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Abstract

In Industry 5.0, the transition from fixed traditional automation to flexible human-robot
collaboration (HRC) needs interfaces that are both intuitive and efficient. This paper
introduces a novel, multimodal control system for autonomous object handling, specifically
designed to enhance natural user interaction in dynamic work environments. The system
integrates a 6-Degrees of Freedom (DoF) collaborative robot (UR5e) with a hand-eye RGB-
D vision system to achieve robust autonomy. The core technical contribution lies in a
vision pipeline utilizing deep learning for object detection and point cloud processing
for accurate 6D pose estimation, enabling advanced tasks such as human-aware object
handover directly onto the operator’s hand. Crucially, an Automatic Speech Recognition
(ASR) is incorporated, providing a Natural Language Understanding (NLU) layer that
allows operators to issue real-time commands for task modification, error correction and
object selection. Experimental results demonstrate that this multimodal approach offers a
streamlined workflow aiming to improve operational flexibility compared to traditional
HMIs, while enhancing the perceived naturalness of the collaborative task. The system
establishes a framework for highly responsive and intuitive human-robot workspaces,
advancing the state of the art in natural interaction for collaborative object manipulation.

Keywords: collaborative robotics; multimodal HRI; voice control interface; 6D manipulation;
hand-eye vision; human-aware handover

1. Introduction
1.1. Background and Motivation

The transition from Industry 4.0 to Industry 5.0 [1] represents a paradigm shift in
manufacturing and production systems, moving from highly closed and efficiency-driven
automated production lines to open, flexible, human-centric workspaces where human
intelligence and decision-making are integrated with robotic automation. While Industry
4.0 focused on the integration of cyber-physical systems, IoT and data-driven optimization,
Industry 5.0 highlights human-robot collaboration (HRC), adaptability and the well-being
of humans operators [2], aiming at creating environments where humans and robots work
synergistically to achieve a shared goal [3,4]. Collaborative robots, also cobots, have become
central to this transition. Unlike traditional industrial robots, which typically operate in
isolated cells due to strict safety constraints, cobots are designed for safe, direct physical
interaction with humans. This is achieved through force-limited actuators, collision detec-
tion mechanisms and adaptive control algorithms. These capabilities enable operation in
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shared workspaces. However, current implementations often rely on pre-programmed task
sequences which limit system flexibility, as they may not adapt effectively to dynamic envi-
ronmental changes, variations in operator behavior or unexpected workflow disruptions.
In this work, the notion of dynamic work environment refers to collaborative industrial
scenarios in which task conditions evolve due to human presence and interaction, rather
than to large-scale or fully unstructured environmental changes. Specifically, dynamism
arises from variations in object poses, human motion within the shared workspace and
on-the-fly task reconfiguration enabled through natural language commands. Within this
scope, the proposed framework focuses on real-time perception and adaptive human-robot
interaction to support flexible and intuitive collaboration.

To fully leverage the potential of HRC, it is possible to develop Natural User Interaction
(NUI) mechanisms that allow operators to communicate with robots intuitively, using
common modalities such as gestures or voice commands. NUI significantly improves
operational efficiency by enabling real-time adaptation to task changes. In particular, it
aims to reduce the cognitive load on the operator, who no longer needs to remember
complex sequences or navigate complicated menus and it decreases physical effort by
minimizing repetitive movements or manual corrections during interaction with the robot.

Moreover, in complex and unstructured work environments, where objects may vary
in size, shape, or location, autonomous perception integrated with NUI becomes essential.
It allows robots not only to detect and manipulate objects accurately but also to respond
fluidly to human guidance. By combining intuitive control with autonomous capabilities,
advanced HRC systems can achieve higher flexibility and safety, paving the way for truly
human-centric industrial workspaces.

1.2. Related Work

Although significant progress has been made in human-aware object handover [5]
and multimodal human--robot interaction [6], several important limitations remain in
the state of the art. For instance, Costanzo et al. [7] propose a reactive control scheme
using visual and haptic cues to achieve object handover in collaborative tasks, but rely on
pre-defined behaviors and constrained hand configurations, which limits adaptability and
naturalness in dynamic scenarios. Reinforcement-learning approaches for human-to-robot
handover [8] improve adaptability, but they typically require extensive training and do not
tightly integrate with real-time perception and natural interaction channels like speech.

On the interaction interface side, multimodal systems combining gesture and speech
have shown significant potential for enhancing natural communication in HRC. For exam-
ple, Salinas-Martinez et al. [9] demonstrated a gesture + Automatic Speech Recognition
(ASR) platform for PCB manufacturing with high interaction accuracy. However, the pro-
posed architecture remains largely modular and not deeply integrated with perception or
manipulation pipelines. Similarly, Chen et al. [10] developed a real-time HRC framework
capable of processing dynamic gestures and speech in parallel, yet it still lacks autonomous
object-handling and human-aware grasp/handover capabilities. More broadly, recent
multimodal frameworks are increasingly hierarchical and long-term, as shown in the work
of Yu et al. [11], who propose a multimodal planning model based on vision and speech.
However, these approaches tend to focus on high-level task planning and user modeling
rather than on integrated perception-to-handover pipelines for grounded object manipula-
tion. Complementing these efforts, recent studies in industrial ASR highlight how speech
recognition can reduce reliance on additional sensors and enhance interaction naturalness
in precision-critical environments [12]. Nevertheless, to the best of the authors knowledge,
these ASR-enabled systems are typically not coupled with real-time manipulation modules,
limiting their applicability to real collaborative tasks. Recent survey works highlight the
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growing interest in vision-language model-based human-robot collaboration for smart
manufacturing, emphasizing the potential of tightly coupled perceptual and linguistic
representations to enable flexible, context-aware interaction and long-horizon task execu-
tion [13]. These approaches represent an important step toward more general and intuitive
HRC systems. However, these approaches primarily focus on high-level reasoning and
task planning, and typically do not explicitly address real-time perception-to-manipulation
coupling or safety-critical physical interaction. In parallel, vision-driven manipulation
strategies based on fuzzy visual servoing have been successfully applied to the handling
of flexible or deformable objects, such as fabric sheets lying on a work table, demonstrat-
ing robustness against geometric uncertainty and object deformation through continuous
visual feedback and adaptive control [14]. While highly effective within their application
domain, these methods are generally tailored to specific manipulation tasks involving
non-rigid materials and do not consider multimodal human-robot interaction, natural
language-driven task adaptation, or human-aware grasp and handover scenarios.

In contrast, our work addresses these limitations by proposing a fully integrated
architecture that closes the perception—interaction-manipulation loop seamlessly, unifying
autonomous 6D object localization, object grasping, human-aware handover, and a real-
time ASR-based interaction interface. This tight integration allows the robot to dynamically
adapt to user commands, recover from execution errors and modify tasks on the fly,
enabling safe and natural object handover in collaborative scenarios while reducing the
rigidity and training overheads typical of existing approaches.

1.3. Scientific Contribution

This paper presents an integrated collaborative robotic framework designed to support
flexible and natural HRC in Industry 5.0 scenarios. The main scientific contributions of this
work can be summarized as follows:

¢ Integrated perception-interaction—-manipulation architecture: a unified system ar-
chitecture is proposed, combining autonomous 6D object localization, grasp execu-
tion, human-aware handover and natural language-based interaction within a single
ROS 2 framework, while leveraging standard perception and middleware components
where appropriate.

* Robust vision-based pipeline for autonomous grasping and handover: a vision
pipeline is developed that bridges 2D deep learning-based object detection with
3D point cloud processing to estimate reliable 6D grasping poses in unstructured envi-
ronments. The same perception framework is extended to enable human-aware object
handover by accurately localizing the operator’s hand online using an eye-in-hand
RGB-D setup.

*  Voice Control Interface for flexible task-level interaction: a fully offline Voice Control
Interface is introduced, leveraging Automatic Speech Recognition and Large Language
Model-based Natural Language Understanding to translate unstructured human
speech into deterministic robot commands. This approach enables intuitive task
selection, modification and error handling without requiring rigid command templates
or manual reprogramming,.

*  Safe and responsive handover strategy based on multimodal sensing: a human-
aware handover strategy is implemented by combining vision-based hand tracking
with force-based release logic through the robot’s real-time control interface. This
multimodal approach ensures safe and natural object transfer while maintaining
responsiveness and robustness during close physical interaction.
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2. System Architecture
2.1. Hardware Setup

The experimental workstation, illustrated in Figure 1, is designed as a collaborative
robotic cell capable of autonomous object manipulation and natural interaction with a

human operator. The hardware architecture comprises the robotic manipulator, the vision
system, the voice interface, and the processing unit.

dhorative robotic system
with Robotiq gripper)

Figure 1. The experimental setup featuring the collaborative robot, the eye-in-hand vision system,
and the workspace with the target objects.

The motion capabilities are provided by a Universal Robots URbe, a 6-Degrees of
Freedom (DoF) collaborative robot. This manipulator was selected for its safety certifi-
cation and collision detection features, which allow it to operate in shared workspaces
without physical barriers. Its kinematic configuration offers the necessary flexibility to
reach various zones of the workbench, facilitating both object picking and handover tasks.
The end-effector mounted on the robot flange is a Robotiq Hand-E adaptive electric parallel
gripper. This device provides the necessary stroke and force control to handle the target
objects, which consist of various commercial products simulating a supermarket inventory.
These items are characterized by differing dimensions and branding, though they share
a predominantly parallelepiped shape. The vision system consists of an Orbbec Gemini
2L RGB-D camera, which utilizes Active Stereo IR technology to generate dense depth
maps. The sensor is mounted in an eye-in-hand configuration using a custom-designed
bracket manufactured via Stereolithography (SLA). The bracket positions the camera at
a fixed inclination of 35° relative to the wrist axis; this angle was optimized to ensure
simultaneous visibility of both the manipulation targets and the operator’s hand during
collaborative tasks. This configuration enables the real-time acquisition of RGB streams
and 3D point clouds.

To facilitate natural user interaction, the configuration includes a wireless lavalier
microphone. This device captures the operator’s voice commands, enabling hands-free com-
munication and eliminating the need for physical input devices such as buttons, keyboards,
or touchscreens. Finally, the synchronisation and control of all hardware components are
managed by a central computer. This workstation establishes communication between
devices, processing visual and audio data streams and executing algorithms for object
recognition and motion planning.
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2.2. Software Architecture and Communication

The software framework governing the robotic cell is built upon ROS 2, specifically
the Humble Hawksbill distribution running on Ubuntu 22.04 LTS. The architecture adopts
a modular design composed of independent nodes that communicate asynchronously
to manage perception, decision-making and user interaction [15]. Within this architec-
ture, established off-the-shelf software components are adopted where possible, while
custom-developed modules are introduced to enable the tight integration required for HRC.
In particular, the ROS 2 middleware, the YOLO backbone for 2D object detection, Google
MediaPipe for hand detection and the ASR engine are employed as standard components,
whereas the multimodal coordination logic, the 2D-3D fusion pipeline for 6D pose estima-
tion, the LLM-based intent grounding and the human-aware handover strategy have been
specifically developed by the authors.

The system logic is structured around three primary computational nodes, as illus-
trated in the block diagram in Figure 2:

1.  Perception Node: this module processes raw sensory data to reconstruct the
workspace state. It integrates a vision pipeline that combines YOLO for object detec-
tion and Google MediaPipe for hand detection. These 2D features are mapped into
metric 3D space using ordered point clouds, enabling precise 6D pose estimation of
both target objects and the operator’s hand relative to the robot base.

2. Voice Interface Node: this module implements the Voice Control Interface (VCI). It
leverages OpenAl Whisper (Large-v3) for robust Automatic Speech Recognition (ASR),
capable of filtering industrial background noise. The transcribed text is processed
by a local instance of the Mistral 7B Large Language Model (LLM), which performs
semantic parsing to extract structured intents (e.g., action type, target selection) from
unstructured natural language commands.

3. Control Node: acting as a central supervisor, this module functions as a finite state
machine. It synchronises multimodal inputs, activating specific vision tasks based on
the analysed vocal intention, and generates high-level motion plans for the manipulator.

To support a responsive and safe human-robot handover, the system interfaces with
the robotic manipulator through the Real-Time Data Exchange (RTDE) protocol provided by
Universal Robots. Unlike standard TCP/IP socket communication, which may suffer from
non-deterministic latency, RTDE is designed to synchronize external applications with the
robot’s internal control loop over a standard Ethernet connection [16]. The communication
is established by defining specific input and output “recipes”—Ilists of variables such as
joint positions, velocities, forces, and digital I/O states—that are exchanged cyclically. This
mechanism allows the Control Node to send motion commands and receive the robot’s
state feedback continuously. Furthermore, the RTDE interface provides direct access to the
robot’s safety registers, allowing the software to monitor protective stops or emergency
states and halt execution if an anomaly is detected.

https:/ /doi.org/10.3390/robotics15030049


https://doi.org/10.3390/robotics15030049

Robotics 2026, 15, 49

60f17

. s DATOWATEE

Voice Interface Node N \'S
camera

;" Atiomatic Spoech

; |'| i '@Opam\l
' : : 7/

Whisper (i 1
- -
~, RS S
/ Perception Node N Waorkstation i LI
s RnnEE . joints position |
Olyect Detection. Ubunta 22.04 &
: . o~
ultralytics :
B | W traytics, o E :

top destination

Hand Detection

- a )

:!ilMediaPipeé
—

b
.

Control Node

N #HROS2 & >

Figure 2. Block diagram of the ROS 2 software architecture, illustrating the integration of deep
learning-based vision and LLM-based voice interaction with the RTDE robot control loop.

3. Object Recognition and Grasping Pipeline
3.1. Pose Estimation and Grasping Pipeline

The object recognition and pose estimation pipeline is designed to bridge the gap
between 2D visual perception and 3D physical manipulation, enabling autonomous grasp
execution in unstructured environments. The workflow follows a sequential process that
starts from deep learning-based object localization and concludes with the computation
of a full 6D grasping pose through point-cloud-based manipulation processing. Object
detection is performed on the RGB stream using the YOLOvVS architecture, specifically
the yolov8m.pt (medium) model. This architecture was selected as it offers the optimal
trade-off between inference speed and detection accuracy, ensuring robust recognition
for grasping tasks, while maintaining real-time performance within the ROS 2 Humble
framework. For each detected supermarket item, the network outputs a class label and a
2D bounding box, as shown in Figure 3A.

To transition from the 2D image plane to the 3D Cartesian space, the system leverages
the depth data synchronized with the RGB frame and the organized point cloud generated
by the RGB-D sensor (see Figure 3B). A segmentation step is executed to delete the sur-
rounding environment, such as shelves or support surfaces, using a plane segmentation
filter. To ensure robust background removal, a distance threshold of 0.01 m was applied to
identify and subtract the planar support surface. The global point cloud is then cropped
using the bounding box provided by YOLOVS, retaining only the points within the tar-
get object to be grasped and significantly reducing point-cloud cardinality, as shown in
Figure 3C. Subsequently, a Euclidean clustering technique is employed to isolate only the
points on the front surface of the object (see Figure 3D). A clustering tolerance of 0.02m
was selected to group neighboring points, effectively filtering out sensor noise and isolated
outliers. Once a clean point cloud cluster is obtained, the 6D pose of the object can be
estimated as follows. This second segmentation step plays a crucial role in the accurate
estimation of the 6D object pose: the system enables a reliable computation of the surface
centroid using the MomentOfInertiaEstimation function provided by the Point Cloud Li-
brary (PCL). In particular, the centroid is obtained through the getOBB subroutine, which
computes an Oriented Bounding Box (OBB) enclosing the input point cloud. When applied
to the segmented front surface, the resulting OBB degenerates into a planar structure rather
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than a volumetric one, since it represents only the visible surface of the object. Although a
small thickness may be present due to imperfect segmentation, this effect is negligible
for the purposes of pose estimation. Once the centroid of the front surface is computed,
a translation is applied along the direction normal to the surface, corresponding to the
object local Z-axis, as shown in Figure 3E. The centroid is shifted by a distance equal to half
of the estimated object thickness (a priori known value derived from object specifications),
resulting in an accurate approximation of the object’s geometric center (see Figure 3F).

This simplified geometric approach was selected to prioritize system responsiveness,
which is essential for the proposed NUI framework. While the method relies on a semi-rigid
object model, the system robustness is ensured by the adaptive capabilities of the Robotiq
Hand-E gripper. By utilizing internal force sensing and object detection, the gripper
terminates the closing action upon encountering resistance, thereby compensating for
potential discrepancies between the estimated and actual object thickness during the
physical interaction.

Finally, the estimated pose, initially expressed in the camera optical frame, is trans-
formed into the robot base frame through the calibrated homogeneous transformation
TLese, . obtained from a standard hand—eye calibration procedure. This transformation
ensures that the computed grasping pose is directly compatible with the UR5e controller
and can be seamlessly used for motion planning and grasp execution.

CAMERA REFERENCE SYSTEM

TRANSLATION OBJECT GRASPING FRAME

Figure 3. Grasping pose estimation pipeline from RGB-D data: YOLOvS8-based object detection (A),
point-cloud cropping (B) and clustering (C), surface centroid estimation via OBB (D) and centroid
translation along the surface normal (E) to obtain the final 6D grasping pose (F). The red, green, and
blue lines represent the X, Y, and Z axes of the coordinate frames, respectively.

3.2. Handover Planning

The handover phase constitutes the interface between autonomous perception and
physical human-robot interaction. The process begins with the localization of the opera-
tor’s hand. The vision pipeline employs Google MediaPipe Hands to infer a skeletal model
consisting of 21 landmarks from the RGB stream. To ensure tracking stability, the Metacar-
pophalangeal (MCP) joint of the middle finger (Landmark 9) was selected as the reference
target, as illustrated in Figure 4a. Unlike fingertips, which exhibit high positional variance
during grasping gestures, the MCP joint provides a stable centroid for the hand’s palm,
offering an optimal target for object placement.

https:/ /doi.org/10.3390/robotics15030049
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Since the extracted landmarks u = (u, v) are defined in the 2D image plane, a deprojec-
tion step is performed by fusing the visual data with the aligned depth map. By querying
the organized point cloud (Figure 4b) at the indices of the target landmark, the system
retrieves the depth value zcamers and reconstructs the 3D coordinates Peamera = [X¢, Ye, zc]T
using the camera intrinsic parameters. Subsequently, the target coordinate is transformed
into the robot base frame, Py, to enable motion planning:

Pbase = Tz];acsf (‘7) : T%lénlgra “Peamera (1)

where TTP(7) denotes the pose of the Tool Center Point (TCP) derived from the instan-

base
taneous forward kinematics and the joint state g, and T4 5™ represents the extrinsic

calibration matrix of the eye-in-hand system described in the hardware setup.

(a) 2D skeletal tracking (b) 3D point cloud

Figure 4. Visualization of the hand localization pipeline. (a) RGB view showing the MediaPipe
skeletal tracking; the arrow highlights the Middle Finger MCP (Landmark 9) used as the stable
handover target. (b) The corresponding 3D point cloud of the scene used to extract the metric depth
of the operator’s hand.

To facilitate a natural interaction, the motion planner avoids direct linear interpolation
to the moving target. Instead, a “pre-place” approach strategy is adopted. The system com-
putes a safety waypoint Py, = Py + (0,0, 2, ffset]T
above the operator’s hand. This fixed offset was selected as a conservative approach

, with a vertical offset z, s = 0.2m

heuristic to ensure sufficient clearance during the approach phase within the considered
collaborative scenario. While this choice proved effective for the proposed supermar-
ket inventory task, future work will investigate more geometry-independent handover
strategies to extend the applicability of the method. The robot traverses to this waypoint
using joint-space interpolation to minimize execution time, before descending to the final
handover coordinate. Crucially, the TCP orientation is constrained to align the Z-axis with
the gravity vector. This vertical configuration maximizes the object’s affordance, allowing
the operator to grasp it intuitively from the sides.

The final release mechanism is governed by an impedance-based logic to ensure safety.
Instead of relying on visual triggers, which can be prone to occlusion during close contact,
the system utilizes haptic feedback via the RTDE interface. Upon reaching the safety
waypoint, the robot descends vertically towards the handover coordinate at a reduced
speed of 0.03 m/s. During this phase, the robot enters a “wait-and-sense” state, monitoring
the vertical force component F, acting on the end-effector. The gripper release is triggered
only when the operator actively retrieves the object, detected when the external force
exceeds a predefined threshold:

|F;| > F, = Open Gripper ()
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The release logic relies on the UR5e’s integrated 6-axis Force/Torque sensor, monitored
at 500 Hz via the RTDE interface. This reading represents the estimated external force acting
on the TCP, as the robot’s internal controller actively compensates for gravity and payload
dynamics based on the current kinematic configuration. Consequently, the measurement is
effectively configuration-independent during the static holding phase. Regarding sensor
performance, the UR5e technical specifications state a force precision of 3.5 N and an
accuracy of 4.0 N. Therefore, the threshold F;, = 5.0 N was empirically established to
strictly exceed the sensor’s worst-case tolerance range. This value creates a robust safety
margin against signal noise and measurement inaccuracies while ensuring the operator can
trigger the release with minimal physical effort.

4. Voice Control Interface

The Voice Control Interface (VCI) enables hands-free management of the robotic
cell [17]. To ensure reliability in industrial environments, the system implements a fully
offline, two-stage deep learning pipeline processed on the local edge workstation.

4.1. VCI Design and Components

The pipeline bridges the gap between unstructured audio and deterministic robotic
actions through two primary computational blocks:

1.  Automatic Speech Recognition (ASR) [18,19]: Audio is captured via a wireless mi-
crophone and processed by OpenAl Whisper (Large-v3 model). Operating locally, it
provides a textual transcription of the speech, filtering out industrial ambient noise.

2. Natural Language Understanding (NLU) [20,21]: The transcription is processed by
Mistral 7B via Ollama. This component acts as the semantic reasoning engine, utilizing
attention mechanisms to perform intent recognition and slot filling. It extracts the
target Object ID and the intended destination directly from the semantic structure of
the sentence.

4.2. Integration into Robot Control

The integration into the ROS 2 control loop relies on a domain-specific prompt en-
gineering strategy. The LLM is conditioned to translate stochastic human speech into
structured control messages containing specific Object IDs matching the computer vi-
sion classes.

The prompt supports operational flexibility by distinguishing between two manipula-
tion primitives:

*  Handover Mode: Delivering the object to the operator (default).
*  Shelf Mode: Placing the object in storage.

The prompt structure is illustrated in Figure 5.

This configuration enables unconstrained phrasing: the operator is not required to
use a rigid command template. As shown in Table 1, conversational fillers are filtered out,
and the system maps the intent to the correct ID and destination.

Table 1. Semantic parsing results. The system handles flexible sentence structures while correctly
mapping intents to the structured JSON required by the control node.

Intent Type User Utterance (Input) Structured JSON (Output)

”, 4

{“action”: “place_operator”,

Handover Hand me Object 1, please. “barameters”: {“label”: “Object 17}}

", u

{“action”: “place_shelf”, “parameters”:

Shelf Put Object 2 on the shelf. {“label”: “Object 2”)}

https://doi.org/10.3390/robotics15030049
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Table 1. Cont.

Intent Type User Utterance (Input) Structured JSON (Output)

",

{“action”: “place_operator”,
“parameters”: {“label”: “Object 3”}}

Phrasing “I really need Object 3.”

v, 4 v

Safety “Stop the robot.” {“action”: “stop”, “parameters”: {}}

You are a command parser for a URbe robot in a supermarket.
Convert the following command into a STRICT JSON object.

DO NOT output anything outside of JSON.

DO NOT add comments or explanatioms.

Actions:

. pick, move, home, stop

. place_shelf (if destination is ‘shelf?)

. place_operator (if destination is ‘operator’ or ‘hand’)
Rules:

e  Extract label (the object name mentioned).

. Extract brand if present.

. If destination contains ‘shelf’, use place_shelf.

. If destination contains ‘operator’ or ‘hand’, use place_operator.

. If ambiguous — action: ‘‘unknown’’.
Output format:
i
“‘action’: .77,
“parameters’’: |
‘““label’: “¢...",
“brand'?: CCo.
‘‘destination’: ‘‘shelf|operator|<other>"
}
i
Examples:
User: ‘Give me Object 1.’ —
Output: A ‘‘action’: ‘‘place_operator’’, ‘‘parameters’’: { ‘“label’’: ‘‘Object
1, “brand’’: null, ‘‘destination’: ‘‘operator’ } }
User: ‘Put Object 2 on the shelf.’ —
Output: A ‘‘action’: ‘‘place_shelf’’, ‘‘parameters’: { ‘label’’: *“‘Object 2’,
‘brand’’: null, ‘‘destination’’: ‘‘shelf’”’ } }
User: ‘Stop immediately.’ —
Output: A ‘‘action’: ‘‘stop’’, ‘‘parameters’’: {} }

User: [INPUT_TRANSCRIPT] — Output:

Figure 5. Structure of the system prompt used for LLM parsing.

The communication flow is managed via ROS 2. The mistral node publishes the
JSON command to /parsed_command. The orchestration node decodes this message: if
the action is place_operator, the robot retrieves the target object using YOLO coordinates,

moves to the detected hand position, and releases the object upon detecting a pull force
(F; > 5N).

https://doi.org/10.3390/robotics15030049
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4.3. LLM Model Selection and Latency Analysis

To determine the optimal NLU engine for the robotic cell, a comparative analysis was
conducted using a high-performance edge workstation. The objective was to identify a
model that balances response latency with semantic reasoning capabilities.

Three quantized models were evaluated on the standard command defined in the
previous section:

1.  Qwen 2.5 (1.5B): Lightweight architecture designed for speed.
2. Llama 3.2 (3B): Mid-sized optimized model.
3. Mistral 7B Instruct (v0.2): Larger parameter count, offering higher reasoning capabilities.

The inference times reported in Table 2 represent the average warm-start performance,
excluding the initial model loading time.

Table 2. Comparison of LLM inference performance.

Model Params Time (Avg) [s] Selection Analysis
Qwen 2.5 1.5B 0.19 Valid alternative for low-power hardware.
Llama 3.2 3B 0.19 Valid alternative with good speed-to-size ratio.

Selected model. Optimal balance of robustness

Mistral 7B 7B 0.37
and speed.

The experimental data demonstrate that hardware acceleration brings all tested mod-
els well within the real-time domain. While Qwen 2.5 and Llama 3.2 offer the fastest
response times (0.19 s), the system adopts Mistral 7B. All models achieved real-time perfor-
mance (<1 s). Mistral 7B was selected as the optimal choice, providing the best trade-off
between execution speed and model capacity for robust language understanding. The la-
tency difference of approximately 180 ms is imperceptible to the human operator during
natural conversation. However, utilizing a 7B-parameter architecture provides a significant
advantage in terms of semantic understanding and robustness against ambiguous com-
mands compared to smaller models, making it the most reliable engine for the proposed
collaborative architecture.

5. Experimental Results
5.1. Experimental Setup

The experimental validation was conducted in a laboratory environment simulating a
collaborative industrial workstation. The workspace consists of a table where the objects are
initially placed and a storage shelf positioned behind the base of the robotic manipulator.

The manipulation targets were selected from a set of commercial products represen-
tative of standard supermarket inventory. To ensure robust detection, the vision system
utilizes a YOLO model specifically fine-tuned on these items. To maintain neutrality, the ob-
jects are classified by an alphanumeric identifier (Object 1 to 6). The test set, illustrated in
Figure 6, includes:

*  Object 1: Pasta box (Dark blue packaging);

¢ Object 2: Pasta box (Yellow /Blue packaging);

¢ Object 3: Rice box (Bright yellow packaging);

¢ Object 4: Detergent box (Orange/White packaging);

¢ Object 5: Laundry additive (Red packaging);

¢ Object 6: Sodium bicarbonate (White/Blue packaging).
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Figure 6. Commercial objects used for experimental validation, labeled according to the object IDs
(Object 1-Object 6) adopted in the study.

5.2. YOLO-Based Object Detection Results

To evaluate the reliability of the perception module, the YOLOv8 neural network
was trained and tested on a custom dataset constructed specifically for the supermarket
inventory task. The dataset comprises 500 RGB images captured using the Orbbec Gemini
2L camera in the eye-in-hand configuration. To ensure robustness against environmental
variability, images were collected with the robot moving through different approach angles
and varying lighting conditions. The dataset was partitioned into a training set (70%,
350 images) and a validation set (30%, 150 images).

The primary evaluation objective was the model’s ability to correctly detect and
classify the six target items (Object 1-6) while reliably distinguishing them from the back-
ground. Performance was quantitatively assessed using standard object detection metrics,
including mean Average Precision (mAP). To ensure reproducibility and robustness against
overfitting on the task-specific dataset, the training process was conducted using an input
image resolution of 640 x 640 pixels and the default YOLOvVS8 data augmentation pipeline,
including Mosaic and Mixup strategies. The optimization was performed using Stochastic
Gradient Descent (SGD) with an initial learning rate of 1072, momentum of 0.937, and a
batch size of 16 over 100 epochs. Evaluation on the validation set demonstrated strong
generalization performance, achieving an mAP@0.5 of 0.992 and an mAP@0.5:0.95 of 0.88,
in agreement with the classification results observed in the confusion matrix.

Figure 7a presents the normalized confusion matrix obtained after training. The model
demonstrates excellent classification performance, achieving true positive rates between
0.98 and 1.00 across all classes. Classification errors are negligible, with only minor confu-
sion observed between two packages due to similar color palettes in low-light scenarios.
This high precision is critical for the subsequent pose estimation step, as an incorrect class
label would retrieve the wrong geometric parameters for the point cloud processing.

To further analyze the trade-off between precision and recall, the Fl1-confidence curve
was generated (Figure 7b). The F1 score, which represents the harmonic mean of precision
and recall, peaks at 0.99 with a confidence threshold of 0.82.

Based on these results, an operational confidence threshold of 0.90 was selected for
the application. Although this threshold is slightly higher than the optimal F1 peak, it
prioritizes precision to eliminate false positives, ensuring that the robot attempts a grasp
only when the certainty is maximal.
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Figure 7. Training metrics overview.

5.3. System Execution Test

To validate the integration of the multimodal architecture, a complete collaborative
cycle was executed and recorded. Figure 8 illustrates the key phases of the interaction,
demonstrating the system’s ability to translate high-level natural language instructions into
physical actions.

The sequence proceeds as follows:

1.  Natural Language Input (Figure 8a): the operator issues a voice command using
unstructured phrasing (e.g., “I need Object 4 for the washing”). The VCI processes
the audio, extracts the semantic intent (“Object 4”) and the destination (“operator”),
and forwards the task to the robot controller.

2. Autonomous Picking (Figure 8b): once the command is received, the vision system
identifies the target object and the operator’s hand. The robot performs the approach
and grasping movement based on the calculated 6D position.

3. Human-Aware Handover (Figure 8c): the robot follows the trajectory towards the
operator’s hand and releases the object only when the force detects contact, ensuring
a smooth and safe transfer.

This qualitative validation confirms the system’s capability to handle the entire process,
from voice activity detection to physical release, while maintaining a natural interaction
flow. It is important to highlight that, while the presented experiments focus on validating
the technical feasibility and real-time integration of the proposed multimodal architecture,
the evaluation of human-centered metrics such as cognitive load and usability was planned
as part of a broader user study.

5.4. System Responsiveness and Technical Validation

To substantiate the architectural efficiency and the “real-time” processing capabili-
ties of the individual modules, we conducted a quantitative performance analysis over
30 continuous execution cycles. To evaluate the system across different use cases, the trials
were designed to cover a wide range of operational conditions rather than repeating a
single task. The test set included:
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(a) Voice command (b) Autonomous picking (c) Handover

Figure 8. Sequential frames of the collaborative task: (a) the operator issues a natural voice command
via the wireless microphone; (b) the robot autonomously identifies and grasps the requested object;
(c) the object is safely delivered directly to the operator’s hand.

*  Object variability: the target was randomly selected among the six items (Objects
1-6) for each run, ensuring the vision system’s robustness across different textures
and shapes.

*  Spatial uncertainty: objects were placed at random positions and orientations within
the camera’s Field of View, testing the 6D pose estimation pipeline.

e  Linguistic flexibility: the operators used varying phrasings, validating the LLM’s
intent classification capabilities.

Table 3 details the computational time for the key pipeline stages. The data confirms
that the perception module operates with high responsiveness:

¢  Vision processing: the complete 6D pose estimation (Detection + Point Cloud Process-
ing) requires on average 66 ms (~15 Hz), supporting a fluid workflow.

e Safety control: the force monitoring and release logic operate in strict hard real-time at
500 Hz (2 ms) via the RTDE interface, ensuring safety during the physical handover.

While the Voice Interface introduces a natural latency due to the ASR and LLM
inference (~3.6 s), the robotic subsystem reacts immediately once the intent is parsed.

The intermediate outputs of the perception pipeline were analyzed to verify align-
ment with the training metrics shown in Figure 7b. During the experiments, the ob-
ject detection confidence averaged 0.94 £ 0.03 across all successful detections. This
value is consistent with the optimal F1-score threshold identified during training (>0.90),
confirming that the model generalizes well to the real-world setup without significant
performance degradation.

The system’s technical validity was further assessed through a success rate analysis.
Out of 30 trials involving random object placements and voice commands:

*  Physical handover success: 100% (30/30). The force-based release triggered correctly
in all instances without false positives.

*  End-to-End task success: 93% (28/30). Two failures occurred, due to background noise
affecting the ASR.

These results demonstrate that the proposed architecture effectively integrates high-
level reasoning with robust low-level control.
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Table 3. Computational processing times.

Subsystem Component Avg. Time [ms]
. ASR (Whisper) 3200 + 450
Voice Interface Intent Parsing (LLM) 370 £ 50
Vision Pipeline Obj. Detection 2244
P 6D Pose Estimation 4+38
Control Loop RTDE 2 (fixed)

6. Conclusions

This work presented a comprehensive framework for Industry 5.0 applications, in-
tegrating autonomous 6D perception with a natural language voice interface to support
human-robot collaboration. By coupling deep learning-based object detection (YOLOVS)
with point cloud processing, the system achieves precise grasping and human-aware
handover in unstructured environments. The incorporation of a Large Language Model
(Mistral 7B) into the control loop represents a significant step forward in interaction flexibil-
ity, allowing operators to interact with the robotic cell using unstructured natural speech
rather than rigid command templates.

Experimental results confirmed the technical reliability of the proposed vision pipeline,
demonstrating high classification accuracy and stable pose estimation, which are essential
for safe physical interaction. The system effectively bridges the gap between high-level
semantic intents and low-level motion control, providing a flexible architecture that lim-
its the need for complex reprogramming when handling task variations or unexpected
interaction events. In this work, environmental dynamism is mainly related to human-in-
the-loop interaction, including human motion, object reconfiguration and task updates
driven by natural language commands, while large-scale environmental changes are left to
future extensions.

Another limitation of the current approach is the reliance on pre-defined object thick-
ness values for centroid estimation. While this assumption holds for standardized rigid
packaging in retail inventories, it may introduce positional offsets when handling unknown
or deformable objects. However, the sensitivity to such errors is mitigated by the mechani-
cal compliance and force feedback of the adaptive gripper, which compensates for axial
misalignments during the grasping phase. Future work will address this by investigating
data-driven mesh reconstruction and tactile feedback strategies to handle non-rigid objects
without a priori geometric knowledge.

Future work will focus on expanding the system’s adaptability in dynamic shared
workspaces. One of the main objectives is the integration of real-time obstacle avoidance
strategies [22] to further enhance safety during close human-robot collaboration. More-
over, while this study validated the technical feasibility and real-time performance of the
proposed architecture, a comprehensive user study is planned to evaluate human-centered
aspects of the interaction. Systematic evaluations will be conducted using standardized
questionnaires, such as the NASA Task Load Index (NASA-TLX) and the System Usability
Scale (SUS), to quantitatively assess operator workload and perceived interaction quality,
and to compare the proposed multimodal interface with traditional industrial controllers.
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