
Akif Ekrekli

MULTI-MODAL PERCEPTION
AND SENSOR FUSION FOR

HUMAN-ROBOT
COLLABORATION

Faculty of Information Technology and Communication Sciences (ITC)
Master’s thesis

September 2023



Abstract
Akif Ekrekli: Multi-modal perception and sensor fusion for human-robot collabora-
tion
Master’s thesis
Tampere University
Master’s Degree Programme in Robotics and Artificial Intelligence
September 2023

In an era where human-robot collaboration is becoming increasingly common. sensor-
based approaches are emerging as critical factors in enabling robots to work harmo-
niously alongside humans. In some scenarios, the utilization of multiple sensors be-
comes imperative due to the complexity of certain tasks. This multi-modal approach
enhances cognitive capabilities and ensures higher levels of safety and reliability. The
integration of diverse sensor modalities not only improves the accuracy of perception
but also enables robots to adapt to surrounding environments and analyze human
intentions and commands more effectively. This paper explores sensor fusion and
multi-modal approaches within an industrial context. The proposed fusion frame-
work adopts a holistic approach encompassing multiple modalities, integrating ob-
ject detection, human gesture recognition, and speech recognition techniques. These
components are pivotal for human-robot interaction, enabling robots to comprehend
their environment and interpret human inputs efficiently. Each modality is individ-
ually tested and evaluated within the sensor fusion and multi-modal framework to
ensure efficient functionality. Successful industrial experimentation underscores the
practicality and relevance of sensor fusion and multi-modality approaches. This
work underscores the potential of sensor fusion while emphasizing the ongoing need
for exploration and improvement in this field.

Keywords: Robotics, perception, sensor fusion, sensor multi-modality, human-
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1 Introduction
Collaborative robots has propelled the field of automation into a realm where human-
robot collaboration(HRC) is no longer a futuristic concept, but a tangible reality
with unlimited potential. Collaborative robots - also known as co-bots - can be
defined as robots that are made to operate alongside their human counterparts and
share a workspace with them. Co-bots offer exceptional mobility due to their consid-
erably lightweight compared to heavy industrial robots. This creates an important
attribute to be moved around in the facility to different task locations (Sherwani,
Asad, and Ibrahim 2020). Figure 1.1 demonstrates some examples where collabo-
rative robots could be implemented in industrial tasks.

Figure 1.1 Collaborative robot use cases.(Dimalog 2023)

For the time being, full robot autonomy for difficult tasks in unstructured situ-
ations will remain unattainable. Therefore, there is a lot of interest in the develop-
ment of multiple facets of collaborative robot systems where a human can take over
tasks that are too difficult for a robot to do. Therefore, in the envisioned future
manufacturing setups, people and robots would collaborate to execute various object
manipulation activities while using a shared workspace (Kragic et al. 2018).

Human-robot collaboration is a concept where humans and robots working to-
gether nearby to achieve any process goals and achievements. In HRC, there are
three zones defined in the workspace; robot workspace, human workspace and shared
workspace. Within a robot’s operational area, robot executes its actions while the
operator remains in the human workspace each focused on their individual or shared
tasks. A shared workspace is a congested area where robot and human work spaces
meet. Even though there is not general HRC categorization, HRC is commonly
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categorized into three classes: coexistence, cooperation and collaboration. Figure
1.2 demonstrates workspace occurrence examples of these three classes.

Figure 1.2 Human-robot collaboration levels.(Arents et al. 2021)

• Coexistence: Operator and robot exist in the same workspace remaining in
their zones with no shared objectives.

• Cooperation: Operator and robot collaborate with the aim of achieving a
common objective within a space that is partially or entirely shared between
them.

• Collaboration: Both the operator and the robot engage in parallel efforts on
a mutual object within a space they both occupy jointly.

Throughout the years HRC gained significant attention from numerous indus-
tries for several compelling reasons. Flexibility is one of these reasons. In theory,
collaborative workspaces are not bound by strict safety measures, could be more
readily and swiftly established in separate plant areas. This flexibility would make
them suitable for situations where production layouts demand frequent and ongoing
adjustments(Fechter et al. 2016). Robots are designed to perform repetitive tasks
with high accuracy which provides an efficient and low-error workspace. Opera-
tor can focus on detailed capabilities where robot cannot provide solutions. This
human-robot collaboration creates an environment where industrial processes unfold
smoothly and efficiently.

Regarding human-robot collaboration, sensor-based approaches emerge as the
most favorable course of action. By employing sensors to acknowledge the sur-
rounding environment including operator’s actions and commands, sensor-based
approaches enable collaborative robots to sense, respond, and operate efficiently
in the collaborative workspace. The goal of enhancing perception and situational
awareness in robot systems is to enable seamless and responsive collaboration be-
tween humans and robots. Deep learning-based perception models are considered
ideal for this purpose due to their ability to deliver accurate, reliable, and efficient
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results. By utilizing these models, the necessary sensory input for interaction can
be obtained, including information about the human voice, body and its pose, hu-
man actions or gestures, and the positions of objects and targets in the surrounding
environment.

This paper sets forth the following goals to be achieved:

• Researching and introducing perception models that will be utilized to enhance
understanding and interpretation of sensor data.

• Assessing the effectiveness and reliability of these perception models in real-
world scenarios.

• Investigating various sensory modalities, such as visual, and auditory to com-
prehensively understand the surrounding environment.

• Developing a sensor multi-modal approach that seamlessly integrates data
from different sensors to improve the overall perception accuracy.

• Creating a robust fusion approach that combines information from multiple
sensors to make informed decisions and actions in the context of HRC.

• Evaluating the performance of the proposed multi-modal framework and sen-
sor fusion approach in HRC use cases across different domains.

• Spotting challenges and limitations encountered during the implementation
and proposing potential solutions.

• Providing insights into the practical applications and benefits of sensor fusion
in HRC scenarios.

Moreover, while cognitive capabilities could be generated by various methods,
there are certain tasks and situations that require multiple sensors. By combining
and integrating different sensor modalities, such as vision and auditory, this multi-
modal approach ensures better efficiency and safety in human-robot collaboration.
This paper aims to represent a multi-modal approach to industrial human-robot
collaboration task. The proposed approach encompasses three distinct modalities;
object detection, gesture recognition, and speech recognition. The primary objective
of this study is to investigate and demonstrate the effectiveness of integrating these
modalities in accomplishing a pick-and-place task within an HRC context. Gesture
and speech recognition models are directly acting on the robot’s actions while the
object detection model will be utilized by detecting industrial components to be
interacted with.

The structure of the paper will follow as outlined below, providing a well-
organized framework for presenting the research findings:
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• Chapter 2 will introduce an overview of the literature.

• Chapter 3 will include utilized perception tools that will be introduced in the
Methodology section individually.

• Chapter 4 will demonstrate the outputs and their corresponding performances
of each tool including the final version of the sensor fusion tool.

• Chapter 5 will follow that by criticizing the results from prominent aspects
and stressing limitations.

• Chapter 6 will conclude the overall work done.
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2 Literature Review
The topic of computer vision in robotics has been widely popular for a considerable
period of time, and its significance continues to grow as technological advancements
pave the way for more sophisticated and capable robotic systems. This intersection
between computer vision and robotics holds immense importance due to its ability to
empower robots with visual perception, enabling them to understand and interact
with their environments. As a result, researchers across the globe have proposed
approaches on various subtopics within this field, each addressing specific challenges
and applications.

2.1 Human Robot Collaboration

Collaborative robots, also known as cobots, have been designed to work alongside
humans in industries without requiring extra safety equipment. The aim is to enable
safe and flexible interaction between humans and robots by leveraging advancements
in robot sensors (Gross (Schreitter) and Krenn 2023). Chandrasekaran and Conrad
2015 demonstrates a wide range of application fields of human robot collaboration.

L. Wang et al. 2019 gives a detailed overview on symbiotic human robot collabo-
ration assembly. Additionally, definitions of terms such as collaboration, interaction,
and coexistence are clarified and highlighted in this paper. Moreover, Matheson et
al. 2019 compares HRC applications to traditional approaches in terms of economic
aspects. With the increasing prevalence of human robot collaboration in contem-
porary times, concerns regarding safety have also come to the forefront within this
domain. Galin and Meshcheryakov 2020 offers a safety perspective of view to human
robot collaboration.

2.2 Human and gesture recognition

Gestures are taking a key role in human interaction. Human performs numerous
gestures every day without even realizing it. It is a proven fact that gestures support
communication and improves interaction between human. In the same sense, creat-
ing human robot interaction and collaboration is possible with gestures. Bremner
and Leonards 2015 mentions the importance of gestures on human-human commu-
nication and human robot interaction. On this matter, using human gestures is a
popular method in HRC cases. Mitra and Acharya 2007 classifies gesture types into
three categories:

• Body gestures: full body actions or motions
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• Hand and arm gestures: arm poses, hand gestures

• Head and facial gestures: nodding or shaking head, winking lips.

Besides human skeleton and gesture detection, specifically the human hand and
it’s gesture detection is considered as a perception approach for human robot collab-
oration.Z. Xia et al. 2019 offers deep research on hand gesture recognition including
methods, performances, and challenges. Gesture recognition is indeed a broad and
multidisciplinary topic that spans various fields such as computer vision, machine
learning, human-computer interaction, and robotics. Therefore, there are various
implementation techniques in gesture recognition. Based on the physical implemen-
tation type, gesture recognition can be categorized into two main topics, image-based
and sensor-based approaches.

Sensor Based Approaches

Besides image-based recognition, human gestures could be also recognized by
physical sensors implemented on the body. Jiang et al. 2018 in their multi-modality
research utilized IMU(Inertial Measurement Unit) sensors to track human gestures.
Researchers focused on defining and recognizing simple gestures specifically related
to HRC. These gestures were triggered by distinct right arm movements, where
IMU sensors are located. Vrigkas, Nikou, and Kakadiaris 2015 gives comprehensive
research on state of art proposes in the human activity recognition field. Moreover,
human activity recognition topic is divided into two categories based on whether
different modalities are being utilized or not.

Image Based Approaches

In order to perform image-based gesture recognition, a camera has to be deployed
to the experiment environment. In image-based approaches, single camera, stereo
camera, depth camera, and markers could be utilized for robotic perception. H. Liu
and Lihui Wang 2018 explains these implementation methods and use cases while
providing information on these methods’ advantages and disadvantages.

Gesture recognition can be sorted into five steps; sensor data collection, gesture
identification, gesture tracking, gesture classification, and gesture mapping. Figure
2.1 indicates a gesture tracking process in HRC.

• Sensor data collection: Sensors capture the raw data of gestures. Raw data
could be signal, image frame etc.
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• Gesture Identification: In each frame, gestures are identified from the raw
data.

• Gesture Tracking: During gesture movements, the identified gestures are
tracked. For static gestures, tracking is unnecessary.

• Gesture Classification: Tracked gesture movements are classified based on
predefined gesture types.

• Gesture Mapping: Recognition results are translated into robot commands
and transmitted back to workers.

Figure 2.1 Gesture recognition process in HRC (H. Liu and Lihui Wang 2018)

2.2.1 Gesture Identification

Gesture identification can be defined as the first step where raw data is processed.
The process includes detecting the occurrence of a specific gesture in the input
raw data. Usually gesture identification involves computer vision methods and ma-
chine learning algorithms. Depending on the complexity of the gesture data, these
methods could be simple rule-based approaches or deep learning implementation for
sophisticated examples. Gesture identification involves processing gesture data us-
ing two distinct approaches: model-based (geometric, textured volumetric, skeleton
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models) and appearance-based (color, silhouette, deformable Gabor model) methods
(Dan and Mohod 2014).

2.2.2 Gesture Tracking

Gesture tracking occurs when gesture data is dynamic. In static gesture data, there
is no need for gesture tracking since the following data points will be identical.

2.2.3 Gesture Classification

Gesture classification is labeling a recognized gesture into predefined classes or cat-
egories. This is the last step of the gesture recognition process. Labeling or cat-
egorizing mostly depends on machine learning algorithms. Gesture classification
could be done by various machine learning approaches such as the Support Vector
Method(SVM), Hidden Markov Model(HMM), and K-Nearest Neighbours(KNN).
The selection of an algorithm is influenced by a number of variables, including the
type of gesture data (image-based, sensor-based, sequential), the complexity of the
gestures, the training data that is available, and the level of accuracy that is sought.
To choose the optimum algorithm for a particular gesture recognition application,
experimentation, and model adjustment are frequently required.

Gesture recognition datasets are organized for diverse purposes, serving as valu-
able resources for advancing research and applications across fields.

• OpenPose(Z. Cao et al. 2017): In this work, A method that effectively de-
tects the 2D pose of multiple individuals in an image with high efficiency is
introduced.

• HACS(Zhao et al. 2019): Introducing a recently developed extensive dataset,
specifically designed for the recognition and temporal localization of human
actions, gathered from online videos on the web.

• NTU RGB+D(NTNU): A large-scale dataset for human action recognition
with RGBD. Includes 60 action classes fetched from 40 subjects.

• JESTER(Materzynska et al. 2019): A large scale gesture recognition dataset.
The statement suggests that a basic 3D convolutional neural network can
achieve a recognition accuracy of more than 93 percent as a baseline.

• PointSkelCNN(Qin et al. 2020) : This dataset refers to a deep learning-based
method aimed at extracting 3D human skeletons from point clouds.

• HARTH(Logacjov et al. 2021): An accelerator-based human action dataset
widely used for medical purposes.
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2.3 Speech Recognition

Speech is one of the most natural methods of communication for humankind which
leads speech recognition to be a very popular topic in robotic operations. Speech
recognition refers to the capability of a machine or program to recognize words
and phrases spoken in natural language and convert them into a format that can be
understood and processed by a computer(Deshmukh and Ghule 2015). Speech allows
maximal data transfer between operator and robot with the least amount of effort
compared to other approaches such as touch or vision, making voice the simplest way
for an operator to communicate with a robot (Bingol and Aydogmus 2020). Bingol
and Aydogmus 2020 introduces a Turkish language model that is used to command
an industrial robot. In this example, a language model is developed by using deep
neural networks(DNN). Moreover Zinchenko, C.-Y. Wu, and Song 2016 implements
their speech recognition toolkit in healthcare purposes. The implementation simply
works on an endoscope head to aid the surgeon during a Gastroenterology operation.

2.3.1 Speech Recognition Classification

Automatic speech recognition can be classified into various topics such as vocabulary
size, utterance, speaker model etc. The vocabulary of an ASR system is seemly
crucial. It specifies the technical properties of the ASR including training time,
level of complexity, and accuracy. Depending on the amount of words it consists of
vocabulary sizes could be small, medium, large, and very large.

Just like the vocabulary size, speaking style could also be a defining factor in
ASR. Based on utterance ASR systems could be classified as:

• Isolated Word: In this setting, there are distinct pauses between each syllable
as it is spoken.

• Connected Word: Words are spoken together in a more natural way, but there
may still be slight pauses between them. This model is closer to how people
typically speak in everyday conversation.

• Continues Speech: In this mode, there are no discernible pauses between the
words or phrases. It exemplifies casual conversation, which is how most people
speak to one another.

• Spontaneous Speech: Unscripted, unrehearsed, and unstructured speech is
used in this approach. It might also contain hesitances, fillers (such as ”um,”
or ”uh”), and less formal language.



11

2.3.2 Speech Recognition Approaches

As speech recognition is one the most favorable perception techniques, various meth-
ods have been developed. Fig 2.2 demonstrates main speech recognition methods.

Figure 2.2 Speech recognition methods.

Acoustic phonetic approach
The acoustic phonetic approach is a speech recognition method where speech sounds
are labeled with suitable labels. The acoustic phonetic approach is grounded in the
idea that spoken language comprises a limited and distinct set of phonemes. These
phonemes are identified by specific acoustic characteristics that can be observed in
the speech signal over a period of time(Deshmukh and Ghule 2015).

Bhagath and Das 2016 represent an overview of acoustic phonetic approach
for speech recognition widely used in Asian languages such as Chinese, Thai etc.
Even though this approach is quite popular in the field, authors believe that there
needs to be more research to achieve better performance in this method for speech
recognition.
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Pattern Recognition Approach

Pattern recognition approach consists of two methods template base approach
and stochastic approach. Among these two approaches, Anusuya and Katti 2010
states that the stochastic approach is more favorable due to it offers a more appro-
priate strategy for speech recognition since it employs probabilistic models to handle
uncertain or partial information.

HMM, SVM, DTW are some of the proposed methods of stochastic approach. Al-
though HMM does not present an adequate understanding on the speech recognition
process, HMM is considered to perform better than the other stochastic approach
methods.

Artificial Intelligence Approach

Artificial intelligence approaches could be defined as a combination of acoustic
phonetic approach and pattern recognition approach (Kherdekar and Naik 2019).
In an AI-based approach, CNN and RNN are generally employed.

2.4 Object Detection and Segmentation

Object detection is a popular topic in many fields of engineering including Robotics.
Object detection involves the task of identifying and categorizing objects, utilizing
rectangular bounding boxes for locating the detected items and assigning them to
their respective categoriesYouzi et al. 2020. Moreover, Zou et al. 2023 presentation
sheds light on the research progress and advancements in object detection over the
last two decades. Object detection is a versatile technique in computer vision that
encompasses various tasks like image segmentation, image captioning, and object
tracking, among others (Li and L. Cao 2020). Similar to other sensor modalities,
over the years, a range of approaches have been developed under the term of object
detection.

2.4.1 Traditional Approaches

Traditional approach methods are designed before the deep learning phase in com-
puter vision. A fundamental traditional approach algorithm consists of three stages;
region selection, feature extraction and classification. The process of region selec-
tion primarily involves using sliding windows of various sizes and proportions, which
move across the image horizontally and vertically with a designated step size. The
image sections that are cropped by the sliding window are then adjusted to create
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an image with a consistent size (Youzi et al. 2020. In feature extraction, certain al-
gorithms are used to extract features from the image blocks. At the end, a classifier
algorithm classifies the extracted feature and identifies the category of the object.
The following are commonly used traditional approach methods.

HOG

Histograms of Oriented Gradient approach is proposed by Dalal and Triggs 2005.
The main idea of this technique was to detect pedestrians. It works by calculat-
ing the intensity gradients of the image, capturing how pixel values change. These
gradients are then used to compute the magnitude and orientation of changes in
each pixel. Usually, HOG implementations are combined with support vector ma-
chine(SVN) classifiers. Support Vector Machines (SVNs) are classification models
that utilize vector representations of training data to establish a hyperplane between
two classes. This hyperplane is positioned to maximize the distance (referred to as
the margin) between the closest training examples and itself(Brants 2006).

HOG is partially good at recognizing edge and texture information, modifying
it well for object detection based on the shape and contours. However, it is safe to
say that HOG cannot preserve its success with complex image scenarios.

DPM
Deformable Parts Models were presented by Felzenszwalb, McAllester, and Ra-
manan 2008. A sliding window method is frequently used in DPMs to scan across
an image at various scales and positions. The trained filters are used by the model
to assess the presence of object pieces and their combinations at each place.

DPM is considered a prominent step in the object detection journey, pointing
direction to future advances in the field such as YOLO and Faster RCNN.

2.4.2 Deep Learning Based Approaches

Unlike to traditional approach technique, deep learning based approaches employ
neural network architectures to extract image features and identify the objects. Deep
learning-driven object detection algorithms have emerged as the predominant and
effective tools for addressing detection challenges with intelligence. These methods
have the capability to autonomously acquire object features across various levels of
abstraction, eliminating the need for manually designed features (Mittal, Singh, and
Sharma 2020). Deep learning based approaches can be categorized into one stage,
two stage and advanced methods in object detection. While YOLO, SSD , RefineDet
and RetinaNet belong to one stage detectors the algorithms such as R-CNN, Fast
R-CNN, Faster R-CNN are the algorithms belonging to two stage detector.
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Two Stage Detectors

The key difference between one-stage and two-stage object detection methods lies
in the need for region proposal generation. One-stage algorithms directly determine
object classification and coordinates without generating region proposals. On the
other hand, two-stage algorithms first generate region proposals and then proceed
to classify and position objects. One-stage algorithms are faster, while two-stage
algorithms offer higher accuracy(Du, Zhang, and X. Wang 2020).

R-CNN, Fast R-CNN and Faster R-CNN

The method of R-CNN was first proposed in 2014 at the object detection com-
petition. There are three main modules of this object detection system. In the first
module region proposals are being created, independent of categories. The second
module includes a sizable convolutional neural network responsible for extracting a
fixed-length feature vector from every region. Figure 2.3 demonstrates the R-CNN
architecture.

Figure 2.3 R-CNN architecture (Girshick et al. 2014)

Fast R-CNN and Faster R-CNN are the follow-up updated implementations of
R-CNN. To address the time-consuming training process of object detection using
RCNN, the fast RCNN algorithm was introduced. This method employed a box-
regression approach and featured an end-to-end training algorithm. This algorithm
handled object proposal classification and spatial localization for determining bound-
ing box coordinates (Mittal, Singh, and Sharma 2020. Moreover, Faster R-CNN is
proposed to tackle limitations in the older RCNNs and provide a more rapid solution
by utilizing a region proposal network to create regions of interest.

One Stage Detectors

Two-stage detectors offer satisfactory accuracy, but they come with a notable com-
putational time cost. In order to achieve a balance between processing speed and
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maintaining acceptable accuracy, the concept of one-stage detectors has been intro-
duced.

YOLO

You Only Look at Once(YOLO), deployed by Redmon et al. 2016, is developed
to be a more rapid solution compared to the two stage detectors at that time. The
primary breakthrough of YOLO is its capability to execute object detection in just
one forward pass through the neural network, resulting in much higher speed com-
pared to two-stage detectors such as R-CNN methods. The YOLO implementation
has gone through several iterations, focusing on higher accuracy and speed.

SSD

Single Shot MultiBox Detector(SSD) is another commonly deployed object de-
tection algorithm developed by W. Liu et al. 2016. Much like YOLO, SSD has been
designed with the objective of enabling real-time object detection while also aiming
for accuracy and high speed. A notable characteristic of the model is its utilization
of multi-scale convolutional outputs for bounding boxes, which are linked to several
feature maps situated at the network’s higher layers. This design enables the model
to adeptly represent a diverse array of possible box shapes while optimizing resource
utilization(W. Liu et al. 2016).

RetinaNet

Lin, Goyal, et al. 2017 proposed a loss function called Focal Loss in order to
train a high accuracy model that outperforms previous one stage detector training
techniques. To exhibit the performance of this loss function, RetinaNet is created.
Lin, Goyal, et al. 2017’s findings indicate that RetinaNet has outperformed one-stage
detector versions from that period, such as YOLOv2 and SSD321, demonstrating
superior results on the COCO AP test.

2.4.3 Segmentation

Image segmentation is a computer vision and image processing activity that en-
tails splitting an image into numerous significant and distinctive parts or segments.
Image segmentation aims to classify pixels or areas of an image into groups based
on shared visual elements like color, intensity, texture, or other pertinent aspects.
Image segmentation can be defined as the task of assigning semantic labels to pixels
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(semantic segmentation), partitioning individual objects (instance segmentation),
or a combination of both tasks (panoptic segmentation) (Minaee et al. 2021).

Semantic Segmentation

With this method of segmentation, each of the pixels in the image is given a class
label, thereby classifying it into one of many predefined classes or item categories.
To give a high-level comprehension of the image, it might classify certain pixels as
”human,” ”tree,” ”car,” etc.

Instance Segmentation

Instance segmentation is one step further than semantic segmentation, where
also individual instances are distinguished. This means same class objects can be
labeled individually in instance segmentation such as two different cars being labeled
into two different label groups instead of one single car label.

Panoptic Segmentation

Panoptic segmentation aims to merge instance segmentation and semantic seg-
mentation into a unified framework. Framework operates as labeling uncountable
variables into single groups as semantic segmentation does. Simultaneously, it also
individually labels discrete objects, much like what is done in instance segmentation.

2.4.4 Dataset

When it comes to object detection and pose estimation, there are various datasets
available. These datasets serve as valuable resources for training and evaluating
models in the fields of object detection and pose estimation. Here are some examples:

• Pascal VOC (Everingham et al. 2010): This dataset is commonly used for
2D object detection tasks. It provides a wide range of object categories and
annotated bounding boxes.

• COCO (Lin, Maire, et al. 2014): Another popular dataset for 2D object de-
tection, the Common Objects in Context dataset offers a large-scale collection
of images with precise object annotations, including segmentation masks and
key points.

• Objectron (Ahmadyan et al. 2021): This dataset focuses on 3D object detec-
tion. It contains images and videos captured from different angles, providing
3D bounding box annotations for various objects.



17

• T-LESS (Hodan et al. 2017): This dataset is designed for both 3D object
detection and 6D pose estimation. It includes images and point clouds of
objects in various cluttered scenes, along with annotations for both object
masks and precise 6D poses.

• DOTA (G.-S. Xia et al. 2018): This dataset is created for detection on Aerial
Images including 15 object categories.

2.5 Sensor fusion in HRC

In recent years, the field of robotics has undergone a vital transformation, with a shift
from traditional robotics techniques to cognitive, adaptive, and versatile systems
with sensor-based approaches. At the heart of this transformation, sensor modalities
and fusion solutions lie. These modalities and solutions empower robots to perceive,
process and execute in the work environment freely and surely. Nowadays, sensor
multi-modality and fusion play a critical role in various industries from healthcare
systems to wearable technologies.

Force/torque sensors have been employed for several years in many industries
with machine applications (Sörnmo et al. 2012) and assembly tasks (Stolt et al.
2011). In these workspaces contact with manipulators is inevitable. Therefore
force/torque sensors aid aiding robot in understanding when physical contact be-
comes dangerous for both the operator and the robot itself. Inertial measurement
units and accelerometers are commonly preferred in some specific areas. Moreover,
optical cameras are one of the most famous perception equipment in robotics. Pose
estimations, object detection, and many more visual perception models are using raw
camera images. Speech recognition has gained significant preference as an approach
in sensor-based robotics implementations.

Sensor fusion is a technique that involves combining signals from multiple origins,
enabling the extraction of information from diverse sources and their integration
into a unified signal or data (Sasiadek 2002). An application that employs sensor
fusion in its process, expects that system to be more beneficial than a single sensor
system. According to Elmenreich 2002, some general problems with physical sensor
measurement can be:

• Sensor Deprivation: When a sensor element malfunctions, it leads to a decrease
in the ability to perceive the intended object.

• Constrained Sensor Range: Typically, an individual sensor can only cover a
specific area. For instance, a thermometer on a boiler provides a tempera-
ture estimate only for its immediate vicinity, potentially failing to accurately
represent the average water temperature within the entire boiler.



18

• Inaccuracy: Measurements gathered from individual sensors are bounded by
the precision of the sensor technology used.

While these problems are considered, sensor fusion approaches emerge with pro-
viding more accuracy, practicality, and ability to perform a wider range of tasks.

2.5.1 Implementations

Duan, Shi, and J. Wu 2022 provides a comprehensive overview of recent advance-
ments in the integration of multi-modal sensing and processing systems, includ-
ing various components such as multi-modal sensors and data fusion algorithms.
The paper highlights the significance of these developments in facilitating advanced
robotic applications, where the fusion of multiple sensory inputs plays a primary
role in enhancing the overall performance and capabilities of robotic systems.

Chen, Leu, and Yin 2022 introduced a multi-modal perception system including
both human gesture and voice in order to control a robot’s motion. In their exam-
ple, both of the sensors serve as a pick-and-place task and boost the confidence of
detection when they are used together. It is also mentioned that both sensors could
be utilized separately.

Gao, J. Liu, and Ju 2021 is introducing a human robot interaction with a sensor
fusion approach where sEMG(surface electromyography) signal, the RGB image,
and the depth image of hand gestures play key roles. The objective of the paper
is to control a robotic hand manipulator with a human hand serving to sensor
modalities. According to Gao, J. Liu, and Ju 2021, ten hand gestures are introduced
and achieved to the high accuracy of detection.
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3 Methodology

3.1 Research Methodology

The research methodology for this thesis involves a systematic workflow to address
the research objectives. The workflow comprises the following steps:

Research of Current State of Art Sensor Modalities

The first step of this research involved an extensive review and analysis of the current
state-of-the-art sensor modalities. This phase aimed to identify and select the most
suitable sensor modalities for the multi-modal framework and sensor fusion. The
chosen modalities include OpenPoseLearner for gesture recognition, Vosk for speech
recognition, and Detectron2 Detector for object detection. The selection was based
on their effectiveness and compatibility with the research objectives.

Testing Selected Sensor Modalities

The selected sensor modalities, OpenPoseLearner, Vosk, and Detectron Detector
were then put through a set of tests. During this testing phase, their performance,
accuracy, and dependability were assessed in a variety of scenarios. Their suitability
for integration into the multi-modal framework was determined by the results of
these tests.

Multi-modal Framework Development and Fusion Approach

With the validated sensor modalities in hand, the next step is to design and create
a multi-modal framework. This framework was developed to facilitate the fusion
of data and information obtained from the selected sensor modalities. The fusion
approach involved the integration of outputs from gesture recognition, speech recog-
nition, and object detection. Special attention should be given to ensuring data
integration and synchronization.

Testing the Multi-modal Framework in an Industrial Use Case

To evaluate the practical applicability of the developed multi-modal framework, it
was tested in an industrial use case. The chosen use case involved an assembly
task with a diesel engine, which encompassed pick, place, and give tasks. This
real-world scenario allowed for the assessment of the framework’s performance in a
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practical setting. Data related to efficiency, accuracy, and usability were collected
and analyzed to monitor the effectiveness of the multi-modal approach.

By following this structured workflow, this research aims to contribute valuable
insights into the integration of multiple sensor modalities for industrial applications,
particularly in assembly tasks involving complex interactions between humans and
machines.

3.2 Project Equipment and Setup

The primary objective of this project is to employ different perception tools to ex-
ecute human-robot collaboration tasks. Main perception sources are decided as
gesture, voice and object pose. To capture these raw sources of information, appro-
priate physical equipment needs to be selected. Table 3.1 illustrates the general
testing equipment that are employed for the test case.

Table 3.1 Table of equipment

Equipment Model
Robot Franka Emika
Camera(Gesture) Intel Realsense D435i
Camera(Object) Intel Realsense D435
Graphic Card GTX 1080ti
Microphone -

Visual perception equipment placements and collaborative robots can be ob-
served in Figure 3.1. As shown in Figure 3.1, the gesture recognition camera was
strategically positioned to ensure a clear and unobstructed view of the human body
from a specific distance, while also avoiding any potential interference from objects,
including the robot. This positioning was crucial to optimize the camera’s field of
view and enable accurate tracking and analysis of human gestures and movements.
The second camera is located on the end-effector of the panda robot facing directly
downward to locate desired objects.
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Figure 3.1 Camera placement for visual perception

All perception scripts are written in Python language. Algorithms consist of
numerous packages, libraries and frameworks including NumPy, Pandas, matplotlib,
OpenCV, PyTorch, Detectron2, vosk, Openposelearner etc.

3.3 Gesture Recognition

3.3.1 Openpose

This project has adopted the Openpose learner method for visual perception. Open-
pose is a COCO 2016 Keypoints Challenge winner real-time multi-person detecting
tool that has the capability of detecting up to 135 persons at once. This detection
could be defined as a skeleton image that includes 18 key points on the body. In or-
der to perform real-time inference on CPU with minimal accuracy loss, a lightweight
version of Openpose is utilized in this paper.

In the open-pose learning method, a neural network performs human pose esti-
mation by extracting features and refining them through several stages. The network
is able to detect 18 types of key points and then group them together based on affin-
ity to form pairs, such as left elbow and left wrist or right hip and right knee. During
inference, the input image is resized to match the network’s input size and padded
to a multiple of 8 (Z. Cao et al. 2017). The overall process can be observed in Figure
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3.2.

Figure 3.2 Openpose algorithm structure.

3.3.2 Gesture Implementation

In the gesture recognition section of sensor fusion, a subset of three key points was
selected from a larger set of 18 key points. Among these 18 key points, right wrist,
left wrist, and neck points are chosen for the analysis. These specific points were
deemed crucial for the research objectives and were identified as relevant anatom-
ical landmarks for the study. By focusing on these points, the project aimed to
capture and analyze pertinent data related to the movement and position of these
key anatomical locations. The logic for selecting these particular points from the
larger set of key points was based on their significance in addressing the research
questions and objectives of the study.

There are certain key factors in placing gesture recognition camera into the
environment. Performance of the gesture recognition algorithm, possible blockages
caused by robot motion and lighting condition of the test environment could be
counted as these potential factors. Moreover, mostly upper part of the human body
could be visible due to the standing position of the operator. On the upper body,
hands and wrists are the most distinctive parts in a way that they could be moved
freely compared to the rest of the upper body. Ultimately, anatomical key points
are selected according to these elements.

In the Python script that is illustrated in Algorithm 1, a pre-trained model
obtained from OpenPoseLearner is loaded, and subsequently, the model inference is
conducted on an input RGB(red, green and blue) image. As a result of the infer
function, key points are generated on the human body and position(X, Y) data are
assigned to key point variables(r,l,m).
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Algorithm 1 Assignment
function callback(data)

image← bridge.from_ros_image(data, encoding =′ bgr8′)

pose_estimator ← LightweightOpenPoseLearner(args)
pose_estimator.download(path = ”.”, verbose = True)

pose_estimator.load(”openpose_default”)

poses← pose_estimator.infer(image)

r ← poses[0][4]

l ← poses[0][7]

m← poses[0][1]

Algorithm 2, also taken from the same script that Algorithm 1, depicts situa-
tional true conditions of wrist and neck key points where they are located in certain
areas(boxes) on the output annotated image. On each iteration, the self.Lock vari-
able is published, along with its current string value.

Algorithm 2 Human Key Point Assignment
if m[0] ̸= −1 then

if m[0] > 0 and m[0] < 600 then
Set self.human_pose to ’Right’

else if m[0] > 600 and m[0] < 1200 then
Set self.human_pose to ’Middle’

else if m[0] > 1200 and m[0] < 1920 then
Set self.human_pose to ’Left’

if r[0] ̸= −1 and l[0] ̸= −1 then
if r[0] > right_box[0] and r[0] < right_box[1] then

if r[1] > yLimit[0] and r[1] < yLimit[1] then
Set self.Lock to ’RIGHT’

if l[0] > left_box[0] and l[0] < left_box[1] then
if l[1] > yLimit[0] and l[1] < yLimit[1] then

Set self.Lock to ’LEFT’
if r[0] > rup_box[0] and r[0] < rup_box[1] then

if r[1] > yupLimit[0] and r[1] < yupLimit[1] then
Set self.Lock to ’CONTINUE’

if l[0] > lup_box[0] and l[0] < lup_box[1] then
if l[1] > yupLimit[0] and l[1] < yupLimit[1] then

Set self.Lock to ’PAUSE’
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3.4 Speech Recognition

3.4.1 Vosk

A partial of a speech recognition implementation named voice jogger1 is utilized as
a means of capturing the user’s vocal commands to direct the actions of the col-
laborative robot. These commands are going to directly affect the robot’s motion.
The implementation is created using Vosk toolkit for automatic speech recognition.
Vosk is a speech recognition toolkit that supports more than 20 languages. Toolkit
can work offline and does not require a heavy computational system in fact it pro-
vides work on lightweight devices such as Android, iOS and Raspberry Pi. Portable
language models are provided for lightweight use cases as well and there are bigger
datasets as well. According to the vosk’s web page, it supports speaker identification
as well. Vosk can be implemented in many areas such as smart home appliances,
research projects, chatbots, virtual assistants etc. When considering practical ap-
plications, Vosk stands out as a prominently favored tool for speech recognition
implementations. Kolobov et al. 2021 compares current speech recognition toolkits
according to their error rate and performance including Vosk.

Figure 3.3 Speech recognition framework

3.4.2 Speech Implementation

Desired commands and useful words are defined in the robot_commander script
connected to the main script. Automatic speech recognition toolkits are not flawless

1https://github.com/spomha/voice-jogger/tree/initial
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for many reasons including user’s pronunciation and algorithm accuracy. Therefore
there can be occasionally misunderstood or misspoken words occurring in the result
terminal. To solve these errors, robot_commander consists of a filtering algorithm
that allows the user to speak naturally instead of giving strict commands. These
commands are published through a ros message to be subscribed by the fusion script.
¨Table 3.2 demonstrates predefined useful commands and their definitions.

Table 3.2 Table of speech commands

Command Description
START PANDA
STOP PANDA
PICK Sends pick command. Usually follows with a tool name
PLACE Sends place command. Usually follows with a tool name
GIVE Sends give command. Usually follows with a tool name
PAUSE Sends pause command. Immediately pauses current action
CONTINUE Sends continue command. Continues the paused action.
MOVE Sends move command. Usually follows with a direction or ’HOME’.

The robot commander script encompasses specific functions that are triggered
upon the detection of certain words in the operator’s speech after undergoing a
filtering process. These functions are responsible for executing and printing the nec-
essary commands accordingly. Algorithm 3 shares a sample Python script example
of how a speech recognition tool is utilized. The algorithm demonstrates one of the
sample functions for a specific command ’place’. In the event of the operator saying
place with a certain tool corresponding function is executed and returns the desired
command to be published.
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Algorithm 3 place_command Function
1: function place_command(words)
2: if length of words ̸= 1 then
3: return None
4: word ← remove and retrieve the first element from words
5: tool_select ← self.all_words_lookup_table.get(word, ”)
6: if tool_select /∈ [’ROD’, ’BOLT’, ’UP’, ’DOWN’] then
7: raise ValueError(’Command: ’ + tool_select + ’ not valid command

for gripper tool. Valid commands are ROD and BOLT.’)
8: return [’PLACE’, tool_select]
9: except Exception as e:

10: print(’Invalid tool command. ’ + e)
11: return None

3.5 Object Detection

This node detects trained objects and their corresponding positions and orientations
information according to the camera link. This information is converted to grasp
pose messages for the panda robot. The object detection node is subscribed to
camera RGBD data. This indicates that the detection of the object also includes
depth values. The pre-trained model contains certain engine parts such as rods,
bolts, assembly holes, etc. demonstrated in Table 3.3.

Table 3.3 Table of objects and functions

Object Function
PushRod PICK and GIVE
Bolt PICK and GIVE
RockerArmObject PICK and GIVE
Engine -
Big_PushRodHoles PLACE
Small_PushRodHoles PLACE
BoltHoles PLACE

Pose messages of the tools such as rods, bolts and rocker arms are defined and
assigned to certain action goal message types. As a result of object detection call-
back, tools are found by their category names and their poses are fetched according
to the categories in the sensor fusion script.
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(a) (b)

Figure 3.4 Diesel Engine Part Annotations

3.5.1 Annotation

Creating labeled datasets for machine learning and artificial intelligence (AI) ap-
plications becomes simpler and more rapid with the help of the open-source data
labeling and annotation tool known as Label Studio(Tkachenko et al. 2020). Due
to its adaptability, agility, and user-friendly design, this AI and machine learning
tool, created by Heartex Inc., has grown in popularity.

In the context of this thesis, the process of annotating test case objects is accom-
plished through the utilization of Label Studio. To provide a visual representation
of these annotations, Figure 3.4 illustrates examples of annotated test case objects.

3.5.2 Augmentation

The phrase ”data augmentation” describes techniques for building iterative opti-
mization or sampling algorithms by including latent variables or unobserved data(Dyk
and Meng 2001). Data augmentation is crucial for overcoming the limitations of data
samples, especially image data collection. In image augmentation technique, various
transformations are applied to the training image in order to get similar but mod-
ified versions of the original image. This upgrades the quantity of the data which
causes an enhancement in the generalization and robustness of machine learning
models. Albumentations(Buslaev et al. 2020) is another open source library that
offers primarily image augmentation services for computer vision tasks.

Figure 3.5 provides a visual representation of augmentation examples, show-
casing the powerful capabilities of the Albumentations library in diversifying and
enhancing the training data for machine learning models.
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(a) Figure A (b) Figure B

Figure 3.5 Diesel Engine Part Augmentations

3.5.3 Two-Stage Detector

Modern computer vision models can be created and trained using the open-source
Detectron2(Y. Wu et al. 2019) deep learning framework, which was created by Face-
book AI Research (FAIR). It is the Detectron framework’s successor and is frequently
used in research and the development of numerous computer vision problems, such
as object detection, instance segmentation, and panoptic segmentation. Detectron2
is built on Pytorch. This creates a big opportunity to users to utilize the power of
Pytorch in the project processes.

There are two critical key factors that Detectron2 offers in its architecture,
regional proposal network(RPN) and feature pyramid network(FPN). Figure 3.6
presents a comprehensive architectural overview, with detailed insights into the de-
signs of RPN and FPN. The main goal of FPN is to deal with the difficulty of
handling features or objects at various scales within an image. By integrating fea-
ture maps from several levels of a backbone network (often a deep CNN like ResNet
or VGG), FPN constructs a feature pyramid. The feature pyramid has several lay-
ers, which are commonly designated as P2, P3, P4, P5, etc. Each level represents a
collection of feature maps with different levels of spatial resolution.

RPN is a key component of the Faster R-CNN detection architecture. RPN’s
duty in object detection is creating region proposals or candidate bounding boxes
in an image that possibly includes objects. RPN operates with small sets of anchor
boxes that are sliding over the feature maps. These anchor boxes have different scales
and aspect ratios. Anchors act as potential object locations and they are located
at different positions in the feature maps. Next step is predicting if these anchor
boxes contain any object or not. This step is referred to as ”Objectness” during
which the RPN assigns probability values to the anchor boxes based on whether
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they potentially contain an object or not. After the classification and regression
phase, non-maximum suppression step comes and eliminates possible redundant
and duplicate proposals. This action affects region proposal quality positively.

Figure 3.6 Detectron2 Architecture

3.6 Robot Control

3.6.1 Collaborative Robot

The test cases employ the Panda collaborative robot model, which is a 7-degree-
of-freedom robotic system developed by the German company FRANKA EMIKA.
Panda is classified as a cobot. This indicates that panda is built with certain safety
features that will allow humans to work alongside them without requiring any heavy
protective precautions. Nowadays Panda is being used in several areas such as manu-
facturing, laboratories, small-batch production and research. For research purposes,
franka emika also provides franka research version of panda which is also employed
in this paper.

Panda offers the ability to program and connect with external sensors, and its
latest version permits direct control. As the programming language, many of the
low-level control components, drivers, and interfaces for the Panda Robot are often
developed in C++. Furthermore, Franka is also allowing ROS(Robotic Operation
System) integration for the Panda robot. ROS supports both C++ and Python,
allowing to create nodes and packages in both C++ and Python to interact with
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the Panda Robot. Additionally, a motion planning framework called Moveit! is
generally equipped in ros implementations of Panda. Given this information panda
robot control structure could be explained as:

libfranka: C++ implementation of client part of Franka Control Interface(FCI).
frankaros: The franka ros meta package integrates libfranka into ROS and ROS

control.
panda_moveit_config: Moveit! implementation of Franka robot. Includes robot

motion utilities which is primarily used for the test cases

3.6.2 Control

Based on this structure, a robot controller on Moveit! has been created including
necessary commands such as pick, place, give etc. for real-life test scenarios. The
algorithm depicted in Figure 3.7 illustrates the controller mechanism.

An example of a robot controller script, written on MoveIt! platform with Python
language could be observed in Algorithm 4. In this low-level controller, necessary
robot actions such as pick, place and give are defined. For practicality, there are also
combinations of these actions as (pick_and_place), (pick_and_give). Moreover, the
controller also includes stop and continue actions, depending on gesture recognition
output.

Algorithm 4 gesture_pause Function
1: function gesture_pause(words)
2: if msg.data = PAUSE then
3: self.stop_action()

4: self._pause← True
5: if msg.data = CONTINUE then
6: self.resume_action()

7: self._pause← False

3.7 Multi-modality and Fusion

There are three types of inputs constantly feeding the perception system, RGB
image, RGBD(red, green, blue and depth) image and audio. RGB image input is
being processed in a pose estimation tool. RGBD image shows the environment
that contains engine parts. The object detection tool utilizes this RGBD image to
create grasp poses for the Panda Robot. On the other hand speech recognition tool
is processing the audio data. Outputs of these tools are gathered in the fusion script
via ros messages. The task of this fusion tool is to create the necessary command
that the end user requested. These commands could be; pick, place, give, pause,
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continue, go to the home position, etc. A brief visualization of the algorithm can be
observed in Figure 3.8.

Figure 3.8 Algorithm structure.

Utilizing multiple sensors creates an opportunity to design a variety of imple-
mentations. Employing and fusing sensors into robot tasks distinctively brings up
these implementations. Based on the algorithm explained in Figure 3.8, this paper
represents these varieties of implementation into two subsections:

• Sensor Multimodality: This section includes using multiple sensors without
the requirement of returning one command to the robot controller. Sensors
in this case may act on the same action such as motion interrupts providing
assurance on sensor redundancy.

• Sensor Fusion: Sensors are combined and one single command is returned to
the robot controller. This indicates an action combination of the employed
sensors.

Table 3.4 Implementation Approaches

SM SF
Gesture Recognition Robot Interruption Pointing object
Object Detection Object detection Object detection
Speech Recognition Execute Robot Action Execute Robot Action
Sensor Redundancy Yes - Robot Interruption Yes - Robot Interruption

In the example, voice, gesture, and object detection callbacks are constantly
publishing ros messages. In the event of a command coming from speech recog-
nition callback, for example, pick a rod, voice_callback function executes sending
the requested action to the robot controller. As it is stated in the Algorithm 5,
primarily certain robot control servers are initialized. Then depending on giving a
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keyword command, the corresponding robot control function is activated. Further-
more, ”rodct” variable is utilized as a simple counter to keep track of picked parts
in order to prevent overlapping placing points. Since there are a certain amount of
holes in a diesel engine and the order of using these holes is inconsequential in the
test case, the method of counting pick actions and increasing the counter to assem-
ble each part to the next hole is selected. Due to physical complexity, panda robot
cannot pick and place a rocker arm on the diesel engine. This specific action requires
another type of human robot collaboration named handing over which brings up the
give and pick_and_give function that is explained in Section 3.6.2. Furthermore,
in the case where a tool other than a rocker arm is selected, an opportunity arises
to transfer it to the operator utilizing the ”give” function.

Algorithm 5 Sensor Fusion
1: if msg[0] = PICK then
2: if msg[0] ̸= ROD then
3: return None
4: print Picking rod
5: call pick_and_place_client.pick(rod_pose)
6: placement← rodct
7: rodct← rodct+ 1

8: if msg[0] = GIVE then
9: if msg[1] = ROCKER then

10: print Handing over
11: call pick_and_place_client.pick_and_give(rocker_pose,hand_over)
12: else
13: print Handing over
14: call pick_and_place_client.give(hand_over)
15: if msg[0] = PLACE then
16: check placement
17: call pick_and_place_client.place(engine_hole_placement)
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4 Results
The results chapter discusses the overall performances of each perception tool and
the fusion tool. Performance outputs include test case scenario video links. Addi-
tionally, there are FPS, delay and accuracy values presented for each tool.

This paper focuses on the investigation of multi-modal perception in the context
of a pick-and-place robot task. Specifically, the task involves the assembly of push
rods, bolts, and rocker arms onto an engine. Visual recognition cameras are located
in the assembly environment strategically. The overall environment for this task,
which includes the collaborative robot, sensor cameras, various parts and the engine
top case, is depicted in Figure 4.1.

Figure 4.1 Test-case scenario environment.

4.1 Visual Recognition Performance

This section offers practical results of gesture recognition and object detection tools.
Visual tools that are explained in Section 3.3 and 3.5 are tested with the project
camera in certain resolutions.
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4.1.1 Performance of Gesture Recognition

For testing and implementing purposes, left hand wrist, right hand wrist and neck
key points are taken into account and each key point is assigned to a specific function.
While neck key point indicates an operator’s lateral position in the environment, left
and wrist key points act to pause and continue the robot action. There are three
predefined regions on the camera frame for neck key point. The robot executes hand
over action of any part depending on the region operator(their neck key point) is
located. This functionality is designed for scenarios where operator is not located in
the usual (middle) position such as working on the engine. During the experiments,
when operator is not located in the desired region neck key point assisted the al-
gorithm in specifying operator’s location for the handing over of objects. It is safe
to say that this function minimizes possible extra efforts and ensures a continuous
workflow. Skeleton key point detection performance is given in original source (Z.
Cao et al. 2017). In the engine test scenario, wrists and neck key point accuracy
has been measured manually. Table 4.1 illustrates the detection results with their
corresponding accuracies.

Table 4.1 Implementation Approaches

Frame Count Detected Frames Accuracy
Pause 480 437 91.0
Left Pointing 490 449 91.6
Right Pointing 515 453 90.2

During the individual tests, gesture recognition node’s frame per second(FPS)
and frame delay values are also measured. During the test, the node achieved
an average frame rate of 25 fps, with a frame delay of 41.6 milliseconds with an
image size of 1920x1080. These results suggest that while the gesture recognition
node demonstrates satisfactory performance, it appears that some frames are being
lost during the visual perception process. This loss could be connected to various
reasons such as the computing speed of the processors, the way that node is coded,
physical camera properties etc. It is important to note that those frames that are
lost (approximately 4-5 frames each second) are not considered in the accuracy
calculations.

Figure 4.2 demonstrates image outputs of gesture recognition. The initiation
of stop motion is triggered by the activation of the right hand wrist (handRight),
positioning it within the confines of the top right box. Correspondingly, the left
hand wrist (handLeft) perpetuates the ongoing motion of the robot. The regions
mentioned before are not visible on image output in order to keep image output
coherent. However, it is quite clear to see operator’s current location on the neck
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key point.

(a) (b)

Figure 4.2 Gesture Recognition Image Output

4.1.2 Performance of Object Detection

Object bounding box and mask segmentation outputs are published and utilized in
object detection modality. These outputs could be observed in Figure 4.3. Figure
4.3 includes physical tools, holes and engine detection. These objects are surrounded
with bounding boxes which also include various information about the objects such
as their center points. Specifically, yellow bounding boxes indicate rocker arms,
while blue ones represent rods. To ensure that the detected objects can be picked
from the table and that pointing gestures can reference the same object in both cam-
era frames, careful calibration of both cameras is employed. The detection accuracy
for all object classes exceeds 90. During the experiments, the object detection node
successfully transferred these valuable data to robot controller. Even though detec-
tions on the engines are not utilized, it is clear to see that detections are adequately
successful to be used in the future. Additionally, object segmentation mask is given
in Figure 4.3(b).

(a) (b)

Figure 4.3 Object Detection Output
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4.2 Speech Recognition Performance

In the test cases, speech recognition is utilized for commanding collaborative robots
to execute certain tasks such as picking, moving, and giving. During each test case
scenario, predefined command keywords that can be found in Table 3.2 are utilized.
Due to the performance of the tool kit depending on the operator’s pronunciation as
well, the performance of the speech recognition is calculated manually. Each com-
mand was repeated 100 times consecutively without interrupting the tool. Among
these commands, the instruction ”pick rod” achieved the highest detection rate at
95 percent, while the command ”give me rocker arm” had the lowest recognition rate
at 89 percent. It is important to bear in mind that the speech recognition method is
tailored with a filtering system that includes a correction dictionary where possible
misspoken words are matched with the desired command word. This means, for
example, the word ”rod” is sometimes recognized as ”road” or ”root”. Addressing
these possible misassumptions to the correct command boosts the accuracy of speech
recognition critically.

4.3 Sensor Fusion and Multi-modality Performance

Sensor fusion contains both gesture recognition, object detection, and speech recog-
nition tools. As it is explained in Section 3.7, sensor fusion is controlling the overall
motion of the robot. Since experiments include more than one sensor output, the
precision of the approaches are manually observed by attempting experiment sce-
narios.

The experiments aimed to evaluate the efficiency and effectiveness of this col-
laborative approach, where the human and the robot worked together seamlessly to
assemble the engine. The sensor fusion and multi-modality approaches, which likely
included a combination of verbal instructions, non-verbal gestures and detection of
objects played a crucial role in facilitating communication and task coordination
between the two entities during the assembly process.

4.3.1 Sensor Multi-modality Performance

The experiment environment contains the necessary experiment equipment depicted
in Table 3.1. Moreover in order to apply test case scenarios, an engine head for
assembly, four push rods and four rocker arms are placed on the experiment table.

In the given scenario, there are a total of 16 command actions. Out of these, 8 are
”pick” actions, while 4 are ”give” actions, and the remaining 4 are ”place” actions.
Notably, the ”give” actions were executed with the greatest speed, taking only 1.5
seconds each. On the other hand, the ”pick” and ”place” actions were comparatively
slower due to the implementation of safety measures, including velocity reductions
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during both the picking and placing phases. As a result of these actions, the entire
scenario was successfully completed within a total duration of 6 minutes.

Figures 4.4 include screenshot moments from the sensor multi-modality exper-
iment video. The camera employed in the experimental setup primarily serves the
purpose of capturing the test case and its surrounding environment, rather than ac-
tively participating in the experimental procedures or data collection. Figure 4.4(a)
and Figure 4.4(b) show the robot handing over a tool to the operator on different
operator positions. Figure 4.4(c) indicates a stopping example via gesture. Finally
robot is stopped by voice command in Figure 4.4(d) where the operator is not in the
gesture detection camera focal range. Video link1 below demonstrates robot control
with a sensor fusion tool.

1https://youtu.be/wTCmxbjiZss
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(a) Giving a rod object

(b) Giving a rocker arm when operator is another
position

(c) Robot is paused for physical check

(d) Robot performs assembly of rod

Figure 4.4 Sensor Multi-modality Use Case
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4.3.2 Sensor Fusion Performance

Sensor fusion experiment shares an identical environment setup with the sensor
multi-modality example, with the only variation being a reduction in the number of
engine objects to two. This alteration is made to facilitate the utilization of pointing
gestures.

Extended experiments were conducted to evaluate the effectiveness of the co-
speech tool in a collaborative assembly scenario. This scenario involved both a
human and a robot working together to complete various assembly steps on an
engine. These assembly tasks included attaching components to the engine, and
there was a division of labor between the human and the robot.

In the described scenario, there are a total of 8 command actions, which consist
of 4 ”pick” actions, 2 ”give” actions, and 2 ”place” actions. Notably, the duration of
these actions were similar to those observed in a multi-modality scenario, indicating
that the use of pointing gestures did not cause any additional delay. Consequently,
the entire scenario was successfully completed within a total duration of 4 minutes.

Figures 4.5 demonstrate screenshot moments from the sensor fusion experiment
video. Figure 4.5(a) and Figure 4.5(b) show the operator pointing towards a tool
for picking or giving robot actions. Robot executes a picking action depending on
the operator’s pointing gesture and voice command which results in two possible
picking scenarios. In this scenario robot halts the robot via voice commands. An
example experiment video can be accessed via video link2.

2https://youtu.be/JJx1i3YOGi4
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(a) Operator pointing to the object on the right.

(b) Operator pointing to the object on the left.

Figure 4.5 Commanding robot with sensor fusion, human gestures and voice
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5 Discussion

5.1 Limitations

Even though project goals are mostly accomplished, there are certain limitations
that cannot be neglected. While some of those limitations are not crucial and easily
adaptable, some limitations are highly prominent and must be considered before
acting on an industrial level. The limitations in this paper could be divided into
two; environmental complications and integration restrictions.

5.1.1 Environmental Complications

The first limitation when we look from an environmental aspect is the location where
test cases are conducted. All performance tests and fusion test case scenarios are
conducted in a research laboratory. This indicates there will be certain differences
when it is compared to a factory line. In the context of test case scenarios, the
engine top case is placed upon the assembly table alongside the initial assembly of
the panda robot. However, it is important to note that these replacement preferences
may vary among other entities. Secondly, due to physical properties of the table,
definite number of objects could be placed on to execute robot actions. As it can
be seen in Figure 5.1, with the presence of engine top case there is a limited area
that objects can be replaced.

Figure 5.1 Illustration of a Deficiency in the Workspace.
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5.1.2 Integration Restrictions

The operator has to be in the camera range in order to be detected by the gesture
detection camera. Moreover, stop and continue actions are only available when
operator’s wrist is in certain artificial boxes on the image. This requires the operator
to be static position if a gesture pause is desired to be used.

Franka Panda is operable on a computer with a real-time kernel. Briefly, A
real-time kernel is a type of software that effectively handles the timing of a mi-
croprocessor to optimize the processing of time-sensitive tasks. On the other hand,
the graphic card that runs the perception tools in this paper is not compatible with
this technology. In this scenario, it is necessary to divide the tasks between two
computers. One computer will be responsible for robot control, while the other will
handle perception-related tasks.

Although the object detection node is capable of detecting engine block and
assembly points such as holes, this paper did not cover assembly hole detection in
test cases due to the complexity of the environmental condition including object
detection camera range, and low-level robot control problems. While these issues
are not invincible, the decision to not focus on predefined placing points for assembly
holes was not considered a critical failure, as the engine block is assumed to remain
stable during the assembly process.

Sensor fusion where the operator is pointing toward objects is restricted to only
a number of two items per object type indicating left and right. Since gesture
recognition and object detection modalities are running individually, the current
fusion structure does not provide an overlapping sequence. That means it is not
possible to point towards a certain object in this perception system. As it is stated
in Section 3.3.2, pointing works in a way that an operator’s wrist is located on a
fixed digital box. Objects are being picked depending on this localization.

5.2 Future Work

The outcomes of this research paper indicate that deploying deep learning-based
perception models in a multi-modal manner is feasible. Furthermore, this approach
can be effectively implemented in robotic environments, resulting in reliable de-
tection capabilities and successful human-robot collaboration. It is clear that the
initial steps of future work will be handling the complications in Section 5.1. In
order to create fully autonomous HRC and minimize pre-definitions, the engine and
its assemble point detection will be taken into account. This will create new vari-
ations of options on the assembly. Utilizing more than one sensor in human-robot
collaboration assures a safer and more efficient environment as it is shown in this
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paper. Furthermore, as part of future plans, there is a focus on optimizing the multi-
modal approach and applying it to various industrial tasks. This endeavor aims to
maximize industrial success through the efficient utilization of these techniques.
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6 Conclusions
Robotic perception is a broad and multifaceted field encompassing various ap-
proaches. In this research endeavor, we embark on a comprehensive exploration of
the most prevalent perception methodologies, and in doing so, an innovative fusion
solution tailored to the complexities of multi-modality is presented. The cornerstone
of our study lies in the utilization of three primary raw data sources: audio data,
RGB images, and RGBD images.

The proposed fusion framework is a holistic approach with multiple perceptual
dimensions. It integrates object detection, human gesture recognition, and speech
recognition techniques. These components represent the crucial elements of human-
robot interaction—allowing a robot not only to understand and interact with its
environment but also to interpret human inputs effectively. To make sure this
approach works efficiently, each perceptual component is tested individually and
within the sensor fusion framework as well.

In the culmination of this study, sensor fusion, and multi-modality framework are
applied in an industrially relevant test case scenario. The ’pick and place’ operation
within a diesel engine assembly environment was specifically chosen as the context
to evaluate the framework. This challenging scenario is a testament to the real-world
applicability and versatility of our sensor fusion approach.

It is noteworthy that the experiments showed promising results. Each perceptual
tool, be it audio-based, image-based, or depth-enhanced, demonstrated commend-
able performance, showcasing the potential of sensor fusion to enhance human-robot
collaboration across industrial settings.

Nonetheless, it is vital to approach our findings with a discerning eye. As high-
lighted in Section 5.1 of this paper, it is identified that certain limitations are inher-
ent to the study. These limitations, though not undermining the overall significance
of the research, point toward avenues for future exploration and refinement. Ad-
dressing these challenges head-on will contribute to the maturation of sensor fusion
in the realm of robotic perception and facilitate its seamless integration into a wider
spectrum of applications.

In conclusion, this study represents a significant step forward in the realm of
robotic perception and sensor fusion. This thesis underscores the capabilities of
integrating multiple modalities to create a richer and more accurate understanding
of the environment in which robots operate. Moreover, our successful experimenta-
tion in an industrial context underscores the practicality and relevance of the sensor
fusion approach. As we continue to advance the boundaries of human-robot col-
laboration, this work serves as a testament to the potential of sensor fusion and
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acknowledges the need for ongoing exploration and refinement.
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