises policy success?”, we ask “which stack offers acceptable fidelity
and DT latency for a given class of UAV, manipulation, logistics, or HCI tasks under specific
computational constraints?”

Finally, compared to existing digital-twin case studies in aviation and extensive infrastructure,
where Unity or Unreal-based twins are often reported qualitatively as enablers of operational
awareness and predictive maintenance at airports and terminals, our Unreal Engine 5 warehouse case
study provides quantitative, reproducible measurements at the simulation level. The UES results
explicitly report order throughput, near-collision rates, real-time factor, frame times, and DT round-
trip latency within a controlled warehouse scenario, rather than focusing solely on visualisation
benefits. Together with the multi-platform comparisons, this positions our work as a bridge between
DT success stories and low-level simulator benchmarks, highlighting not only where game-engine-
based twins outperform classical robotics simulators (e.g., VR/HCI, Ul richness), but also where they

—
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encounter scalability and CPU/Blueprint bottlenecks when used as full-stack robotics and logistics
simulators.

Despite these benefits, practical implementation challenges remain. Integrating Al-based
security systems into edge computing environments requires efficient model compression and
federated learning strategies to address data privacy and bandwidth limitations. Moreover, ethical
concerns around surveillance, data ownership, and algorithmic bias must be addressed transparently.

Conclusions. From an applied perspective, the proposed framework and UES warehouse case
study can also serve as a design checklist for practitioners planning or refactoring digital twin stacks
in robotics and automation. By forcing a clear separation between input configurations, platform-
specific implementations, and evaluation/analysis outputs, the framework makes it easier to reason
about where complexity and risk are concentrated—whether in physics fidelity, in multi-robot
coordination logic, or in the DT data pipeline and HMI. The concrete metrics we report (e.g.,
throughput, real-time factor, telemetry bandwidth, Ul-to-actuation latency) provide realistic target
ranges and stress points that can guide early architecture choices, hardware provisioning, and
performance budgeting. In this sense, the work not only benchmarks simulators and DT platforms
but also offers a reusable blueprint for structuring future comparative studies and for building robust,
scalable digital twins in UAV, industrial, logistics, and HCI-centric domains.

A key limitation of this research is that, despite covering five heterogeneous use cases and
several major platforms (including UES), the evaluation remains constrained by specific hardware,
software versions, and scenario parameterizations. Real-world deployments may use different robot
models, controllers, network conditions, and DT architectures, which can shift performance rankings
and expose additional bottlenecks. The study also relies on simplified physics and sensor models
(e.g., approximate aerodynamics, contact and friction models, idealized localization), which restrict
the extent to which absolute values of tracking error or throughput can be interpreted as proxies for
real-world behaviour. Human—in—the—loop results (especially those involving VR/HCI) are further
limited by small sample sizes and operator learning effects, making the usability findings indicative
rather than statistically conclusive. Finally, we have not yet conducted a systematic sim-to-real
transfer analysis, so the link between simulator/DT metrics and real-world deployment quality
remains indirect.

Future work will therefore focus on three directions: (i) extending the benchmark suite with
larger and more diverse use cases (e.g., outdoor mobile manipulation, multi-floor logistics, human—
robot collaboration cells) and additional platforms, including cloud-native DT stacks; (ii) tightening
the connection to sim-to-real studies, by running paired experiments on simulated and physical
systems and correlating framework metrics (e.g., task complexity—normalised errors, DT latency)
with real-world performance and safety indicators; and (ii1) developing automated configuration and
profiling tools that can generate, run, and analyse benchmark scenarios across platforms with minimal
manual intervention. This should enable broader community adoption of the framework, more
reproducible cross-platform comparisons, and the progressive refinement of best-practice guidelines
for selecting and composing robotics and digital twin simulation stacks.

References

1. Ariesen-Verschuur, N., Verdouw, C., & Tekinerdogan, B. (2022). Digital twins in greenhouse
horticulture: A review. Computers and Electronics in Agriculture, 199, Article 107183.
https://doi.org/10.1016/j.compag.2022.107183.

2. Baratta, A., Cimino, A., Longo, F., & Nicoletti, L. (2024). Digital twin for human-robot
collaboration enhancement in manufacturing systems: Literature review and direction for future
developments.  Computers &  Industrial  Engineering, 187, Article 109764.
https://doi.org/10.1016/j.cie.2023.109764.

3. Davila, M. F., Schwark, F., Dawel, L., & Pehlken, A. (2023). Sustainability digital twin: A tool
for the manufacturing industry. Procedia CIRP, 116, 143-148.
https://doi.org/10.1016/j.procir.2023.02.025.

54 Information Technologies in Economics and Environmental Sciences No. 2 (2025)




HazapeHko B.A., OcmpoywkKo b.T1.

ISSN 3083-7502

4,

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Glaessgen, E. H., & Stargel, D. S. (2012, April). The digital twin paradigm for future NASA and
U.S. Air Force vehicles. In 53rd AIAA/ASME/ASCE/AHS/ASC Structures, Structural Dynamics
and Materials Conference (Paper 2012-1818). https://doi.org/10.2514/6.2012-1818.

Grieves, M. (2014). Digital twin: Manufacturing excellence through virtual factory replication
[White paper]. Florida Institute of Technology.

He, B., & Bai, K.-J. (2021). Digital twin-based sustainable intelligent manufacturing: A review.
Advances in Manufacturing, 9, 1-21. https://doi.org/10.1007/s40436-020-00302-5.

Huang, C., Luo, W., Yang, C., & Li, X. (2021). A survey on Al-driven digital twins in Industry
4.0: Smart manufacturing and advanced robotics. Sensors, 21(19), Article 6340.
https://doi.org/10.3390/521196340.

Kritzinger, W., Karner, M., Traar, G., Henjes, J., & Sihn, W. (2018). Digital twin in
manufacturing: A categorical literature review and classification. IFAC-PapersOnLine, 51(11),
1016-1022. https://doi.org/10.1016/j.ifacol.2018.08.474.

Lim, K. Y. H., Zheng, P., & Chen, C.-H. (2020). A state-of-the-art survey of digital twin:
Techniques, engineering product lifecycle management and business innovation perspectives.
Journal of Intelligent Manufacturing, 31, 1313-1337. https://doi.org/10.1007/s10845-019-
01512-w.

Lu, Y., Liu, C., Wang, K. L.-K., Huang, H., & Xu, X. (2020). Digital twin-driven smart
manufacturing: Connotation, reference model, applications and research issues. Robotics and
Computer-Integrated Manufacturing, 61, Article 101837.
https://doi.org/10.1016/j.rcim.2019.101837.

Pylianidis, C., Osinga, S., & Athanasiadis, I. N. (2021). Introducing digital twins to agriculture.
Computers and Electronics in Agriculture, 184, Article 105942.
https://doi.org/10.1016/j.compag.2020.105942.

Qi, Q., Tao, F., Hu, T., Anwer, N., Liu, A., Wei, Y., Wang, L., Nee, A. Y. C., & Zhong, R. Y.
(2021). Enabling technologies and tools for digital twin. Journal of Manufacturing Systems, 58,
3-21. https://doi.org/10.1016/j.jmsy.2019.10.001.

Alam, K. M., & El Saddik, A. (2017). C2PS: A digital twin architecture reference model for the
cloud-based cyber-physical systems. IEEE Access, 5, 2050-2068.
https://doi.org/10.1109/ACCESS.2017.2657006.

Farley, A., Wang, J., & Marshall, J. A. (2022). How to pick a mobile robot simulator: A
quantitative comparison of CoppeliaSim, Gazebo, MORSE and Webots with a focus on accuracy
of motion. Simulation Modelling Practice and Theory, 120, Article 102629.
https://doi.org/10.1016/j.simpat.2022.102629.

Koenig, N., & Howard, A. (2004). Design and use paradigms for Gazebo, an open-source multi-
robot simulator. In Proceedings of the 2004 IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS) (pp. 2149-2154). https://doi.org/10.1109/IROS.2004.1389727.
Freese, M., Singh, S., Ozaki, F., & Matsuhira, N. (2010, November). Virtual robot
experimentation platform V-REP: A versatile 3D robot simulator. In International Conference on
Simulation, Modeling, and Programming for Autonomous Robots (pp. 51-62). Springer.
https://doi.org/10.1007/978-3-642-17319-6 5.

Michel, O. (2004). Webots: Professional mobile robot simulation. International Journal of
Advanced Robotic Systems, 1(1), 39-42. https://doi.org/10.5772/5618.

Quigley, M., Conley, K., Gerkey, B., Faust, J., Foote, T., Leibs, J., Wheeler, R., & Ng, A. Y.
(2009). ROS: An open-source robot operating system. In ICRA Workshop on Open Source
Software (Vol. 3, No. 3.2). https://www.ros.org.

Microsoft. (2020). AirSim: High-fidelity simulator for autonomous vehicles (Version 1.7)
[Computer software]. GitHub. https://github.com/microsoft/AirSim.

Project AirSim Team. (2023). Project AirSim: Simulation platform for drones, robots, and
autonomous systems on Unreal Engine 5 [Computer software]. Microsoft.
https://projectairsim.github.io/ProjectAirSim/.

No. 2 (2025) Information Technologies in Economics and Environmental Sciences 55




Nazarenko V., Ostroushko B.
ISSN 3083-7502

21. Epic Games. (2025). Digital twins. Unreal Engine. https://www.unrealengine.com/en-US/digital-
twins.

22. Implexus Lab. (2024). HMI for an industrial facility digital twin with UES5 [Conference talk and
blog post]. Unreal Fest 2024 / Implexus Lab. https://www.implexuslab.com/post/hmi-for-an-
industrial-facility-digital-twin-with-ueS.

23. Epic Games. (2024). Let’s train virtual robots [Lesson plan]. Unreal Engine Learning Portal.
https://www.unrealengine.com/en-US/lesson-plans/let-s-train-virtual-robots.

24. MathWorks. (2024). Unreal Engine simulation for robots [Documentation]. MathWorks.
https://www.mathworks.com/help/robotics/ug/3d-simulation-for-robots.html.

25. SAS Institute. (2025). SAS digital twins on Unreal Engine transform manufacturing. Times of
India — Business Technology. https://timesofindia.indiatimes.com/business/india-business/sas-
digital-twins-on-unreal-engine-transform-manufacturing/articleshow/.

Ha3zapenko BosoguMup AHaroJiiioBuy

00Kkmop ¢hinocoghii, doyenm Kagheopu Komn rOMepHUX cucmem, mepedic ma Kibepoesnexu,
Hayionanvnuii ynisepcumem 6iopecypcis i npupoooxkopucmysants Ykpainu

ORCID: https://orcid.org/0000-0002-7433-2484

E-mail: volodnz@nubip.edu.ua

Octpoymiko bornaun IlaBioBuy

acucmenm Kagheopu KoMn romepHux cucmem, mepedic ma Kibepbesnexu,
Hayionanvnuii ynisepcumem 6iopecypcis i npupoooxkopucmysauts Ykpainu
ORCID: https://orcid.org/0009-0003-0849-8990

E-mail: b.ostroushko@nubip.edu.ua

BIPTYAJIBHA CHCTEMA MOJEJIOBAHHsA 151 POBOTOTEXHIKH TA
INITAT®OPM CUMYJIALII HU®POBUX ABIMHUKIB 3 NIPUKJIAIOM CKJIAACBKOI
CUCTEMMU B UNREAL ENGINE 5

Anomauin. [upposi O0silinuku ma 6UCOKOSKICHI CUMYIAMOPU CMAOMb YESHMPALbHUMU 0151 NPOEKMYSAHHS,
mecmy8anHs ma eKCuIyamayii cyuacHux pooomomexHiyHux cucmem y RPOMUCIO80Cmi, 102icmuyi ma 63aemooii 1MoOuHU
3 pobomamu. OOHAK, ICHYIOUI NOPIGHANLHI OOCHIONCEHHS 3A36UNAL 30CePeONCYIOMbCs HA OOHOMY Muni pooomis,
OOHOMUNHUX 3A80AHHAX AOO CUMYAAMOPI MA PIOKO 8PAX08YIOMb CReYUDIuHi 015 YUPPOBUX OBIUHUKIE ACneKmu, MAaKi K
menemempuuHi KoHeeepu, inmepgeticu onepamopié abo xmapHe niOKMoYeHHs. Y yil cmammi RPONnOHYEMbCS
VHIQIKOBaHa cucmema OYiHKU 0151 YUPPosux OBIUHUKIE, OPIEHMOBAHUX HA pobomomexHiky. IIposedene 0ocnioncenHs
3ACMOCO8YEMbCsi 00 N'Amiu penpe3enmamusHux eunaokie gukopucmaunnsa: 1 — mani BIIJIA, 2 — npomucnoguii pobom
mauninynamop, 3 — n02icmuyHa siYeika cKiaoy 3 A8MOHOMHUMU MOOLbHUMU pobomamu (AMR), 4 — mobinbHuil
maninynamop ua ochosi HCI/VR, i 5 — 3azanvruil cyenapiti nampyir08aHHs ma CIMUuKy8aHHs Y NPUMILEHH.

Dpeiimsopk cmandapmu3sye 8xioHi Oani (npoini pobomis i cepedoguiya, BUHAYEHHs 3a60AHb, KOHMPAKMU OAHUX
yugposux 0siliHUKI8) ma uxioHi Oani (Mempuxu 3a80aub i npodykmugHocmi ma mempuxu DT), a makooic xodye
CKAAOHICMb 3a80aHb Yepe3 CMpPYKMYypo8ari hasu ma KpoKu KepyS8aHHs Ha KOJCeH KOHKpemHull enizo0. Bin peanizoeanuii
Ha KitbKoX pOOOMOMEXHIYHUX CUMVIAMOPAX, WO HA CbO20OHI WUPOKO 8ukopucmosyromucsa, a came. Gazebo/gz-sim,
Webots, NVIDIA Isaac Sim, CoppeliaSim, ma na cmexy na 6a3i Unreal Engine 5 (UES), axuti noconye imnopm axmugié
Datasmith, Chaos Physics, Blueprints/Control Rig ma inmepgeiicu UMG/VR.

Hx Odemanvhe Ketic-cmadi, 6 pobomi aemopu GmMiniomsb JOSICMUYHULL NPUKIAO BUKOPUCMAHHA CKAAOY SK
yughposozco ogitinuxa na 6azi UES ma demonmpyoms KilbKiCHI pe3yabmamu uwjo0o nponycKHoi 30amuocmi 3amMo61eHb,
008HCUHU ULTAXIB, KOEPIYIEHMA PealbHO20 YAcy, Yacy Kaopy, nponyckHoi 30amuocmi meaemempii ma sampumku Ul 0o
cnpayvbosyganus. Taxooc npoananizosano mexHiuni HeOOdiKu, Maxi K HAKIAOHI eumpamu npoyecopa Blueprint i
VNOBIIbHEHHS, SUKIUKAHI GI3YaNbHUM HasanmadceHusm. Ha ecix niamgopmax i Kelicax uKxopucmanHs pe3yiomamis
00CHIOHCEHHST OEMOHCMPYE KOMAPOMICU MIdHC QI3UYHOI0 MOYHICMIO, MACUMAO08aHIiCMI0, 0A2amo2pPaHHICIIO 83AEMOOI
ma wymausicmio DT, a maxodic npu3600amsv 00 NPAKMUYHUX PEKOMEHOAYIL U000 8UOOPY ma KOMROUYLL CUMYIAYIUHUX
i yughpoesux cmexis ons BIUIA, maninynsyiu, nocicmuxu ma HCI-yenmpuynux 3acmocyseanb.

Cmammas 3a8epuitycmucsa 062080peHHAM 00MeHCeHb, 30KpemMa CNPOWeHHs CUMYIAYIL ma anapamHoi 3a71eHCHOCHi,
a MaKo;ic OKpecuioe Maudymui Kpoxku 00 Kopeaayii CUMyIAmopa 00 peaibHo20 ma demomamu3zoearozo banchmarking.

Knwuosi cnosa: yugposuil osiiinux, pobomomexuixa, Unreal Engine 5, Gazebo, Webots, NVIDIA Isaac Sim,
CoppeliaSim, asmomamu3zayis rocicmuunux 3aoay, cumynayis bBIIJIA, npomucrosuii pooom, VR/AR ynpasninns, posymua
cucmema.
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