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Abstract

This work presents an autonomous robotic system to enhance the autonomy of individuals with reduced mobility
through voice-controlled object manipulation. The architecture integrates a pipeline of Al models on a Universal
Robots arm, all within its new NVIDIA Jetson Al Accelerator. It processes voice commands using Whisper and
a Small Language Model, detects objects with a fine-tuned YOLOvV8, and computes the ideal grasp pose using
SAM segmentation masks achieving a 4 second end-to-end latency with high accuracy. This enables reliable
picking of a variety of objects with different shape and sizes. Overall, the project serves as a successful proof
of the immense potential that arise when combining Al and robotics for high-performance assistive applications.
The complete source code is available at https://github.com/xsotopi/TFG.

Keywords: Assistive Robotics, Voice Control, Deep Learning, Al, Computer Vision, YOLOv8, SAM, Small Language Model,
Hand-Eye Calibration, Camera Intrinsics, Human-Robot Interaction, Real-Time Systems, Al Accelerator.

1. INTRODUCTION

Artificial intelligence (Al) has been the latest techno-
logical boom, with Large Language Models (LLMs)
like ChatGPT or autonomous driving systems among
many other advances that have revolutionized hu-
manity [1]. However, before its rise, one of the main
focuses was robotics, with also an incalculable poten-
tial on what can be achieved and the infinite different
way that it can help society grow. In this project, I will
combine these two fields to develop an innovative ap-
plication that uses the strengths of Al and robotics [2],
addressing real-world challenges and contributing to
a more inclusive and efficient society.

1.1. PROJECT DESCRIPTION

This work focuses on designing and developing a ro-
botic assistance system able to help and enhance the
autonomy of people with some disabilities or reduced
mobility. The system allows the user to control a Uni-
versal Robots collaborative robotic arm through nat-
ural voice interaction using Whisper, an OpenAl
model, to transcript the voice, and Qwen3 to extract
commands of pick and place within the audio
prompts. To detect and classify objects YOLOVS is
used.

By facilitating object handling without requiring a
. Contact E-mail: xaviminisoto@gmail.com

. Supervised by: Carlos Garcia (Dept. Computacid)

. Academic Year: 2024/25

direct physical interaction, this system can signifi-
cantly improve the quality of life for individuals with
physical disabilities, such as motor impairments, ena-
bling them to perform everyday tasks more inde-
pendently.

This technology could be implemented in homes to
support the users in daily activities such as picking up
objects, organizing spaces, or even assisting with
feeding. Additionally, it could be also used in care
centres, where it would help caregivers by providing
a more autonomous solution when assisting residents
with mobility challenges. Beyond these environ-
ments, the system could also be integrated into work-
places, rehabilitation centres, public facilities or su-
permarkets, further extending its accessibility and us-
ability to a wider range of individuals in need.

2. OBJECTIVES

The primary objective of this project is to develop an
application combining both Al and Robotics that
works autonomously, controlling it by voice com-
mands, without requiring pre-programmed move-
ment patterns for the robot, detecting the different ob-
jects in an image, recognizing them, picking and plac-
ing the object to a target location.


mailto:xaviminisoto@gmail.com
https://github.com/xsotopi/TFG
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Figure 1: Pipeline of the project

To achieve this primary goal, the project is broken
down into several key sub-objectives, see Appendix
[Al], following a “divide and conquer” strategy,
where the focus is set on smaller parts rather than on
everything simultaneously addressing individually
each critical module of the end-to-end pipeline.

- Speech recognition and interpretation: Im-
plement a system to accurately transcribe
spoken user commands into text using Whis-
per and then interpret and extract commands
with Qwen3 small language model.

- Object detection: Fine-tune a YOLOvV8
model capable of reliably detecting and clas-
sifying a variety of custom objects.

- Segmentation and grasp calculation: Use
Segment Anything Model (SAM) to obtain
precise segmentation masks of the object and
compute an optimal grasp point and angle.

- Robotic Integration: stablish a robust com-
munication pipeline between the Al system
and the robotic arm, to move to computed
poses.

The application has been developed by treating the
robot and the external compute module as individual
entities working separately and communicating with
each other through sockets. The variety of Al models

are computed outside the robot controller, then a pose
is sent to the robot, and the robot performs the corre-
sponding move command.

3. METHODOLOGY

The methodology followed to succeed in the develop-
ment of the project is Kanban [9], an agile methodol-
ogy that enables smooth task management by divid-
ing work into smaller, manageable tasks. This method
was selected due to its flexibility.

The mentioned approach has been performed in the
UR Collaborative hub in Barcelona with a tutor/su-
pervisor and all the necessary material provided.

The workflow consists of three phases:

1. Learning: Involves acquiring all the
knowledge needed to be able to do the pro-
ject. It includes both learning to control the

robot and other related needed programs.

2. Development: The core of the project, it in-
cludes the development of the models, the
robot and the connection between them.

3. Deployment: Consists of testing and simu-
lating different cases in real-life scenarios as
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well as finishing all the deliverables (report,
presentation, code ...)

With the defined objectives of the project and the
methodology to be followed, a Table of Tasks found
in Appendix [A2] and its subsequent GANTT in Ap-
pendix [A3] chart has been done. In the tasks can be
seen the three phases with their own tasks as well as
the different report deliverables are highlighted.

4. DEVICES

In this section the required devices, their role in the
system, and some relevant technical specifications is
explained.

4.1. ROBOT

The main hardware component of the project is the
Universal Robots UR10 [11], a collaborative robotic
arm designed for industrial and research applica-
tions. It enables the movement and manipulation of
physical objects, allowing the pick-and-place task to
be performed in the project with high precision and
repeatability.

Figure 3: Robot with camera and gripper mounted

In Figure 3 can be seen the robot used with the camera
attached to it.

The robot is controlled with UR own programming
software Polyscope. Specifically, Polyscope X [20],
their latest software environment, is used as it is re-
quired due to compatibility to the Al Accelerator. It
provides an intuitive graphical interface being able to
see the 3D pose of the robot, as well as make the pro-
grams without writing any code by adding move-
ments and actions visually in the script.

Additionally, an end effector an OnRobot RG2 [15]
gripper has been used. Although it is not one of the

LARGE STROKE < -

OnRobot

Figure 2: OnRobot RG2 gripper used

most recent models, it has proven to be perfectly ef-
fective, allowing a secure and reliable picking of a va-
riety of objects of different shapes and sizes.

4.2. CAMERA

The camera used in the project is the Orbbec Gemini
335Lg [10], shown in Figure 4, is a 3D stereo vision
camera that enable both RGB image capture and
depth estimation. Additionally, it contains infrared
sensors for improved depth accuracy under variable
lighting.

Front view Bottom view

Figure 4: Front and bottom view of the camera. It shows the op-
tics of the camera as well as its connections

No camera comparisons have been performed, as the
selected one comes with the Al Accelerator pack, al-
ready having all the requirements that a camera for
reliable object detection.

This camera plays a crucial role in object detection
and pose estimation. While the depth data is primar-
ily used to compute the Z-axis (height) in robot space,
the RGB is used for running the YOLOVS object detec-
tion model.

In Figure 5 can be seen each of the different images
that can be obtained from the camera, the RGB image,
the infrared images, and the depth camera where ob-
ject shapes can still be identified. This camera is
mounted on the robot arm’s end-effector flange,
alongside the gripper and is secured with Velcro. Fi-
nally, it is connected with a USB 3.0 cable to the Al
Accelerator to one of its SuperSpeed (SS) ports.
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4.2.1 CAMERA CALIBRATION

After mounting the camera on the robot, a precise
calibration is essential to establish a mathematical
relationship, in the form of a matrix, between the
camera’s 2D pixel coordinates and the robot’s 3D
world translating what the camera “sees” into a
location the robot can “reach”. The calibration process
to obtain the camera intrinsics, and the hand-eye
calibration (see Appendix [Bl] for more details),
consisted of:

- Dataset Collection: A set of 81 image-pose
pairs was collected. Images consist of a
picture of a calibration pattern (8x7

chessboard with 15mm squares) and poses
are the robot’s tool flange position at the
moment of capture, having its position (X, Y,
Z) and rotation (Rx, Ry, Rz). See Figure 6 for
an example and for more details.

Figure 6: Example of calibration image. Can also see the
exact pose of the TCP when it was taking.

- Calibration process: All image-pose pairs
were used to perform an initial calibration. A
validation script using the results then
evaluated each pair to discard the “outliers”
based on the reprojection error and the hand-
eye consistency before recalibrating again.
This process was repeated until all validation
values were less than 0.5 standard deviations

Figure 5: Different camera frames, including an RGB image, 2 infrared ones and a depth image.

INFRARED RIGHT CAM DEPTH CAM

from the mean. See Appendix [B2] for
detailed filtering used.

- Calibration results: With the filtering
process, a final set of 34 pairs was for the final
calibration. A final validation of these results
showed a low translational standard
deviation of 0.89mm and a high rotational
standard deviation of 88°. See Appendix [B3]
for a detailed explanation of the results.

This high rotational error result is acceptable for the
project because the system relies on the calibration
only for the highly accurate positional data. The final
grasp orientation is calculated independently by
analyzing the 2D object’s shape while fixing the Roll
and Pitch angles and ensuring the gripper is kept
always parallel to the z-plane of the table. Therefore,
rotational inaccuracy is irrelevant for the final pose
computation.

4.3. AL ACCELERATOR

The AI Accelerator [8] is a high performance Nvidia
Jetson AGX Orin 64GB compute module provided by
Universal Robots. It contains a powerful integrated
GPU based on the NVIDIA Ampere architecture,
identified as Orin (nvgpu). This GPU has 2048
NVIDIA CUDA cores and 64 Tensor Cores, specially
designed to accelerate the parallel computations re-
quired by moder Al models allowing for much faster
training, and more importantly, near real-time infer-
ence for the models used in this project.

While it is not strictly required for the execution of the
pipeline, its use has been fundamental due to its im-
provement in processing times, high compute capac-
ity, and compatibility with the camera connection.

The primary advantage of the Al Accelerator is its
powerful Graphics Processing Unit (GPU). Unlike a
CPU which is designed with a few powerful cores for
handling sequential tasks, a GPU contains a mas-
sively parallel architecture that consists of thousands
of smaller more efficient cores. This structure makes
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it ideal for the demands of Al and deep learning as
their models rely on performing vast amounts of ma-
trix and vector calculations. GPUs execute those sim-
ultaneously across their many cores drastically reduc-
ing the computation time, a critical aspect when inter-
acting with a robotics” application that interacts with
a person.

Figure 7: Al Accelerator pack, including the camera and cam-
era mount, the Al Accelerator and the Polyscope X controller.

Table 1 shows the measured inference times for the
different models used in the project, comparing the
performance with and without GPU acceleration. The
results clearly demonstrate the critical role of the GPU
achieving a real-time performance necessary for the
project.

Model Irzfcg{?)l € Irzfcgg; € Speed-up
Whisper ~22s ~2s ~11x
Qwend ~5s ~1.4s ~3.57x
YOLOvVS ~0.3s ~0.02s ~15x
SAM ~15s ~0.6s ~25x
Total ~42,3s ~4.02s ~10.52x

Table 1: Inference time comparison of each model with and
without using the GPU.

5. DEVELOPMENT

The objective is to create an intelligent robotic system
in a unified pipeline capable of understanding and
acting upon voice commands from a user. The system
follows a modular design, where each component
performs a specific task including speech-to-text tran-
scription, object detection, object segmentation and
controlling the robot based on the previous.

5.1. SPEECH RECOGNITION

The system uses Whisper [4], an advanced multilin-
gual speech recognition model developed by OpenAl,
to transcribe the user's spoken commands into text. Its
robustness to noise and accents, its ability of tran-
scribing 99 different languages and the option of
translating the transcription to English, makes it ideal

for this application.

Since the robot lacks a microphone, a dedicated app,
shown in Figure 8, was developed for audio record-

mg.

Voice Recorder

Spanish

0:00 / 0:00

Figure 8: Voice recorder app developed to record audio
and send to the pipeline.

The app allows users to record voice commands, such
as an audio in Spanish saying “Coge el destornil-
lador” and sends the resulting file to a monitored
folder. Since Whisper does not have automatic lan-
guage recognition, the interface provides a dropdown
menu for the user to select the language saving the file
using its acronym. For Spanish the audio would be:
“es.mp3”.

Once the audio is uploaded, the country code is ex-
tracted and input to the model, transcribing and
translates to English. Returning for the previous ex-
ample: “Take the screwdriver”.

5.2. COMMAND INTERPRETATION

Once the textual command is received, it requires a
translation into executable robot commands, which
consists of a dictionary with the key “pick” having in-
side a list with the object.

To achieve this extraction, two different approaches
were explored:

- Sentence transformers: This approach receives
some examples of sentences that it may receive
and manages to extract all required pieces of infor-
mation by comparing it with the provided exam-
ple sentences. It is very fast but lacks generaliza-
tion being limited to predefined commands and
objects.
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- Small Language Model (SLM): to generalize the
approach and be able to understand a wider vari-
ety of sentences, Qwen3 [21] was selected for opti-
mal balance of inference time and accuracy. It is a
small language model with 0.6B parameters to
which a refined prompt is sent asking to return a
dictionary with “pick” key containing the list with
the object. Despite being slower, it provides the
generalization that was previously lacking,
achieving the desired result for a wide variety of
sentences.

To compare the SLM’s, a test was performed with a
set of 50 custom sentences (25 instructing to pick an
object, and 25 with other meanings). The results are
shown in Table 2 where Qwen3 provided the highest
accuracy while having less parameters and maintain-
ing a low inference time.

o Inf.
Model N° parameters | Accuracy Time
SmolLM2 1.7B 50% ~0.9s
Phi-2 2.7B 10% ~b5s
Qwen3 0.6B 75% ~0.9s

Table 2: Comparison between tried SLM models.

So, for the previous example, where the transcription
received was “Take the screwdriver” the command
that is extracted is:

Extracted Actions: {'pick': ['screwdriver']}

5.3. OBJECT DETECTION

YOLOVS [5] is a state-of-the-art real-time object detec-
tion model which balances speed and accuracy
providing precise and reliable detections while ensur-
ing a high processing speed.

The model detects all relevant objects in the camera’s

field of view returning their class and bounding box
coordinates. This data is parsed to find the object to
be picked and return the location of its most precise
detection within the image. The detection is per-
formed using the image from the RGB camera, as it is
the most similar to the images that were used in the
initial training.

5.3.1 DATASET CREATION

Despite the high variety of classes that YOLO offers,
it is not aimed for a specific task, for that reason, a
small finetuning of the model was performed with
different objects to make a demonstration of the capa-
bilities of the proposed project. The objects chosen

(see Figure 9) consist of different shapes to show the
robustness of the pipeline having a cube, a prism and
different cylindrical shaped objects.

Figure 9: Example of dataset image.

To create a dataset, several images of the selected ob-
jects (screwdriver, highlighter, glue, box, ball and Ru-
bik’s cube) were captured both individually, only one
object in each image, and with scenes with multiple
objects present at the same time. This strategy was im-
plemented to address the initial weakness in detec-
tion that appeared when training only with datasets
from the internet, where the model was only able to
detect the object if only one was present in the image,
as all those datasets had this common factor. In this
way, the model significantly improved its ability to
distinguish and identify objects in crowded environ-
ments.

Figure 10: Example of dataset annotation.

The annotation process of the images was performed
using the online free tool makesense.ai [16] which fa-
cilitated the process of drawing bounding boxes
around each object and assign the corresponding
class label. The dataset ended up having around 15
pictures of each object individually and the rest
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consisted of different combinations of the objects as
well as all of them together having at the end a total
of 172 image-annotation pairs.

5.3.2 FINETUNING

With the annotated dataset created, YOLOvV8 was
finetuned to extend its detection capabilities, which
already consisted of 80 classes from the COCO [14]
dataset, adding the new 6 classes to the already exist-
ing ones remapping their ID’s.

The model was finetuned for 50 epochs, which pro-
vided good results for the new classes without over-
fitting on them, as tests with several objects of that
class were performed and it correctly detected them.
To maintain the previous knowledge of the YOLO
model the first 10 layers of the network were frozen.
This was done as initial layers of a deep learning
model detect general features like edges and colours,
which are already trained with expertise on the vast
COCO dataset. By freezing them, the already learned
weights were preserved and the training focused on
the deeper layers which are responsible for learning
specific features of new objects.

Additionally, a small learning rate (0.003) was set to
prevent the previous weights being drastically al-
tered, preserving high performance on original clas-
ses and incorporating the new ones. After the training
was performed, the model learned to precisely detect
and classify all proposed objects even in crowded en-
vironments with high precision as shown in Figure
12.

2
screwdriver u@@&
v@

Figure 12: YOLO model detecting all example objects despite
being in a crowded environment.

5.4. OBJECT SEGMENTATION

While YOLOv8 provides the bounding box
coordinates for the identified object, it is necessary to
determine the exact shape of the object within that
bounding box to achieve a more precise interaction
with the robot. If we used the boxes, the object would
have a pick point far from what it could ideally be. As
shown in Figure 11, despite still being withing the
object shape, it returns an unstable point of the object
leading to a missed grasp of the object.

Figure 11: Bounding box center point.

To accomplish this, Segment Anything Model (SAM)
[13] has been used to obtain a pixel-wise mask of the
object, which precisely delimits the boundaries of the
target to pick, removing all the background area that
a bounding box provides that could lead to wrong
grasping attempts. SAM is a state-of-the-art
foundational model for image segmentation whose
key advantage lies in its very strong zero-shot
generalization, meaning it can segment objects that it
has never seen before, under new conditions and
domains, without the need for training or fine-tuning
on a specific dataset. For all these benefits, SAM has
been selected to achieve a highly accurate
performance while simplifying the development
process.

After detecting the object and extracting the box with
YOLOWVS, the content inside the box is fed to the SAM
predictor, effectively outputting a detailed mask of
the object that clearly delimits the contours of it,
ensuring the posterior computation of the pick point
is always within the object boundaries. As can be seen



8 EE/UAB FINAL DEGREE PROJECT IN ARTIFICIAL INTELLIGENCE: Al APPLICATIONS ON UR ROBOTIC ARM

in Figure 13, after the box of the object is found, the
object is segmented and delimited (shown in red).

Figure 13: SAM segmentation for the YOLO detections.

Once the object is segmented, the ideal pick point
must be computed, as not always picking from the
centre is the ideal.

54.1 PICK POINT COMPUTATION

Once the object’s precise shape is extracted with the
SAM segmentation mask, the optimal point and angle
within that mask is determined for the robot to grasp
the object effectively.

54.1.1 CENTROID CALCULATION

The initial candidate for the grasp point is determined
using image moments, a feature analysis technique
from OpenCV. Image moments are used to calculate
the geometric properties of a shape by treating the
points of the binary segmentation mask as a single
shape, calculating its moments to find its centroid.

The centroid is the geometric centre of the mask’s
pixels, approximating the real “centre of mass” of the

GEOMETRIC CENTER

object, being an excellent initial candidate for pick
point based on the object’s overall shape.

54.1.2 STABILITY OPTIMIZATION

While the geometric centroid is a valid starting point,
it may not always be ideal for physical grasping. For
certain objects, as shown in Figure 14, for the
highlighter, the centroid is located too close to an
edge, potentially leading to an unstable grip. To
improve robustness, the system searches for the most
optimal pick point along the object’s main axis. The
purpose of it is to identify a position that is not only
stable but also as close to the object’s centre of mass
as possible. It validates multiple more stable points
and selects the closest to the original geometric
centroid. This adjustment helps ensure that the
gripper targets a more stable point in all cases,
shifting it for complicated objects (highlighter), while
maintaining  (glue) or minimally  shifting
(screwdriver) improving the overall success rate of
the picking task. See Appendix [C] for a more detailed
explanation.

5.4.1.3 ORIENTATION CALCULATION
Finally, the grasp orientation is obtained from the
geometry of the segmentation mask using Principal
Component Analysis (PCA) which identifies the
principal axis of variance of the object’s shape, being
the major axis (shown in yellow) the object’s longest
dimension, and the minor axis (shown in orange)
perpendicular to it (see Figure 14).

The ideal grasp angle is aligned with the minor axis,
allowing the gripper to grasp the object across a
narrow and more stable width effectively calculating
a 2D pixel-space angle.

SHIFTED GEOMETRIC CENTER

Figure 14: Difference between geometric center and shifted geometric center.
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5.5. COORDINATE TRANSFORMATION

To allow the robotic arm to physically interact with an
object, the detected 2D pixel coordinates of the pick
point must be converted into the robot’s 3D coordi-
nate system. This crucial transformation is achieved
reprojecting the pixel into the 3D world using the pre-
viously obtained calibration parameters. A 3D ray is
cast from the camera’s origin through the undistorted
pixel point, and its intersection with a predefined
plane representing the table surface (Z=0 in robot’s
base frame) determines the final X and Y coordinates
for robot’s target pose.

Crucially, the Z coordinate is not determined by the
depth camera but instead set to a fixed height relative
to the known table plane, with a fixed safety offset to
define the robot’s approach height. This decision was
made after initial tests that revealed significant draw-
backs when using the depth camera stream which in-
cluded high latency (approximately a 5-second re-
fresh rate) and insufficient precision, as the sensor
struggled to distinguish the object’s height from the
table surface providing the almost the same distance
as if the objects were flat. Therefore, using a fixed
plane for the Z-coordinate proved to be a more robust
and efficient solution for this application.

5.6. ROBOT COMMUNICATION

Once the final 3D coordinates for the robotic arm are
computed, the information must be sent from the
external computer that runs the Al models to the UR
controller. This connection is done using a socket-
based communication protocol over a Transmission
Control Protocol/ Internet Protocol (TCP/IP) network
which creates a robust and direct channel between
both parts enabling an almost real-time control.

While the Al Accelerator natively support the Robot
Operating System 2 (ROS 2) [22], a more direct
communication using TCO/IP was used. Given the
time constraints, the primary focus was to develop the
core Al pipeline, and adopting ROS 2 would have
introduced a significant learning curve and
development overhead. A direct TCP/IP socket
offered a simpler, yet robust and highly efficient
solution for the initial implementation. However, the
project’s modular architecture has been designed to
be well-suited for a future migration to a ROS 2
framework, allowing for more advanced integrations
and scalability.

The communication is built on a client-server
architecture following this setup:

- TCP/IR Server: The UR robot controller runs
its own program that acts as a socket server
which opens a specific network port and
continuously listens for incoming data being
ready to receive and execute commands.

- Python client: The computer where the main
script is executed, the Al Accelerator, acts as
the client, and once the pick pose is
determined it connects to the robot server’s
IP address and port and sends it.

TCP is a connection-oriented protocol that guarantees
reliable and ordered delivery of data which is a
critical aspect for robotics. When sending commands
with precise coordinates, it is essential that the data
arrives intact without any corruption, as a wrong
pose could mean colliding with an unwanted object,
or even worse, with the person it is meant to be
helping. Despite that, one of the reasons UR is the
robotics’” company contributing with the project, is
that they make one of the best collaborative robots in
the market, and when collision with a person or object
it simply stops any motion being performed to ensure
the safety of both the robot and its surroundings.

This socket connection provides a persistent
communication link with minimal latency. Once
established, the control system can send the poses
directly and almost instantly to the controller
effectively moving the robot to the expected position
to pick the object effectively combining the digital
perception with the physical action.

5.7. ROBOT PROGRAM

The robot program starts in a default pose, optimized
for camera visibility to detect objects and waits for a
message from the socket. When it receives a pose, it
moves on top of it, at around 10cm above, to ensure
not hitting any object. After that, it goes down for
5cm, this distance is set to match the range that the
gripper goes downward when being closed.

After performing the move to the pose that was com-
puted in the computer and going down, the robot
closes the gripper, picks the object and goes back up.
Then, it rotates into a fixed position to ensure the
safety of the camera, as the next move, depending on
the pick orientation, could cause a collision with the
robot arm.
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Figure 15: Robot giving the object to the user.

Finally, the object is given to the user by moving to a
defined give position and opening the gripper when
accepting the “Leave object” popup on the robot con-
troller and goes back to the default position waiting
for another object to pick.

6. PERFORMANCE

The performance of the system is evaluated based on
speed and task effectiveness. For a human-robot
interaction, both aspects are critical to ensure a usable,
reliable and real-time experience.

6.1. SPEED

A key consideration is the initial loading time of the
Al models. At the start of the pipeline, the system
performs a one-time initialization that loads the four
models (Whisper, Qwen3, YOLOv8 and SAM) into
the GPU’s memory. This process is resource-intensive
and can take up to 25 seconds, with Whisper and
Qwen3 being the models with the highest number of
parameters and therefore taking the longest to load.
Despite this “long” wait, it is only performed once
when the program is launched.

Once the models are loaded, the system operates with
high efficiency and near real-time processing. As de-
tailed in table Table 1 in Al ACCELERATOR section,
the total inference time for the entire pipeline is ap-
proximately 4.02 seconds. This means that after the
user uploads a voice command, the system is capable
of transcribe the audio, interpret the command, detect
the object, segment its shape, calculate the optimal
pick point, and send the final pose to the robot in
about four seconds. This fast response is fundamental
for the system’s viability.

6.2. TASK EFFECTIVENESS

Beyond speed, the performance of the projectcan be
measured by its ability to successfully complete the
task with a variety of objects. The pipeline was tested
with all six custom objects selected to have diverse
shapes, sizes and textures.

The effectiveness of the system relies on each module
working correctly:

- YOLOvS8 model: after finetuning,
demonstrated high accuracy in detecting and
classifying all objects even in cluttered scenes
with multiple objects present as shown in the
detection images.

- SAMmodel: consistently provided a precise
segmentation mask for the detected object,
being crucial for the subsequent grasp
calculation.

- Grasp Computation: computing the
geometric centre of the object and using PCA
on the object’'s mask to determine the grip
orientation proved to be robust for the tested
objects which already correspond to a wide
sample of objects that are pickable with the
gripper used.

The qualitative testing confirmed a high success rate
for picking the objects while maintaining low
computational time.

Despite mostly picking objects without flaws, the
computed pick point and the actual pick point are not
exactly the same due to the unperfect calibration of
the camera. This exact example can be seen in the
videos where there is a slight mismatch, despite that,
this project does not require a millimetric precision
which makes this small error admissible for the task.

For a demonstration of the task see videos attached in:
https:/ /drive.google.com/drive/folders/190RpBV
pPE9-OoYIXKERhtCLZOQgWi0 K2?usp=sharing.

7. FUTURE WORK

The project has established a robust foundation for a
voice-controlled robotic assistant, however, there are
numerous aspects that could be improved further
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enhancing its capabilities providing further aid to
users.

7.1. Al ACCELERATOR

The current system uses a socket-based protocol for
communication where the robot and the computer
work as separate entities. A significant future step
would be to use the full potential of the AI Accelerator
and transition to a more integrated architecture.

- ROS 2: By rebuilding the pipeline using
Robot Operating System 2 (ROS 2) which is
natively supported by PolyScope X and the
Al Accelerator would build a more
standardized and scalable framework for
managing the data exchange.

- UR Cap: Additionally, it could be created an
UR Cap (Universal Robots plugin format) to
provide a user interface directly on the
robot’s teach pendant, allowing users to
manage the system without a separate
computer. NVIDIA Isaac Sim: Using Isaac
Sim, a NVIDIA’s simulation platform, new
algorithms and complex behaviours could be
tested before having to test on the physical
hardware.

7.2. ENHANCED AUDIO AND COMMANDS

Despite the system can identify a high variety of
commands, it only works with one object at a time.
An extension of the command interpretation model
would allow the user to ask for all the objects it
requires without the need to sending an audio for
each specific one. Additionally, the audio recognition
system could be improved to work like a home
assistant, in a similar way that Alexa or Google Home
do, which are continuously listening, not requiring
the user to specifically send an audio to it.

7.3. ADVANCED GRASPING

A more advanced grasp-planning algorithm could be
implemented to improve the success with a wider
variety of objects. Instead of using an approach that
could be considered “rule based”, with the mask’s
momentum and geometric centroids, a specific model
to detect the grasping point of objects could be
trained, to improve its performance and truly obtain
the most ideal pick point based on a true

approximation of the centre of mases by training a
model specific for this.

7.4. 3D CAMERA AND DEPTH INTEGRATION

The current system relies on a 2D projection onto a
fixed plane to determine the object’s position, an
approach made to ensure robustness and speed.
Future work could focus on fully using the camera
capabilities or even changing to a more powerful
camera to handle objects of varying heights and
positions not constrained to a flat surface.

- Performance Optimization: the initial
implementation had latency issues with the
depth camera refreshing at very low rate. A
future task would be optimizing the depth
stream processing to handle the depth data,
obtaining it without causing a bottleneck.

- 3D grasping: With an optimized depth
stream, the system could use the point cloud
generated by the depth data to determine the
precise Z-coordinate of the object’s top
surface, enabling the robot to accurately pick
objects of different heights, grasping objects
stacked on top of each other or even operate
on uneven surfaces increasing the system'’s
flexibility and its possible applications.

8. CONCLUSIONS

This project successfully achieved its primary
objective of designing and implementing an
autonomous robotic system capable of understanding
and executing voice commands to perform pick-and-
place as an assistive tool for individuals with reduced
mobility. The system moves beyond preprogrammed
instructions, enabling users to interact with their
environment and manipulate objects by speaking.

By implementing a pipeline of state-of-the-art Al
models from different fields, from understanding
spoken language to visually analysing objects, this
work has demonstrated a viable and powerful
solution. A key achievement is the precision of this
end-to-end manipulation pipeline. By combining a
fine-tuned YOLOVS for accurate object detection and
classification with the pixel segmentation masks from
SAM, the system identifies a robust grasp point on the
object’s 2D image. This point is then transformed into
a 3D world coordinate with high positional accuracy,
demonstrated by a translational standard deviation of
0.89 from the hand-eye calibration. The entire process
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is executed in near real-time, completing in
approximately 4 seconds. The final robot pose is sent
almost instantly to the robot’s controller though a
TCP/IP socket, a crucial element that bridges the gap
between digital perception and physical action,
enabling effective interaction with individuals. The
projects modular design not only proved robust for
the current implementation but also lays the
groundwork for future enhancements, such as
migrating to a ROS 2 framework.

In conclusion, this work serves as a successful proof
of the potential of combining AI with collaborative
robotics. While the system successfully meets all its
objectives, it also lays a solid groundwork for future
enhancements demonstrating a viable path towards a
future of machines that can truly understand and help
humans.
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A. PROJECT MANAGEMENT

Al. Table of Objectives

1.

Learn to program UR robots
1.1. Complete UR online training
modules
1.1.1. Basic e-Serire training
1.1.2. Professional e-Series train-
ing
1.1.3. e-Series applications
1.2. Complete the basic and ad-
vanced training courses at the
UR Academy
Speech Recognition model
2.1. Research existing models
2.2. Perform inference
2.3. Connect to app
Command Interpretation
3.1. Research existing models
3.2. Perform inference
3.3. Extract command
Detection + Classification model
4.1. Research existing models
4.2. Finetune/train model
4.3. Perform inference
4.4. Connect to camera

Segmentation
5.1. Research existing models

5.2. Perform inference
5.3. Connect to camera

7.

Pick Point Selection

6.1. Explore different methods
6.2. Approximate centre of masses
6.3. Compute robot pose based on

pick point

Robot
Define end effector/s (gripper,
vacuum...) to be used.

Install necessary UR Caps

7.1.

7.2.
7.3.
7.4.

7.5.
7.6.

Calibrate camera

Convert detected coordinates to

robot coordinates

Join to single program
Make final demo/app

Table 3: Objectives to be accomplished

A2. Table of Tasks

Learning 6/02/2025 15/03/2025

1 UR Online Training 6/02/2025 7/02/2025
2 UR Basic/Advanced Training 10/02/2025 13/02/2025
3 Get familiar with ROS2 17/02/2025 26/02/2025
4 Get familiar with and com- 17/02/2025 14/03/2025

plete Al Accelerator Demos

Development 16/03/2025 2/06/2025

5 Research Speech Recognition 16/03/2025 16/03/2025

(SR) models
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Research Detection/Classifi-
cation (Det/Class) models

17/03/2025

17/03/2025

Test SR and perform inference

18/03/2025

21/03/2025

Test Det/Class and perform in-
ference (including annotation
and finetune if needed)

22/03/2025

4/04/2025

Define end effectors, cameras
for the robot and objects

7/04/2025

11/04/2025

10

Install URCaps and calibrate
camera/s

14/04/2025

18/04/2025

11

Connect models to robot

21/04/2025

25/04/2025

12

Convert detection coordinates

28/04/2025

2/05/2025

15

to robot coordinates
Report the progress for the fi-
nal report

13 21/03/2025 4/05/2025

Perform previous steps within
the Al Accelerator

14 2/05/2025 2/06/2025

3/06/2025
10/06/2025
10/05/2025

9/06/2025
16/06/2025
23/06/2025

15 Join To single Program
16 Prepare final demo/app
17 Final report

Prepare final presentation 28/06/2025 2/07/2025

Table 4: Table of tasks

A3. GANTT

1
TFG start end

Learning 06/02/25 23/03/25 4 Learning
UR Online Training 06/02 08/02 [ UR Online Training
UR Basic/Andvanced Training 10/02 13/02 [ UR Basic/Andyanced Training
Get familiar with ROS2 17/02 26/02 [0 et familiar with ROS2
Get familiar with and complete Al Ac... 17/02 14/03 | o E Get familiar with and complete Al Accelerator Qemas
Initial Report Delivery 23/03 23/03 Initial| Report Delivery

Development 16/03/25 02/06/25 F 1
Research Voice Recognition (VR) mo... 16/03 16/03 Research Voice Recognition (VR) models
Research Detection/Classification (D... 17/03 17/03 Research Detection/Classification (Det/Clasg) models
Test VR and perform inference 18/03 21/03 Test VR gnd perform inference
Test Det/Class and perform inference 22/03 04/04 Test Det/Class and perform inference
Define end effectors/ cameras for ro. 07/04 11/04 Define end effectqrs/ cameras for robot and objects
Install URCaps and calibrate camera/s 14/04 18/04 Install URChps and calibrate camera/s
Connect models to robot 21/04 25/04 Cangect models ta robat
Convert detection coordinates to rob... 28/04 02/05 Convert detection coordinates to robot coordinates :
Report the progress for the final repa. 21/03 0405 Report the progress for the final report
Progress Report Delivery 09/05 09/05 Progress Report Pelivery
Perfrom previous steps within Al Acc... 02/05 02/06 Perfrom previous steps within Al Acceleratof |

Deployment 10/05/25 02/07/25 ploy F !
Join to single program 03/06 09/06 Join to single program [
Prepare final demojapp 10/06 16/06 Prepare final demo/app [
Final report 10/05 23/06 Finjal report [
Final report Delivery 27/06 27/06 Final report Delivery
Prepare final presentation 28/06 02/07 Prepare final presentation [

Figure 16: Gantt chart of the project
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B. CAMERA CALIBRATION
B1. Intrinsics and hand-eye calibration

A calibration process is usually divided into two parts: obtaining the camera’s intrinsics and performing the
hand-eye calibration.

- Intrinsics Calibration: Defines the camera’s internal optical characteristics. It analyses the chessboard
images to compute the intrinsic matrix (K) and the distortion coefficients.

o K:Is a3x3 matrix containing the camera’s internal optical properties, such as the focal length
(fx, fy) and the optical center (cx, cy). This matrix is essential for mapping 3D points from the
camera’s coordinate system onto the 2D image place.

o Distortion Coefficients: Are set of values that model the distortion introduced by the camera
lens. These values are used to correct image points, ensuring that straight lines in the real
world appear as straight lines in the image, a crucial aspect to obtain accurate measurements.

- Hand-eye calibration: Is the core of the process, which obtains a fixed transformation between the
robot flange’s frame and the camera’s coordinate frame. This transformation is obtained by matching
the series of robot flange poses and the calibration board relative to the camera solving the AX = XB
equation to find the constant transformation X that goes from the robot’s flange (A) to the calibration
board (B). X is a 4x4 homogeneous matrix that defines the precise 3D rotation and translation from
the camera to the robot flange.

B2. Data collection and filtering

A custom script using the OpenCV library was used to capture the image-pose pairs. However, initial
calibration attempts revealed inconsistencies despite using valid image, the resulting transformation was
inaccurate causing computed poses to be far from their real-world locations.

To solve this, a larger set of image-pose pairs was taken to ensure grater variety of viewpoints, which allowed
for the selection of a high-quality subset of frames. Then a script was developed to perform an initial calibration
using all frames and discard the “outliers” based on two metrics before recalibrating.

- Reprojection Error: Measures the pixel distance between a detected chessboard corner and the
position where the camera optical model predicts it should be. Frames with high reprojection error
were discarded as they lead to an inaccurate intrinsic optical model.

- Hand-Eye Consistency: Evaluates how well each frame satisfies the AX = BX equation by checking if
the robot’s movement (A) accurately corresponds to the camera’s observation of the board (B) given
the current transformation X.

Based on these metrics, any image-pose pair whose error exceeded 0.5 standard deviations from the mean was
discarded. Through this process, the initial 81 images were filtered down to a subset of 34 optimal frames. This
refinement drastically improved the hand-eye consistency, reducing the mean | | AX - BX | | error from an
initial value of ~13 to a final value of ~1.
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B3. Analysis of calibration results

An extra validation was performed to check the stability of the transformation. This consisted of calculating
the 3D pose of the chessboard from each of the 34 final frames, ideally achieving identical results with
translation and deviation close to 0.

The validation of the hand-eye showed a significant discrepancy between translational and rotational
accuracy. The system demonstrated excellent translational stability with a standard deviation of only 0.89mm,
but very poor rotational stability with a standard deviation of 88°. A detailed analysis of the likely causes is
performed in this section.

The primary reason for poor rotational accuracy in “AX = BX” hand-eye calibration is often a poor dataset. To
accurately obtain the rotational component of the matrix transformation X, the dataset of robot movements (A
matrices) must contain varied rotations of the robot’s end-effector around multiple axes. While the 81 poses
covered a wide range of positions, they likely did not include enough distinct rotational movements, even
when 30 of the 81 images were taken focusing only on rotation of the end-effector. So, the reason could be the
dataset contained mainly translational movements (moving in X, Y or Z without changing the orientation)
providing a good calibration for translation but not for rotation.

Another possible factor is the camera’s hardware characteristics. The Orbecc Gemini 335Lg is an active stereo
camera that uses infrared (IR) projectors to cast dot patterns onto a scene to calculate depth with high precision.
While the calibration only uses the RGB sensor, a small amount of this intense infrared light can leak into the
RGB sensor introducing a systematic noise patter that slightly biases the calibration board find algorithm at
sub-pixel level. To prove the hypothesis, the camera lens was covered with a black cloth blocking all external
light which clearly revealed the IR leakage. The results are shown in Figure 17, where this leakage is clearly
visible both in the raw (black) image, and in the histogram equalized image, confirming the presence of a

Orbecc 335Lg Camera Mobile Phone Camera

Raw image covered
with black cloth

Enhanced image with
histogram equalization

plete darkness and when equalizing its histograms.
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systematic noise pattern unique to the Orbecc camera. When comparing with the mobile phone camera, the
raw image appears fully black and when making the histogram equalization it only produced random
electronic noise.

This type of measurement noise has a much greater effect on the rotation calculation, as it depends on the
precise relative geometry of all detected corners, than on translation, where small errors are averaged out when
determining the board’s centre. This hardware induced noise combined with a low rotational variety dataset
provides a plausible explanation for the observed results.

C. PICKPOINT COMPUTATION ALGORITHM

This section provides a detailed explanation of algorithm used to determine the optimal grasp point and angle
from the SAM segmentation mask.

C1. Image Moments and Centroid Calculation

Image moments is a computer vision technique for calculating statistical properties of a shape. In physics,
“moments” describe how the mass of an object is distributed; in an image, the same concept is applied to the
pixels of a shape. For a binary segmentation mask, the objects belonging to the object (white pixels) have a
uniform value (or “mass”) of 1, while the background pixels (black) have a value of 0.

- Zeroth moment: Represents the total area of the object in pixels. It is calculated by summing the value
of all pixels in the mask. Since object pixels are 1 and background is 0, the sum is the total number of
white pixels. This value is used to normalize the other moments.

- First order moments: The moments are used to find the centroid of the object, which is the geometric
centre or “centre of mass”. They are calculated as the weighted average of pixel coordinates.

o X-Moment: Is the sum of all x-coordinates of the object’s pixels, measuring the distribution
of the object’s “mass” along the horizontal axis.

o Y-Moment: Is the sum of all y-coordinates of the object’s pixels, measuring the distribution
along the vertical axis.

The centroid coordinates are then calculated by dividing the first-order moments by the total area (zeroth
moment) resulting in the geometric centre of the object’s 2D silhouette.

C2. Pick point shift

While the geometric centroid is a good starting point, it is not always the most stable, especially for objects
with irregular or non-convex shapes. To find a more robust grasp point, the system modifies the centroid
searching a more stable position along the object’s principal axis. The algorithm that makes this shift does the
following;:
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1. Principal Axis: first, the algorithm analyses the object’s shape using the PCA to identify the object’s
major axis, being the line that represents the longest dimension of the object.

2. Candidates point search: then a better pick point is search along this axis iterating through multiple
candidate points moving away from the centroid.

3. Grasp validation: for each candidate, a grasp line perpendicular to the axis is simulated, representing
the line between the gripper’s fingers and calculate the percentage of this line that falls within the
object’s mask.

4. Solidity check: a grasp is considered valid if the overlap exceeds a certain threshold, in this case 90%.
This ensures that the gripper will have a firm hold across the object’s body rather than attempting an
unstable grip on a narrow edge or corner.

5. Optimal point selection: from all valid grasp points, the closest to the original geometric centroid is
selected ensuring the grasp point is as stable as possible while being near the geometric centre
effectively shifting the pick point from a potentially unstable geometric centre to a more practical and
robust position.



