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Abstract:

The purpose of this study is to develop and evaluate
ARIS (A Real-time Interactive Social Robot), based on a
Turtle 4 platform aimed at improving human—robot inter-
actions (HRI) on university campuses. ARIS combines a 3D
printed social robot structure with a software architec-
ture based on 2D LiDAR, odometry, and IMU sensors for
navigation and mapping, in addition to a voice assistant
structured in 3 stages: audio recording, transcriptional
processing, reaction, and reproductive synthesis. Exper-
imental results show that the success rate of ARIS is
greater than 86.5%, maintaining high accuracy in nav-
igation and obstacle avoidance. The system also offers
performance consisting of voice interaction with a total
reaction latency of 1500 to 2200 ms. Access to low-cost
robotic platforms allows students and researchers access
to practical training, customization, and validation in the
development of new technologies in social robotics.
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1. Introduction

In recent decades, human-robot interaction (HRI)
has been one of the main research topics in the field
of social robotics. Studying how humans and robots
interact in social settings provides key insights for cre-
ating robots that interact with people in a natural and
empathetic way. In collaborative environments such
as hospitals, schools, hotels, offices, and others, these
robots assist with daily tasks by engaging in intelligent
and responsive conversations. A social robot needs to
capture emotions, body language, and language cues,
thus becoming a reliable collaborator for both prac-
tical work and social relationships to build trust and
maintain interest.

Adaptability is also a crucial aspect, as it allows
them to integrate into various environments—
supporting students, managing hotel guests,
collaborating with employees in their daily tasks,
or simply serving as a technological attraction.

Several studies have found a variety of environ-
ments to incorporate robots as social agents. It is the
example of BRIGHTNESS, a bartender robot that gives
you a personalized service and is dynamic, adapting to
the interactions of customers [1]. Another study has
explored the role of the teacher in math activities ver-
sus a social robot, tutee, where it was revealed that, the
main limitations are the verbal interactions between
teacher-student and robot-student, in addition to this

feedback, a very important factor in education is that
it is best provided by the teacher [2]. In the same
way other authors have determined, that the emo-
tional participation and the compression reading cog-
nitive storytelling is higher in children of 5-7 years
with the help of a social robot in a comparison to
a human [3]. Even to understand the adaptation of
the robots socially with children at an early age of
8-9 years, several authors have studied the anthropo-
morphism of children and their latent growth [4].

A social robot has the characteristic of being sta-
tionary or mobile. To be steady-you can reduce a feel-
ing of connection to personal interaction and decrease
the experience of social dynamics. By contrast, to be
mobile you must have a level of autonomy to adapt
in the environment. To integrate into society, these
machines must function in complex environments
even without direct human intervention. Recent stud-
ies have focused on cognition and reasoning, so that
CASPER via the development of an architecture for
cognitive artificial enables you to observe the actions
of humans, understand, and collaborate on tasks in
progress [5]. In another study, the authors have devel-
oped an architecture hybrid that uses a metaphor of
the brain, and a formalist approach [6-8].

Apart from perception, localization and mapping
are two key evaluative capabilities that allow a mobile
robot to understand and act autonomously in its envi-
ronment. Since the early 1990s, techniques have been
developed to enable a robot to localize itself within an
environment. SLAM (Simultaneous, Localization, and
Mapping) became a very popular technique starting in
the 2000s [9], where, with the help of a LiDAR opti-
cal distance sensor, the cross-section of the environ-
ment’s geometric structure can be measured in order
to create a map. With the same goal of improving the
accuracy, robustness, computational efficiency, and
speed of the SLAM technique, numerous researchers
have developed and implemented various methods,
such as LOAM, which provides LiDAR odometry com-
putation [10]; ORB-SLAMZ2, which builds a more accu-
rate map of the environment using a monocular,
stereo, or RGB-D camera [11]; RTAB-Map, based on
real-time appearance-based mapping with loop clo-
sure detection [12,13]; and S-PTAM, which uses stereo
cameras and combines the accuracy of the parallel
tracking and mapping approach from ORB-SLAM [14].

A key feature of mobile assistant robots is voice
recognition, which enables them to understand
and respond to human voice commands, making
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human-robot communication more intuitive. This combined perception system [20]; Robotis, a
technology involves capturing audio through humanoid robot that integrates sophisticated

microphones, followed by noise reduction and
converting speech to text using automatic speech
recognition (ASR) systems [15, 16]. In previous
research, various models have been proposed and
evaluated to improve the robustness of ASR systems
in noisy environments [17, 18]. Other authors
have proposed combinations of bidirectional gated
recurrent units (Bi-GRU) with convolutional neural
networks (CNN) to operate in offline mode [19].

In summary, many interesting results have been
reported that highlight the potential of social robotics
and the advancements developed over the years.
Social robotics brings together various technologies
such as artificial intelligence, perception, human-
robot interaction, automatic speech recognition, self-
localization, computer vision, among others.

The objective of this work is to develop and
implement, in a first stage, a social robot named ARIS
(Autonomous Real-Time Interactive Social Robot)
based on the TurtleBot 4 platform, carrying out
human-robot interaction applications and integrating
perception, localization, and mapping within the
ROS environment, in order to perform tasks on a
university campus.

While advanced social robots like Pepper and
NAO have demonstrated effectiveness in HRI
applications, their high cost ($25,000-$50,000)
and closed architectures limit accessibility for
educational institutions. Existing low-cost platforms
like TurtleBot typically lack integrated social features
(expressive structure, natural voice interaction).
ARIS bridges this gap by demonstrating that effective
social HRI can be achieved using affordable, open-
source components while explicitly documenting the
trade-offs and limitations.

The manuscript is divided into two parts: The first
part includes the title, abstract, and keywords. The
second part is the paper’s main body including the
conclusion section.

2. Related work

2.1. Evaluation of Mobile Robots Designed for Lab-Scale
Applications

In the field of mobile social robots, robotics engi-
neers usually choose between two paths: simulations
or real hardware. Functional platforms allow testing
with sensors in real fields, providing solid and reli-
able results, although they are more expensive. On the
other hand, simulations only allow for quick, inexpen-
sive, and risk-free experimentation with algorithms.
The drawback arises when you want to transfer the
simulation to hardware, as it is not possible to repli-
cate all the details of the physical world. For this
reason, many researchers and engineers have devel-
oped affordable educational robotics kits to stream-
line the creation and implementation of innovative
functions.

Examples include MobileCharger, an innovative
robot equipped with sensors, actuators, and a

sensors and dynamic movement capabilities, ideal
for academic research, locomotion algorithm
development, human-robot interaction, and
experimentation in autonomous robotics [21]; NAO,
an autonomous, programmable bipedal robot known
for its friendly, expressive design and equipped
with 25 degrees of freedom, allowing it to perform
natural and complex movements [22]; and Pepper,
another humanoid robot built on a holonomic
base, equipped with three omnidirectional wheels,
developed by Aldebaran to welcome customers in
retail environments [23, 24].

Numerous studies have employed the aforemen-
tioned platforms, as well as others, with the aim of
conducting academic research. In the case of Pepper,
methods have been proposed to improve its limited
3D perception capabilities [25]; in Industry 4.0, digital
twins have been developed for interaction in smart
homes [26]. With NAO, several studies have been pre-
sented on gesture recognition using videos recorded
solely by the robot’s built-in camera while performing
clinical procedures [27]. For arm movements, algo-
rithms based on Bayesian Networks (BN) have been
proposed and developed to select the appropriate
motion model and enhance precision to levels similar
to that of humans [28].

On other platforms such as Robear, Ubtech Wassi,
and Freivera—robots designed for healthcare, specifi-
cally for assisting and caring for the elderly—several
studies have proposed improvements in localization
and mapping using methods to obtain semantic infor-
mation and dynamic selection strategies [29].

In terms of personal assistants, DARWIN-OP2 is
also noteworthy; it uses reinforcement learning algo-
rithms to detect poor posture in a group of stu-
dents [30].

The use of robotic platforms can accelerate
research and lower the entry barriers for new
research groups. Several platforms have been
mentioned previously, but there are numerous
affordable options in different sizes. However, the
more advanced and recently developed platforms
are often out of reach for many research groups
due to their high cost or closed-source nature. For
this reason, there is a need to develop open-source
platforms integrated with sufficient sensors and
actuators to support research groups in various fields.

Among open-source platforms, we have IGUS,
whose robot structure is entirely 3D printed highlight-
ing a lightweight and visually appealing design [31];
NimbRo-0OP2X which integrates computer vision, IMU
sensors and an Intel processor with GPU, making it
ideal for locomotion, perception, and automatic con-
trol areas [32]; iCub, standing 104 cm tall, specif-
ically designed to support research in embedded
artificial intelligence, with hands engineered to sup-
port sophisticated manipulation skills [33-35]; and
finally, InMoov, a humanoid robot approximately
180 cm tall that uses accessible components such as
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Arduino microcontrollers and servomotors. Its modu-
lar design allows it to be built in stages and expanded
according to the resources and needs of research
groups [36,37].

2.2. Approach to Real-Time Mapping and Position
Tracking

Simultaneous localization and mapping (SLAM) is
an indispensable technology which allows wheeled
robots to navigate and determine their position accu-
rately. The SLAM algorithm procedure is to collect
information from the mains sensors such as cam-
eras, and lidar, along with data from the inertial mea-
surement unit (IMU). With this information, a map
is constructed and the robot locates itself within it.
A popular choice for mobile robots, Hector-SLAM
relies on laser scans and fast estimation methods to
deliver high accuracy in real time. Unlike other SLAM
approaches, it operates perfectly even without wheel
odometry [38].

A SLAM system based on multi-sensor fusion is a
robust solution for achieving more accurate and stable
localization and mapping in dynamic environments.
This system compensates for the individual limita-
tions of each sensor to achieve greater robustness
with better estimates. By integrating all the data using
fusion algorithms such as extended Kalman filters and
optimization graphs, the system operates without dis-
turbances [39].

Visual SLAM is another technique used to con-
struct a map of the environment while a mobile
robotic system moves through the environment.
Visual information comes from one or more cameras.
Unlike traditional SLAM methods that work with sen-
sors such as LIDAR or inertial data, Visual SLAM uses
exclusively image data (stereo, RGB-D, or monocular).
From this visual information, the system’s trajectory
is estimated. In environments where GPS sensor data
are lost or lacking [40], this technique improves global
positioning [41].

Lidar sensors have become a primary tool for data
acquisition for map construction, aiding autonomous
navigation. Data acquisition from a lidar sensor pro-
duces a point cloud containing spatial information
(%, ¥, z), which is invaluable in applications such as
object detection, path tracking, and scene reconstruc-
tion [42]. In the context of SLAM systems, the point
cloud represents robust and accurate data that can be
integrated with data from other sensors to improve
autolocalization and map construction, even in com-
plex dynamic environments [43].

Low-cost small mobile platforms have also been
developed to test algorithms in robotics such as SLAM,
autonomous navigation, computer vision, and more.
Create is a good example, where many research groups
have implemented social functionalities on this mobile
base, such as areal-time human-robot interaction sys-
tem using hand gestures [44], as an office assistant
with voice recognition to interact with users [45], and
also by proposing a VLM-Social-Nav system with real-
time decision-making [46].

Figure 1. Structure of ARIS

3. General architecture of the robot system

The general architecture of ARIS consists of a user-
friendly physical robotic structure. The programmable
TurtleBot 4 platform was used as the base, with a
3D-printed frame designed to give the appearance of
a social robot. A touchscreen is included for human-
robotinteraction, along with a conference speaker and
microphone for automatic speech recognition. The
structure is shown in Figure 1.

3.1. Software development environment

TurtleBot 4 is a mobile robotic platform designed
to provide an accessible research system for prototyp-
ing and robotics training. The mobile base, IROBOT
Create 3, is integrated with motors that provide mobil-
ity. It is also equipped with proximity sensors, an IMU
sensor, a stereo camera, and a 2D LiDAR sensor that
provides navigation data. The model uses a Raspberry
Pi 4 Model B (4GB RAM) as the main computing unit.
The system runs Ubuntu 22.04 LTS with ROS 2 Humble
preinstalled.

TurtleBot 4 operates with two main computers: A
Raspberry Pi 4B and an integrated Create 3 processor.
To visualize sensor data, configure, and control the
system, among other functions, we connect another
Raspberry Pi 4 Model B (4GB RAM) running the same
Ubuntu and ROS 2 as TurtleBot 4. In ROS 2, DDS is inte-
grated as the default communication layer, offering
advantages in scalability and performance. Real-time
data exchange, sensor reading or control commands
are managed using the Simple Discovery configura-
tion, as shown in Figure 2.

3.2. ARIS structure

The structure was manufactured using 3D printing
with Fused Deposition Modeling (FDM) and polylactic
acid (PLA) filament. With the help of 3D design and
Creality Slicer 4.8 software, the printing parameters
were adjusted with a 25% internal infill, taking into
account the strength of the structure. Figure 3 shows
the robot’s structure and main components.

The 3D-printed structure was produced using the
Creality 3DPrintMill, which offers an infinite Z-axis
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Figure 2. TurtleBot 4 Simple Discovery configuration for
ROS 2 Humble

Figure 3. Design structure of the robot in 3D

and a 300 x 300 mm XY plane area. Due to the geome-
try and varying sizes of the robot components, it was
designed and printed as a set of connectable parts
rather than a single body. Each piece was oriented
to maximize stability and adhesion to the surface of
the adjoining piece. The complete assembly reached a
weight of 3215 g.

3.3. Architecture of ROS Nodes

The ARIS architecture in ROS 2 is designed for
natural and contextual human interaction. The sys-
tem initiates interaction through the audio input unit,
which captures the user’s voice commands. This audio
stream is processed by a transcription module that
converts speech into text and interacts with a large
language model (Gemini-1.5-pro) to enhance com-
prehension and generate harmonized interpretations.
The core of the system lies in a central brain node
that integrates decoded inputs and generative capa-
bilities. ARIS can also respond using a speech synthe-
sis tool that provides real-time feedback to the user.
Additionally, the navigation module provides spatial
awareness and mobility, allowing ARIS to physically
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Figure 4. How ROS Nodes Work
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Figure 5. Block diagram assistant voice

interact with its environment. This architecture sup-
ports dynamic two-way interaction and enables ARIS
to act as a helpful and conversational agent in real-
world environments. The ARIS architecture in ROS is
illustrated in Figure 4.

3.4. Voice assistant

The voice assistant implemented in ARIS, is orga-
nized into five modules as displayed in Figure 5, which
are the capture of audio, transcription, processing of
the input, the synthesis of the response and the play-
back of the audio, which is integrated to the graphical
interface by clicking a button on the touch screen for
human-robot interaction.

The voice assistant implemented in ARIS is orga-
nized into five modules that are capturing the audio,
transcription, processing of the input, the synthesis of
the response and the playback of the audio, which is
integrated to the graphical interface by clicking a but-
ton on the touch screen for human-robot interaction.

Initialized ARIS, plays an audio file with a wel-
come message configured manually every 20 seconds,
the audio capture was performed using the activation
button in the screen called “Talk”. When you press
the button, it suspends playback of the first message
and proceeds to the execution of the method of acqui-
sition of audio. Using the library speech_recognition
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automatically adjusts the detection threshold of envi-
ronmental noise, to improve the quality of the signal in
noisy environments. The capture of the audio is done
by using the built-in microphone and is stored in an
audio file temporarily.

The audio stored is sent to the service of Google
Speech Recognition which makes the transcription
from voice to text. The service returns a string in
the format of a text, then the text is normalized by
placing the text to all lowercase letters and using the
technique of tokenization to break down the text into
fragments of words or tokens. With tokens obtained
is carried out a lexical analysis comparative look for
the similarity of the tokens with the dictionary of
words manually configured in a repository grouped by
categories of topics such as (greeting, queries, institu-
tional, control commands and diverse questions).

The detection of similarity between any of the
tokens of the input and some of the words stored in
the repository of dictionaries, generates the automatic
playback of the answers that were previously config-
ured by ensuring an efficient response with respect to
queries that correspond to information in the univer-
sity space. In the absence of match suggestions with
the dictionary, the text of the question is sent in the
format of a prompt to be answered by the generative
model LLM employee who is the Gemini-1.5-pro.

The generative model uses a API_KEY generated
from the services of Google Al Studio, additional func-
tion of the model is configured with instructions, in
which it is established that the duties of a virtual assis-
tant focused on giving answers related to the context
of the education system in Ecuador, and in the case
of the question requested was not appropriate in this
context, is answered in a general way with the base
model of a clear and precise way.

The response is generated to be pre-configured or
coming from the generative model, converts text to
audio format using the library Google Text-to-Speech
gTTS, the which creates an MP3 file that is stored in
a temporary directory, and is reproduced through the
built-in speaker in ARIS using the player mpg123.

At the end of the audio playback, reset the interac-
tion with the activation of the button, and the status
message at the interface, indicating that it is ready
to listen. This approach allows to ARIS to provide
human-robot interaction using the format of a virtual
assistant focused in giving answers that were previ-
ously configured on information relevant to the uni-
versity space, combined with the flexibility of a lan-
guage model to the generative for open consultation.

3.5. Functionality of ARIS

The algorithm described below controls the
mobile robot's movement environment with
predetermined locations, such as “Point A,” “Point A,
“Point A,” etc. The robot waits for the user to press the
touch button that allows it to select its destination.
Once selected, the robot begins moving toward this
destination. During the route, it visualizes potential
obstacles and avoids them if necessary. If there are
no obstacles, it will constantly update its movement.

S

ok A
T

Figure 6. Local map

Figure 7. Aris performance with obstacles

When the robot reaches its destination, it interrupts
its movement and displays a message indicating that
it has arrived. This process is repeated indefinitely
so that the robot can obtain new route requests at
any time. At the same time, it checks if the battery
percentage is greater than 20%. If not, it interrupts its
route and heads to the charging point until it reaches
an optimal percentage for its operation.

4. EXPERIMENTAL APPROACH

The platform ARIS was tested several times during
its development. Firstly, it was tested at laboratory
scale and, finally, in a university environment, includ-
ing offices and corridors. You could measure the accu-
racy in the achievement of the objectives of the system
ARIS.

The platform ARIS was tested with multiple users
located in different points within the environment uni-
versity, as illustrated in Figure 6.

Table 1 presents the default Cartesian coordinates
for a set of five offices and the designated ARIS load-
ing point. The X and Y values indicate the respective
position of each location within the workspace.

ARIS autonomously determines efficient routes
between designated points while performing tasks.
The data in Table 1 serve as base positions for navi-
gation.

ARIS is located at the entrance, which is part of
the university campus. Users can approach and inter-
act with it or request information about university
authorities, academic programs, or simply general



Journal of Automation, Mobile Robotics and Intelligent Systems

VOLUME 20, N°2 2026

start

current_position :=” Point H”
destination :="”
is_moving := false
battery_level := 100
previous_destination :=
while true do
if battery_level < 25 then
previous_destination := destination
destination := "charging station (h)”
is_moving := true
end if

nn

charge_battery()
continue
end if
if touch_button_pressed() then
destination := select_destination(waypoints)
is_moving := true
end if
if is_moving then
if detect_obstacle() then
avoid_obstacle()
else
move_toward(destination)
update_position()
update_battery()
if current_position = destination then
is_moving := false

// stay and keep charging
continue
end if

destination := previous_destination
is_moving := true
else
display("arrived at ” + destination)
end if
end if
end if
end if
end while
end

waypoints := [“Point A”,” Point B”,” Point C”,” Point D ”,” Point H ”]

if battery_level < 70 and current_position = "charging station (h)” then

if destination = "charging station (h)” and battery_level < 70 then

if destination = "charging station (h)” and battery_level > 70 then

Table 1. Default coordinates of the offices and location
of ARIS

No. | Offices Coordinate (X) | Coordinate (Y)
1 Office 1 -0.25 -0.22
2 Office 2 -3.59 -0.41
3 Office 3 6.35 -7.09
4 Office 4 8.72 4.30
5 Office 5 0.59 -14.39
6 Default 0.0 0.0
place of the
ARIS to
charge

information. At the same time, ARIS can guide users
to the office they wish to reach.

During the route, ARIS is capable of detecting
obstacles in its frontal path. When it detects a dis-
tance below a predefined threshold, ARIS stops its
movement and performs a turning maneuver to avoid
the obstacle, then resumes its trajectory toward the
destination as illustrated in Figure 7.

Figure 7 shows the map created by SLAM, in which
the dark areas represent permanent barriers such as
walls, while the blue sections reflect the live zones that
have been explored by the robot’s sensors. The pur-
ple color refers to the costmap inflation areas, which
alert about the proximity of obstacles. The red band
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Table 2. ARIS Performance of ARIS

User | Attempts Questions Reached the Avoided Travel | Success
Answered Correctly | Correct Coordinates | Obstacles (Yes/No) | Time (s) Rate

U1l 2 Yes Yes Yes 52 100%
U2 2 Yes Yes [F 60 100%
U3 3 No No No 78 0%
U4 4 Yes Yes Yes 49 100%
us 2 Yes Yes Yes 55 100%
ue6 2 Yes Yes Yes 63 100%
u7 3 Yes Yes Yes 50 100%
U8 4 No Yes No 70 33%
U9 3 Yes Yes Yes 62 100%
u10 4 No Yes No 43 33%

Table 3. Performance of ARIS with inflation radius 0.5 m
User | Attempts Questions Reached the Avoided Travel | Success

Answered Correctly | Correct Coordinates | Obstacles (Yes/No) | Time (s) Rate

U1l 2 Yes Yes Yes 52 100%
U2 2 Yes Yes Yes 59 100%
U3 3 No No Yes 63 66%
U4 4 Yes Yes Yes 49 100%
us 2 Yes Yes Yes 55 100%
U6 2 Yes Yes Yes 61 100%
u7 3 Yes Yes Yes 50 100%
U8 4 No Yes Yes 64 66%
U9 3 Yes Yes Yes 60 100%
u10 4 No Yes Yes 53 66%

indicates the programmed route the robot will follow
to reach its goal.

Autonomous navigation serves as a functional
foundation in unknown environments which also
allows the system to demonstrate adaptability in
dynamic social settings. If ARIS detects a battery
level below a predefined threshold, it decides to head
toward a predetermined charging station and wait
until it reaches a sufficient energy level to resume its
activities.

To evaluate the acceptance of ARIS’s functionali-
ties, the system is considered successful if it correctly
responds to users’ questions and reaches the prede-
termined coordinates while avoiding both dynamic
and static obstacles along the way. The travel time
during autonomous navigation between the differ-
ent coordinates was also evaluated to identify any
errors.

The success rate of each event was monitored upon
completing the described process, conducting 10 ran-
dom experiments, with each user making a maximum
of four attempts.

Table 2 summarizes the performance of ten users
in a task-based assessment involving interaction with
ARIS. The dataset in Table 2 also provides informa-
tion on user-robot interaction under task constraints
and shows performance as areas requiring improve-
ment in obstacle avoidance and precise positioning
in cases of poor performance. To evaluate the overall
performance of each user during the navigation task,
the level of success was defined based on three key
criteria:

e Good, correct coordinates: whether ARIS navigated
correctly to the destination.

» Avoid obstacles: whether ARIS avoided any obsta-
cles along the route.

e Answer questions correctly: whether ARIS
answered at least one question correctly during the
test.

Each criterion received a binary result: 1 if the
condition was met and 0 otherwise. The success level
was calculated as the percentage

Criteria met

5 ) x100 (1)

Sucess rate = <

Due to the limited processing power of the Rasp-
berry Pi 4, which leads to occasional mapping errors
or localization drift, conservative navigation heuris-
tics and obstacle buffer zones were employed in the
navigation system to improve the functional perfor-
mance of ARIS. In the cost map, the inflation radius
parameters were set to 0.5 m, providing a buffer zone
around all detected obstacles. This increases safety
margins.

In conservative heuristics for route planning and
control logic, the movement speed of ARIS was
reduced. This allowed for early stopping in large envi-
ronments. Modifying these parameters minimized
the likelihood of collisions, mapping errors, and,
above all, computational overload on the Raspberry
Pi 4 platform. The data obtained are shown in
Table 3.
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Table 4. Average latency
Stage Component Average Latency (ms) Descriptions
A ASR (Google Speech-to-Text) 480-650 Varies with noise and internet conditions
B NLP (Gemini-1.5-pro) 600-900 Depends on prompt complexity and server load
C TTS (gTTS) 300-450 Measured for responses < 50 words
Total Interaction End-to-end delay 1500-2200 End-to-end delay per user query-response c

Table 5. Comparison of interaction latency between standard processing pipeline and FAQ dictionary-based optimization

for common queries

Stage Component Standard Pipeline Latency (ms) | FAQ Dictionary Pipeline Latency (ms)
A ASR (Google Speech-to-Text) 480-650 120-180
B NLP (Gemini-1.5-pro) 600-900 240-360
C TTS (gTTS) 300-450 180-270
Total Interaction End-to-end delay 1500-2200 600-910

5. Results and discussion

The experimental phase was conducted to deter-
mine the functionality of the entire ARIS system.
Functionality was obtained in a dynamic environment
of a university campus, with and without external
obstacles. The experimental data are shown in Table 2
and Table 3. The accuracy of the ARIS system exceeds
86.5% on average. In particular, an accuracy of 86.5%
was achieved in the completion of each action, and
ARIS failed only four times out of a total of 93 test
cases during the experimental phase. Furthermore,
ARIS completed the target point localization process
with an accuracy of 90%. The failures were due to
various reasons, such as improper operation of the
robot’s self-localization system and external noise.
However, the ARIS did not fail when overcoming static
and dynamic external obstacles. Therefore, the ARIS
showed no difficulty in autonomously guiding itself
while avoiding static and dynamic external obstacles.
Overall, the ARIS system achieved its goal, based on
user commands, not only in the absence of exter-
nal obstacles, but also when there are static external
obstacles in the university campus environment.

Figure 7 shows the relationship between battery
level and system performance. This shows that as
the battery level drops, system performance also
decreases, but not linearly. When the battery level
exceeds 60%, performance remains high with a slight
drop. However, the 40% drop becomes much steeper
and reaches a critical level below 20% battery level.
This trend indicates that the system significantly
reduces its performance to save power when the
battery is low.

The Table 4 shows the average latency of each com-
ponent involved in voice-based human-robot interac-
tion which is divided into three stages: speech recog-
nition, natural language processing, and speech syn-
thesis. In Stage A, the speech-to-text conversion sys-
tem (Google ASR) operates with an average latency of
480 to 650 ms, depending on background noise. Stage
B processes natural language using Gemini-1.5-Pro,
with a latency of 600 to 900 ms depending on the com-
plexity of the request and server demand. In Stage C,
the text-to-speech (GTT) engine converts responses of

Battery Level vs System Performance
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Figure 8. Battery Level vs System Performance

less than 50 words with a latency of 300 to 450 ms.
Each user query has a latency in the entire interaction
of between 1500 and 2200 ms which represents the
total time elapsed from when the user speaks until
they receive the response.

To mitigate the latency issues observed in
Table 4, where total interaction delays ranged
from 1500 to 2200 ms per query-response cycle, a
lightweight caching system was implemented that
stores frequently asked questions alongside their
pre-computed responses. This optimization strategy
creates a local repository of the most common
user interactions, enabling rapid response retrieval
without requiring cloud-based NLP processing or
real-time text-to-speech synthesis.

As shown in Table 5, for cached queries, Stage B
performs simplified NLP processing using pre-
indexed semantic patterns, and Stage C retrieves
pre-generated audio files from local storage, reducing
synthesis time. ASR processes only the initial trigger
phrase for pattern matching.

To measure positioning accuracy as the distance
error in the path planning system, the Euclidean dis-
tance between the final estimated robot position and
the true target position was used. The results in
Table 6 show that increasing the inflation radius by
0.5 m significantly improved the accuracy and con-
sistency of navigation. Almost all attempts reduced
the calculated condition failure (e.g., from 0.08 m to
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Table 6. Position error

Default Inflation Radius Inflation Radius 0.5 m

User | Attempts Reached the Error Position Reached the Reached the Error Position

Correct Coordinates (m) Correct Coordinates | Correct Coordinates (m)
U1 2 Yes 0.08 Yes Yes 0.06
U2 2 Yes 0.09 Yes Yes 0.07
U3 3 No 0.50 No No 0.40
U4 4 Yes 0.07 Yes Yes 0.05
U5 2 Yes 0.08 Yes Yes 0.06
uée 2 Yes 0.09 Yes Yes 0.07
u7 3 Yes 0.08 Yes Yes 0.06
us 4 Yes 0.10 Yes Yes 0.08
U9 3 Yes 0.09 Yes Yes 0.07
U10 4 Yes 0.10 Yes Yes 0.08

0.06 m U1 and 0.10 m to 0.08 m), while the aver-
age error dropped from 0.088 m (default) to 0.072
m with the inflation radius. Furthermore, the num-
ber of attempts to achieve high navigation accuracy
(error < 0.08 m) increased from five to eight. These
improvements indicate that the additional buffer
space around obstacles provided by the inflation
radius improves route planning, reduces localization
drift, and enhances overall system reliability, espe-
cially in an indoor environment with limited comput-
ing resources.

6. Conclusions

The errors occurred for various reasons, one of
the main reasons was the background noise, unclear
pronunciation, accent variety or variation in the speed
of the speech, ASR incorrectly converts the audio into
text, which provided misspelled words, substituted or
omitted by others with similar sounds. These judg-
ments directly affect the quality of the voice input for
later misunderstanding. Another error is the under-
standing of the transcription of the audio; the model
of the natural language processing failed due to limi-
tations in their training.

The limit of processing of the Raspberry Pi 4 is
another important factor in the development of the
platform, ARIS. There are significant restrictions on
intensive tasks simultaneously, such as localization
and mapping simultaneously, the voice recognition
and the algorithms of social interaction. While the
Raspberry Pi 4 is equipped with a Cortex-A processor-
72 of four cores with a clock frequency of 1.5 GHz,
this does not comply with the requirements of the
applications of robotics and high-performance. The
algorithms SLAM Gmapping, require the processing of
data from multiple sensors in real-time. These tasks
require a high memory bandwidth, and a flow of the
CPU/GPU of the Raspberry Pi 4 is constantly unable to
provide, which causes latency and affects the accuracy
of the mapping. The ASR also requires patterns of
deep learning and fast processing. These models are
located locally on the Raspberry Pi 4 and can result in
a delayed or inaccurate recognition.

During the testing of the functioning of ARIS, it
was observed that the Raspberry Pi 4 is subjected to

prolonged computational loads and is prone to the
thermal limitation. This not only reduces performance
further, but also leads to unpredictable behavior dur-
ing longer sessions of SLAM or iteration.

To tackle these issues and boost ARIS’s reliability,
we adopted cautious navigation strategies. A 0.5 m
buffer zone was set around obstacles and the robot’s
speed was slowed in open spaces to allow quicker
reactions. These changes reduce crashes, mapping
mistakes and CPU strain.

The research combines proven robotic tools:
SLAM, voice recognition, and language processing. The
ARIS platform offers a clear methodology for building
functional social robots on a tight budget, bridging the
gap between high-end laboratory robotic platforms
and the real needs of schools and small research lab-
oratories. In addition, the performance of the Rasp-
berry Pi was optimized by adjusting the require-
ments of the SLAM algorithms and using pre-recorded
voice files to reduce latency, enabling smooth real-
time operation even with modest hardware. These
improvements allow ARIS to operate reliably with
low-cost equipment that meets the needs of teaching
and research.
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