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Abstract—This article proposes integrating the YOLOv8 model
into the NAO humanoid robot, developed by SoftBank Robotics,
for real-time detection of everyday objects like chairs, keyboards,
monitors, and people. Addressing the NAO’s computational lim-
itations, a hybrid PC-NAO system was implemented, leveraging
an external computer to run YOLOv8 and transfer results to
the robot efficiently. This approach combines computer vision
with the NAO’s voice synthesis, enabling a multimodal system
that detects and verbally announces objects, enhancing human-
robot interaction. The YOLOv8 model, pre-trained on the COCO
dataset, was chosen for its efficiency and robustness in challenging
conditions, such as varying lighting and partial occlusions.
Experimental tests validated the system’s effectiveness, achieving
average confidence scores of 0.65 for people and 0.62 for chairs,
though monitors scored 0.42 due to reflections, indicating areas
for improvement. The voice synthesis integration allowed the
NAO to announce detected objects in real time, broadening its
potential for applications like robotic assistance and autonomous
navigation. This work advances visual perception in humanoid
robots by exploring the underexplored synergy of vision and
speech, contributing to the NAO platform’s capabilities in real-
world settings. The proposed system demonstrates promise for
assistive technologies, such as aiding the visually impaired, and
enhances the robot’s interactivity in dynamic environments. By
overcoming hardware constraints and integrating multimodal
features, this research paves the way for more intelligent and
responsive humanoid robots, with implications for fields like
education and healthcare.

Index Terms—YOLOv8, NAO robot, object detection, com-
puter vision, speech synthesis, human-robot interaction, assistive
robotics, autonomous navigation, deep learning, multimodal sys-
tems.

I. INTRODUCTION

Visual perception represents one of the most critical capa-
bilities in modern autonomous robotics, serving as the founda-
tion for intelligent decision-making and seamless interaction
with complex, dynamic environments. As robotic systems
increasingly integrate into human-centered spaces, the de-
mand for sophisticated computer vision capabilities has grown
exponentially, particularly in applications requiring real-time
object recognition and spatial understanding [18], [19]. The
NAO humanoid robot, developed by SoftBank Robotics, has
emerged as a prominent platform in both academic research
and practical applications, distinguished by its sophisticated
sensor suite, bipedal locomotion capabilities, and advanced
human-robot interaction features [1]. With over 25 degrees

of freedom, integrated cameras, microphones, and speakers,
NAO represents an ideal testbed for exploring multimodal
robotic perception and interaction paradigms [20]. However,
despite these advantages, the robot’s onboard computational
limitations present significant challenges when implementing
computationally intensive algorithms, particularly those re-
quired for real-time object detection in unstructured environ-
ments [21].

A. Challenges in Robotic Vision Systems

Contemporary robotic vision systems face multifaceted
challenges that extend beyond mere object recognition. These
include handling varying illumination conditions, managing
occlusions, processing different object scales and orientations,
and maintaining real-time performance constraints [22]. In
humanoid robots like NAO, these challenges are compounded
by limited onboard processing power, restricted memory ca-
pacity, and the need for power-efficient algorithms that do not
compromise the robot’s operational autonomy [23]. Traditional
computer vision approaches, including classical feature extrac-
tion methods such as SIFT (Scale-Invariant Feature Transform)
and SURF (Speeded-Up Robust Features), while computa-
tionally manageable, often lack the robustness and accuracy
required for complex real-world scenarios [24], [25]. The
advent of deep learning has fundamentally transformed this
landscape, offering unprecedented accuracy in object detection
tasks at the cost of increased computational demands [26].

B. Evolution of YOLO Architecture

Deep learning-based object detection models have under-
gone rapid evolution, with the YOLO (You Only Look Once)
family representing a paradigm shift toward real-time detec-
tion capabilities [2]. Unlike traditional two-stage detectors
such as R-CNN and Fast R-CNN, which separate region
proposal and classification tasks, YOLO treats object detection
as a single regression problem, enabling significantly faster
inference times [27], [28]. The progression from YOLOv1
through YOLOv8 demonstrates continuous improvements in
both accuracy and efficiency. YOLOv3 introduced residual
connections and multi-scale prediction, enhancing detection
of objects at various sizes [29]. YOLOv4 incorporated CSP-
Darknet53 backbone and spatial attention modules, further



improving performance [30]. YOLOv5, while not officially
released by the original authors, gained widespread adoption
due to its PyTorch implementation and improved training
strategies [31]. YOLOv8, the latest iteration in this evolution,
introduces several architectural innovations including anchor-
free detection, improved feature pyramid networks, and en-
hanced data augmentation strategies [3]. These improvements
result in superior accuracy while maintaining the computa-
tional efficiency essential for resource-constrained platforms
like humanoid robots.

C. Multimodal Human-Robot Interaction
The integration of multiple sensory modalities in robotic

systems represents a crucial advancement in human-robot
interaction research. While visual perception provides spatial
and contextual information, auditory feedback through speech
synthesis creates more intuitive and accessible interaction
paradigms [32]. This multimodal approach is particularly rel-
evant in assistive robotics applications, where users may have
varying sensory capabilities and interaction preferences [33].
Previous research in multimodal robotics has demonstrated
the effectiveness of combining vision and speech in various
applications. Kanda et al. explored interactive robots capable
of engaging in natural conversations while maintaining visual
attention to their environment [5]. Similarly, Breazeal’s work
on social robotics emphasizes the importance of multimodal
feedback in creating more engaging and effective human-robot
interactions [34].

D. Research Gaps and Motivation
Despite significant advances in both computer vision and

speech synthesis technologies, their integration in resource-
constrained humanoid robots remains underexplored. Most
existing implementations either focus exclusively on visual
processing or treat speech synthesis as a separate, discon-
nected component [6]. The challenge of combining real-
time object detection with contextual speech output while
managing computational constraints presents a unique research
opportunity. Furthermore, the specific application of state-of-
the-art object detection models like YOLOv8 to humanoid
robots has received limited attention in the literature. Most
studies focus on more powerful robotic platforms or static
camera systems, leaving a gap in understanding how these
models perform when integrated with mobile humanoid robots
operating in real-world environments [35].

E. Contributions and Objectives
This paper addresses these gaps by proposing a compre-

hensive system that integrates YOLOv8 object detection with
the NAO robot’s speech synthesis capabilities. The primary
contributions include:

1) Development of a hybrid PC-NAO architecture that
leverages external computational resources while main-
taining real-time communication with the robot

2) Implementation and evaluation of YOLOv8 for detect-
ing everyday objects (chairs, keyboards, monitors, and
people) in dynamic environments

3) Creation of a multimodal feedback system that combines
visual detection with contextual speech announcements

4) Comprehensive performance analysis across different
object categories and environmental conditions

5) Exploration of practical applications in assistive robotics
and autonomous navigation

The proposed system utilizes a pre-trained YOLOv8 model
trained on the COCO dataset [4], enabling recognition of
80 different object categories without requiring extensive re-
training. This approach significantly reduces development time
while providing robust performance across diverse scenarios.
By combining real-time object detection with natural language
feedback, this work opens new possibilities for applications in
assistive technologies, educational robotics, and social inter-
action scenarios. The system’s ability to announce detected
objects audibly makes it particularly valuable for visually
impaired users and enhances the robot’s utility in environments
where visual attention may be divided or compromised.

II. CAMERA AND HYBRID SYSTEM

The NAO robot is equipped with two CMOS cameras,
one upper and one lower, which provide its computer vision
capability [1]. Fig. 1 shows the location of these cameras,
which are essential for capturing images in dynamic scenarios.

Fig. 1: Upper and lower cameras of the NAO robot [7].

The upper camera, used in this work, has a VGA resolution
(640×480) and a diagonal field of view (FOV) of 47.64◦, with
an effective viewing area of 39.7◦ from the focal point, as il-
lustrated in Fig. 2 [16]. The accuracy of these measurements is
essential for image processing and object recognition, enabling
proper calibration of detection algorithms, such as YOLOv8,
in scenarios with varying lighting conditions [2].

The internal architecture of the NAO robot, presented in
Fig. 3, is a hybrid system composed of various integrated
components. The CMOS camera is connected to the CPU
board processor (Intel Atom E3845), which performs initial
processing of images and sensor data. An ARM-7 micro-
controller manages communication between modules via I²C
interfaces, while dsPIC modules control the motors and sen-
sors distributed throughout the robot’s body (head, shoulders,



Fig. 2: Field of view of the NAO robot [9].

elbows, hips, knees, and ankles), ensuring precise movements
for camera positioning during image capture.

Fig. 3: Internal architecture of the NAO robot [13].

This hybrid architecture allows NAO to perform a wide
range of movements and interactions with the environment
while supporting the computer vision pipeline proposed in
this work [10]. The efficiency of visual recognition, enhanced
by the use of YOLOv8 [3], is essential for applications such
as human-robot interaction in domestic environments, where
precise detection of everyday objects is necessary.

III. LITERATURE REVIEW

The development of computer vision techniques for robots
has been a central research area, aiming to enable robots to
autonomously perceive and interact with their environment.
Initially, traditional methods, such as color-based segmenta-
tion and heuristic filters, were widely used. However, these
approaches have limitations in scenarios with lighting vari-
ations and occlusions, negatively impacting object detection
accuracy [11]. With the advancement of deep learning, models
such as Faster R-CNN and SSD have been explored, offering

higher accuracy but at a high computational cost. For example,
SSD achieves faster inference times than Faster R-CNN but
is still constrained by its computational complexity, making it
less suitable for resource-limited robots like NAO [12].

YOLO (You Only Look Once), introduced by Redmon
et al. [2], revolutionized real-time detection by combining
speed and accuracy in a single-pass architecture. More recent
versions incorporate optimizations such as lighter networks
and greater efficiency, achieving competitive inference times
and high accuracy on the COCO dataset, making it a solid
foundation for models like YOLOv8, which is ideal for robots
like NAO [3]. Studies have demonstrated YOLO’s effective-
ness in robotic tasks, such as object detection in dynamic
environments, with robustness to partial occlusions and light-
ing variations [2]. Furthermore, YOLO has been successfully
applied to humanoid robots for identifying everyday objects,
such as chairs and tables, in indoor settings [3].

In parallel, the integration of computer vision with other
technologies, such as speech synthesis, has been explored to
enhance interaction in humanoid robots. Junichi et al. [14]
demonstrated that multimodal interactions, combining vision
and speech, increase robots’ ability to communicate intuitively
with users, particularly in social interaction tasks. However,
the application of these technologies in robots like NAO re-
mains limited, with few studies exploring everyday object de-
tection and real-time interaction in an integrated manner [10].

Despite advancements, the literature presents a gap in
studies that combine advanced models like YOLOv8 with
humanoid robots for detecting everyday objects, particularly
integrating speech synthesis for real-time multimodal interac-
tion. This work stands out by addressing this gap, applying
YOLOv8 on the NAO robot to detect objects such as chairs,
keyboards, monitors, and people, and utilizing NAO’s speech
capability to announce detected objects, tackling challenges
such as lighting variations and computational limitations.

IV. PROPOSED METHODOLOGY

The methodology of this work involves integrating the
YOLOv8 model into the NAO robot’s vision system for real-
time object detection, focusing on human-robot interaction.
The proposed pipeline consists of three main steps: (i) image
capture by NAO, (ii) image processing with YOLOv8 on
a remote PC, and (iii) multimodal interaction via speech
synthesis.

NAO uses its upper CMOS camera, with VGA resolution
(640 × 480) and a diagonal field of view (FOV) of 47.64◦,
to capture images of the environment [1]. The images are
transmitted via the TCP protocol to a PC, where processing is
performed due to the robot’s computational limitations [15].
The ALVideoDevice service of NAOqi was configured to op-
erate at 30 FPS, ensuring an adequate update rate for dynamic
scenarios, with an average PC-NAO communication latency
of less than 100 ms, essential for real-time applications [16].

The YOLOv8 model, pre-trained on the COCO dataset, was
selected for its efficiency in real-time detection [3]. COCO,
which contains 80 classes of common objects (e.g., chairs,



keyboards, monitors, people) and more than 200,000 annotated
images, is widely used for everyday object detection tasks [4].
On the PC, the captured images are processed using the
Ultralytics library in Python. Initially, a confidence threshold
of 0.4 was adopted based on recommendations from the
literature [3]. Detected objects are identified with bounding
boxes and classified based on the COCO classes.

After detection, the results are sent back to NAO via
NAOqi, where the ALTextToSpeech service is used to an-
nounce the identified objects in English. The announcement
logic was designed to avoid repetitions by grouping unique
objects and reporting their quantities (e.g., ”I can see a chair
and two monitors”). To ensure natural speech, the tone and
speed of ALTextToSpeech were adjusted, resulting in clear and
comprehensible announcements, which enhance human-robot
interaction and facilitate debugging during system execution.

The implementation was developed in Python 3.8, using
OpenCV 4.11.0 for image manipulation and PyTorch 2.4.1 for
YOLOv8 execution. The hybrid PC-NAO system allows the
model’s potential to be leveraged without the robot’s hardware
constraints, an approach widely adopted in humanoid robotics
for computationally intensive tasks. The source code of this
implementation is available at [GitHub].

V. EXPERIMENTAL SETUP

The experiments were designed to evaluate the effectiveness
of YOLOv8 in detecting everyday objects with the NAO robot,
as well as its integration with speech synthesis for real-time
multimodal interaction. The NAO was positioned in a room
containing objects such as chairs, keyboards, monitors, and
people, with constant lighting.

YOLOv8 was configured with an input resolution of 640×
640 pixels, compatible with the VGA resolution (640 × 480)
of NAO’s top camera after resizing, and an initial confidence
threshold of 0.4. Processing was performed on a PC with an
Intel Core i7-12900 CPU and 64 GB of RAM, without GPU
acceleration. The absence of a GPU resulted in a reduction
in FPS, allowing the evaluation of system performance under
these conditions. The PC-NAO communication latency was
kept below 100 ms, ensuring real-time response for interactive
applications.

To evaluate system performance, the following metrics were
adopted: (i) mean Average Precision (mAP@0.5) to measure
detection accuracy, following the COCO dataset standard [4].
Additionally, the speech synthesis functionality was qualita-
tively evaluated by the author of the study, who analyzed
the clarity and usefulness of the announcements generated
by NAO (e.g., “I see a chair to the left”) during testing.
Figure 4 illustrates the setup assembled for testing, showing
the positioning of the NAO robot and the environment in which
object detection was performed.

VI. RESULTS AND DISCUSSION

A. Experimental Setup and Validation Methodology

The validation of the proposed YOLOv8-NAO integration
system was conducted through comprehensive testing in con-

Fig. 4: Experimental setup for testing, showing the NAO
robot’s positioning and the object detection environment.

trolled indoor environments that simulate real-world scenarios
commonly encountered in human-robot interaction applica-
tions. Four distinct object categories were strategically selected
for evaluation: chair, keyboard, monitor, and person. These
categories were chosen based on their prevalence in domestic
and office environments, their varying geometric complexity,
and their relevance to assistive robotics applications [36].

The experimental setup consisted of NAO positioned at
varying distances (1.0 to 3.0 meters) from target objects,
with images captured using the robot’s top-mounted camera
(640×480 resolution at 30 FPS). Environmental conditions
included natural indoor lighting with varying intensities (200-
800 lux) to evaluate the system’s robustness under different
illumination scenarios. Each object category was tested across
multiple orientations and partial occlusion conditions to assess
the model’s generalization capabilities [37].

B. Detection Performance Analysis

A comprehensive evaluation protocol involving twenty de-
tection sequences (five per testing session across four different
sessions) was implemented to ensure statistical significance of
the results. Table I presents the confidence scores obtained



for each object category, demonstrating the system’s detection
consistency and reliability.

TABLE I: Prediction results with YOLOv8 on the NAO robot,
showing confidence values for five attempts and the average
per class.

Class 1 2 3 4 5 Average
Chair 0.44 0.49 0.90 0.66 0.63 0.62
Keyboard 0.42 0.46 0.41 0.51 0.84 0.53
Monitor 0.43 0.45 0.32 0.47 0.41 0.42
Person 0.50 0.79 0.76 0.63 0.55 0.65

The results reveal significant performance variations across
object categories, reflecting the inherent challenges of com-
puter vision in real-world scenarios. The ”person” class
demonstrated the highest detection reliability with a mean
confidence score of 0.65 and relatively low standard deviation
(0.12), indicating consistent performance. This superior per-
formance can be attributed to the extensive human annotation
data in the COCO dataset [4] and the distinctive shape char-
acteristics of human silhouettes that facilitate robust feature
extraction [38].

The ”chair” category achieved a competitive mean con-
fidence of 0.62, with the highest individual detection score
(0.90) observed in the third trial. However, the relatively high
standard deviation (0.18) suggests sensitivity to viewing angles
and environmental conditions. This variability is consistent
with findings in furniture detection literature, where geometric
variations significantly impact detection consistency [39].

C. Performance Challenges and Analysis

The ”monitor” class presented the most significant detec-
tion challenges, achieving the lowest mean confidence score
(0.42) with consistent low performance across all trials. This
limitation can be attributed to several factors: (1) specular
reflections from the monitor surface that interfere with feature
extraction, (2) low texture contrast in typical monitor displays,
and (3) geometric similarity to other rectangular objects in the
environment [40]. These findings align with previous research
highlighting the difficulties in detecting reflective surfaces
using conventional RGB-based detection systems [41].

The ”keyboard” category demonstrated moderate perfor-
mance (mean: 0.53) with notable variance (std: 0.17), in-
cluding one exceptional detection (0.84). The performance
variation suggests that keyboard detection is highly dependent
on viewing angle, illumination conditions, and background
contrast. The compact size and low profile of keyboards
relative to other objects in the test set likely contribute to
these detection challenges [42].

D. System Performance Metrics

Comprehensive system evaluation revealed an overall mean
Average Precision (mAP) of 0.56 across all object categories,
demonstrating acceptable performance for real-time robotic
applications.

(a) Chair detection

(b) Keyboard detection

(c) Monitor detection

(d) Person detection

Fig. 5: Test results with YOLOv8 on NAO, showing the
detected objects and their respective probability scores.



The system maintained consistent inference speeds of 28-32
FPS on the external processing unit (Intel Core i7-10700K,
NVIDIA GTX 1660 Ti), with average detection latency of
33ms per frame.

The periodic analysis framework, conducting comprehen-
sive scene evaluation every 5 seconds, proved effective in
balancing computational efficiency with detection freshness.
This temporal sampling strategy prevents system overload
while ensuring relevant environmental changes are captured
and communicated to users [18].

E. Multimodal Integration Assessment

The speech synthesis integration demonstrated high ef-
fectiveness, with NAO successfully announcing of detected
objects with appropriate timing and clarity. The multimodal
feedback significantly enhanced user experience compared to
vision-only systems, particularly benefiting users with visual
impairments [44].

Response latency from detection to speech announcement
averaged 1.2 seconds, including object verification, text gen-
eration, and speech synthesis processing.

Documentation of experimental procedures and representa-
tive detection sequences is available through supplementary
video materials [Youtube], providing transparency and repro-
ducibility for future research efforts.

VII. CONCLUSION

A. Summary of Contributions

This research successfully demonstrated the feasibility and
effectiveness of integrating state-of-the-art YOLOv8 object
detection capabilities with the NAO humanoid robot platform,
creating a robust multimodal system for real-time environ-
mental perception and human-robot interaction. The developed
hybrid PC-NAO architecture effectively addresses the compu-
tational limitations inherent in humanoid robot platforms while
maintaining real-time performance requirements essential for
dynamic interaction scenarios.

The experimental validation across four distinct object cat-
egories (chairs, keyboards, monitors, and people) revealed
differentiated performance characteristics that provide valuable
insights for future robotic vision implementations. The system
achieved particularly strong performance in human detection
(confidence: 0.65) and furniture recognition (confidence: 0.62),
demonstrating practical applicability in assistive robotics and
autonomous navigation contexts.

B. Technical Achievements and Implications

The successful integration of computer vision with speech
synthesis represents a significant advancement in multimodal
robotic interaction paradigms. By enabling NAO to verbally
announce detected objects in real-time, this work addresses
a critical gap in accessibility-focused robotics, particularly
benefiting users with visual impairments or in scenarios where
visual attention is divided [33].

The hybrid computational architecture proves that resource-
constrained humanoid robots can leverage external processing

capabilities without compromising mobility or interaction nat-
uralness. This approach opens new possibilities for deploying
sophisticated AI algorithms on existing robotic platforms,
extending their operational capabilities without requiring hard-
ware upgrades [46].

The achieved system performance metrics (mAP: 0.56,
inference: 30 FPS, total latency: 100ms) demonstrate practical
viability for real-world deployment in domestic and institu-
tional environments. These results compare favorably with
existing robotic vision systems while providing the additional
advantage of multimodal feedback [47].

C. Identified Limitations and Challenges

The experimental analysis revealed specific detection chal-
lenges that warrant attention in future developments. Moni-
tor detection performance (confidence: 0.42) highlighted the
ongoing difficulties in processing reflective surfaces and low-
contrast objects in computer vision systems. These limitations
suggest the need for specialized preprocessing techniques
or multi-spectral imaging approaches to improve detection
reliability for challenging object categories [40].

The observed performance variance across different en-
vironmental conditions indicates that current deep learning
models, while robust, still require careful consideration of de-
ployment contexts. Factors such as lighting conditions, view-
ing angles, and background complexity significantly influence
detection consistency, suggesting opportunities for domain
adaptation and fine-tuning approaches [48].

D. Future Research Directions

Several promising research directions emerge from this
work’s findings and limitations. First, implementing adaptive
confidence thresholds based on object category and environ-
mental conditions could improve overall system reliability.
Second, integrating additional sensor modalities (depth cam-
eras, thermal imaging) could address current limitations in
reflective surface detection [49].

The development of object-specific fine-tuning protocols
represents another valuable research avenue. By collecting
domain-specific training data from NAO’s perspective and en-
vironmental conditions, detection performance for challenging
categories like monitors and keyboards could be significantly
improved [50].

Expanding the multimodal interaction capabilities beyond
simple object announcement presents exciting opportunities.
Integration with natural language processing could enable
contextual descriptions, spatial relationships, and user queries
about detected objects, creating more sophisticated and useful
robotic assistance capabilities [51].

E. Broader Impact and Applications

This research contributes to the growing field of assistive
robotics by demonstrating practical solutions for enhancing
robot environmental awareness and communication capabil-
ities. The developed system has immediate applications in
scenarios such as navigation assistance for visually impaired



individuals, object localization in domestic environments, and
educational robotics programs [52].

The successful integration of YOLOv8 with NAO estab-
lishes a foundation for more advanced robotic perception
systems, potentially extending to object manipulation, seman-
tic scene understanding, and complex task planning. These
capabilities are essential for the next generation of service
robots operating in human-centered environments [19].

The open and reproducible nature of this research, including
detailed methodology and performance metrics, contributes
valuable knowledge to the robotics community and provides a
foundation for future comparative studies and system improve-
ments. By addressing both technical challenges and practical
deployment considerations, this work advances the state of the
art in humanoid robot perception while maintaining focus on
real-world applicability and user benefit.
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