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Abstract

This thesis focuses on gesture-based interaction, an important topic of Human-
Computer Interaction, within the context of extended reality environments. Recent
advancements in sensing technologies, computational power, and extended reality
platforms have significantly increased the interest in gesture recognition research.
Despite this progress, several challenges remain, including the continuous and ac-
curate detection of gestures and the development of systems capable of real-time
adaptation and robust performance in diverse contexts. To address these issues, this
work provides a comprehensive review of the state-of-the-art in continuous gesture
recognition detection, analyzing the methods proposed, identifying their strengths
and limitations and discussing the problems related to their evaluation, providing
an analysis of all the publicly available benchmarks.

The thesis also introduces novel methods for skeleton-based continuous hand
gesture detection and a novel benchmark for evaluating the task, including het-
erogeneous gestures designed to interact with extended reality applications. The
novel methods integrate multi-task learning and enhanced feature extraction. The
results obtained on our benchmark show that our methods outperform state-of-the-
art techniques in terms of detection accuracy and number of false positives. These
contributions provide a bridge between theoretical advancements and practical im-
plementations, highlighting the transformative potential of gesture recognition in
real-world scenarios. Additionally, data augmentation techniques were introduced to
enhance the robustness and adaptability of recognition systems. The gesture recog-
nition methods developed have been demonstrated practically in industrial extended
reality environments, showing how gesture-based interaction can improve user ex-
perience, operational efficiency, and workflow design. The outcomes of this work
contribute to the understanding and development of gesture-based interaction, set-
ting a foundation for future research. Key directions for further exploration include
addressing scalability challenges, improving adaptability to diverse users and envi-
ronments, and deepening the integration of human-centric factors to fully realize the
potential of gesture recognition in extended reality and beyond.






Abstract (Italian)

Questa tesi si concentra sull’interazione basata su gesti, un tema importante
nell’ambito dell’interazione uomo-computer, nel contesto degli ambienti di realta
estesa. I recenti progressi nelle tecnologie di rilevamento, nella potenza di calcolo e
nelle piattaforme di realta estesa hanno significativamente aumentato 'interesse nella
ricerca sul riconoscimento dei gesti. Nonostante questi progressi, permangono diverse
sfide, tra cui il rilevamento continuo e accurato dei gesti e lo sviluppo di sistemi
capaci di adattarsi in tempo reale e garantire prestazioni robuste in contesti diversi.
Per affrontare queste problematiche, questo lavoro offre una revisione completa dello
stato dell’arte nel riconoscimento continuo dei gesti, analizzando i metodi proposti,
identificandone i punti di forza e le limitazioni, e discutendo i problemi legati alla
loro valutazione, fornendo un’analisi di tutti i benchmark pubblicamente disponibili.

La tesi introduce inoltre nuovi metodi per il riconoscimento continuo di gesti
manuali basati su scheletri e un nuovo benchmark per valutare questo compito, in-
cludendo gesti eterogenei progettati per interagire con applicazioni di realta estesa.
I nuovi metodi integrano ’apprendimento multi-task e un’estrazione delle caratter-
istiche migliorata. I risultati ottenuti sul nostro benchmark dimostrano che i nostri
metodi superano le tecniche all’avanguardia in termini di accuratezza del rilevamento
e riduzione dei falsi positivi. Questi contributi rappresentano un ponte tra i pro-
gressi teorici e le implementazioni pratiche, evidenziando il potenziale trasformativo
del riconoscimento dei gesti in scenari reali. Inoltre, sono state introdotte tecniche
di data augmentation per migliorare la robustezza e ’adattabilita dei sistemi di ri-
conoscimento. I metodi sviluppati per il riconoscimento dei gesti sono stati dimostrati
praticamente in ambienti industriali di realta estesa, mostrando come l’interazione
basata su gesti possa migliorare ’esperienza dell’utente, I'efficienza operativa e la
progettazione dei flussi di lavoro. I risultati di questo lavoro contribuiscono alla
comprensione e allo sviluppo dell’interazione basata su gesti, ponendo le basi per
ricerche future. Tra le principali direzioni di esplorazione vi sono ’affrontare le sfide
di scalabilita, migliorare ’adattabilita a utenti e ambienti diversi, e approfondire
I'integrazione di fattori centrati sull’'uomo per realizzare pienamente il potenziale
del riconoscimento dei gesti nella realta estesa e oltre.
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Chapter 1

Introduction

Human-Computer Interaction (HCI) studies how designers create interactive computer sys-
tems and how end users interact with those systems. It focuses on understanding the re-
lationship between humans and computers, aiming to enhance how they communicate and
work together. With the advancement of computing devices and related technologies, HCI
has become an integral part of daily life [18], encompassing activities like work, shopping,
and communication. While graphical user interfaces that rely on physical input devices
(e.g., mouse and keyboard) remain the most common, new interaction methods continue
to emerge. The next generation of HCI should be human-centered, deviceless, and intelli-
gent, requiring new interface paradigms, innovative user interfaces, and advanced interaction
methods.

Human interaction involves multiple aspects, including language, body movements,
and emotional expression. One such aspect is hand gestures, which are often used during
communication to draw attention and convey messages. People naturally use their hands
to perform actions like grasping, moving, and rotating objects in everyday life. Gestures
serve as a way for individuals to express their intentions. They are the most used form of
non-verbal communication, so it is reasonable to rely on them to build intuitive and natural
computer interfaces [19].

Given the natural use of gestures in everyday human interactions, gestural interaction
is expected to become a popular option to interact in Extended Reality (XR) [20], and is
already present in a variety of applications, such as Virtual Reality (VR) and Mixed Reality
(MR) [21], industrial environment [22], automotive interfaces [23] and multimedia [24,25]
control, public kiosks [26], making it possible to interact with computers naturally without
the need for input devices. The growing adoption of gestural interaction is made possible
by advances in tracking technologies. Recent headsets now feature accurate finger-tracking
capabilities [27,28], while reliable software tools can perform real-time tracking of body limbs
or fingers from RGB (D) streams [29]. Consequently, capturing a continuous stream of hand
skeleton poses enables the recognition of diverse gesture types, leading to the development
of skeleton-based continuous hand gesture recognition methods in recent research [30-34].

Another reason for the increasing popularity of gestural interfaces across diverse do-
mains is driven by advancements in gesture recognition technologies. Gesture recognition is
a technique that translates human gestures, such as hand or body movements, into labels
that can be used as input commands. For instance, in gesture recognition systems, move-
ments like raising a hand, swiping, or pointing can be used to scroll a webpage, navigate
a menu, or control a virtual object. It relies on sensors, cameras, or other input systems
to track human movements. Gesture recognition faces several challenges, particularly when
it comes to capturing the full complexity and variability of human movements. One of the
main challenges of 3D gesture recognition is to create approaches that are able to handle
the large variety of gestures present in a heterogeneous dataset. The recognition is also chal-
lenging because movements in 3D space involve varied paths, speeds, and directions, making
accurate tracking and interpretation tricky for each gesture. Furthermore, gestures can differ
widely between individuals in style and physical traits [35], and even vary from one instance
to another by the same person due to fatigue, time pressures, or body position.
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In XR applications, gestures must be recognized in a continuous stream rather than as
isolated instances, which requires temporal segmentation and characterization of non-gesture
movements [36,37]. This recognition can be achieved through a sliding window approach
or separate segmentation modules, though this is complicated when dealing with diverse
gesture types. The sliding window approach continuously classifies fixed or variable-sized
gesture segments using methods trained to distinguish gesture subparts from "non-gesture"
windows [38-40]. However, the literature reveals that most algorithms are not designed to
detect and recognize gestures in a continuous data stream; instead, they mainly address
the classification of already segmented gestures. This focus does not take into account the
more complex challenge of gesture recognition in continuous time, which is essential for
real-world applications where gestures must be detected and classified in real-time with
minimal delays and errors. Many widely used benchmarks for evaluating gesture recognition
methods offer datasets of segmented gestures for training and testing algorithms, assessing
classification accuracy. Examples include VIVA [41], DHG 14-28 [42], SHREC’17 [43], and
Jester [44]. Notably, the segmented classification approach remains significantly more pop-
ular even for benchmarks like EgoGesture [36] that provide both continuous and segmented
gesture recordings. This fact is also surprising because when an algorithm has to recognize
a gesture in a practical scenario, it should be able to distinguish a gesture performed among
nonsignificant hand movements in real-time. For this reason, gesture recognition methods
to solve the so-called "continuous" or "online" gesture recognition problem require event
detection in the input stream, segmenting and classifying the gestures correctly, providing
feedback with low latency, and minimizing recognition errors to avoid activating unwanted
actions. In some applications—such as XR gaming or controlling robots in hazardous envi-
ronments—recognition delay can be a significant issue. Offline benchmarks are not suited
for evaluating these delays, as they do not allow comparison between the actual gesture
start /end times in the ground truth and the algorithm’s detected times. Evaluating contin-
uous gesture recognition is complex, and all these aspects should be considered, not just
classification accuracy. Unfortunately, as discussed in Chapter 2, most existing surveys do
not focus on continuous gesture recognition. As a result, they are not helpful for interaction
designers looking to develop gesture-based user interfaces. In any context, gestures have to
be detected and classified within a continuous stream of hand movements that can be cap-
tured by cameras or other sensors. Affordable sensors/APIs are available to enhance different
applications with this data. MR headsets like Meta Quest 3 or Hololens 2 are equipped with
sensors that are able to accurately track the hands’ joints, capturing finger poses at high
frame rates.

While gesture recognition has been extensively studied, most existing approaches focus
on classifying pre-segmented gestures rather than recognizing them in continuous streams.
This limitation poses a challenge for real-world applications where gestures must be detected
and classified in real-time with minimal errors and delays. Given this research gap, develop-
ing an additional benchmark that accounts for the specific challenges of continuous recogni-
tion was necessary. Furthermore, existing methods from the literature had to be adapted to
achieve reliable results across key performance metrics essential for continuous gesture recog-
nition. This thesis addresses these challenges by proposing two novel approaches designed
to improve the accuracy and robustness of gesture recognition in continuous settings.

In this work, it will be presented and discussed suitable approaches to
build 3D natural interfaces for XR applications that work in continuous time
and use reliable recognition methods (these approaches must commit a low amount
of errors and have a real-time latency) of mid-air heterogeneous hand gestures as a
fundamental input.

To better understand these challenges and the solutions proposed, this thesis presents
a literature review Chapter 2 that provides a comprehensive review of the state-of-the-
art research in gesture recognition, its associated technologies, and their integration into
practical applications. Following the review, the Benchmarks Chapter 3 discusses the cre-
ation and evaluation of the SHREC22 benchmark, which serves as an evaluation platform
for gesture recognition algorithms. Chapter 4 introduces two approaches, STRONGER and
OO-dMVMT, developed to address the limitations identified in existing methods. Finally,
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the Data Augmentation Chapter 5 outlines various strategies to generate synthetic data,
and the Demo and Applications Chapter 6 showcase real-world use cases, such as a Cyber-
Physical Factory, illustrating the potential of these systems in industrial settings. The paper
concludes by summarizing the key findings and discussing future research directions Chap-

ter 7.






Chapter 2

State of the art in Continuous Gesture Recognition

In recent years, significant efforts have been dedicated to the field of gesture recognition,
driven by the increasing demand for natural and intuitive human-computer interaction.
While substantial progress has been made, most of the existing research primarily focuses
on the classification of segmented gestures, where each gesture is isolated and identified
individually. However, there remains a critical need to advance recognition techniques that
operate effectively on continuous gesture streams, where gestures are performed without
clear separations.

This chapter is adapted from [17] and provides a comprehensive overview
of the current literature on gesture recognition. The review begins with an explo-
ration of gesture recognition surveys (Section 2.1), summarizing existing efforts to map the
field and identify trends in methodology and application. In Section 2.2 then are discussed
input modalities and data stream encoding for gestures, addressing the diverse ways gesture
data can be captured and represented. Next, the taxonomy of hand gestures and gesture
dictionaries is presented in Section 2.3. A structured classification of gestures helps stan-
dardize their definition, enabling consistent use across studies. Gesture dictionaries play a
pivotal role in training and evaluating recognition systems, particularly when dealing with
heterogeneous and application-specific gestures. The discussion proceeds to benchmarks and
evaluation metrics (Section 2.4), focusing on the datasets and metrics used to assess gesture
recognition systems. Gesture online benchmarks are then analyzed in detail in Section 2.5,
emphasizing their importance for real-time and continuous gesture recognition scenarios..
In addition, the role of data augmentation in gesture recognition is explored in Section 2.6.
Augmentation techniques are crucial for enhancing the robustness and generalization ca-
pabilities of recognition systems, particularly when training data is limited or imbalanced.
Finally, the chapter concludes with a discussion on the integration of XR technologies with
cyber-physical factories and digital twins (Section 6.2), showcasing how gesture recognition
is increasingly being applied in complex, real-world environments. This section highlights
the synergies between XR technologies, digital twins, and gesture recognition, underscoring
their transformative potential in Industry 4.0 and 5.0 contexts.

2.1 Gestures Recognition surveys

Several surveys on hand gesture recognition analyze existing literature, offering varying
levels of detail and focus. These surveys address aspects such as acquisition techniques,
segmentation, gesture taxonomies, and application domains, reflecting the diverse challenges
in the field.

The most cited survey is by Mitra et al. [45], which covers body and face recognition
methods, with a limited focus on hand gestures. While it offers a clear definition of the
problem, it does not discuss gesture taxonomies or benchmarks. Furthermore, the recognition
methods discussed are now largely outdated, as the paper was published in 2007.

A noteworthy yet old survey on 3D gesture recognition was conducted by LaViola [46].
This work reviewed state-of-the-art sensor technology for capturing hand and body move-
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ments up to 2013 and presented classification methods and future research directions. While
it is comprehensive of many research challenges, it lacks discussions on benchmarking con-
tinuous gesture recognition, and the methods reviewed are no longer used in the literature.

Rautaray et al. [47] provided a survey focused on vision-based gesture recognition,
highlighting various application domains and related platforms and frameworks. They also
reviewed existing commercial products for gesture tracking but did not explore validation
processes or benchmarks in depth.

Anthes et al. [48] offered an overview of technologies developed for virtual reality,
including precise hand joint tracking. Their work introduced the impact of input-output
devices on gesture recognition and provided insights into gesture taxonomies. Although it
mentioned the issue of 3D gesture datasets, it did not address continuous gesture recognition
evaluation or relevant datasets, with methods now considered outdated.

Kakkoth et al. [49] focused on real-time hand gesture recognition, categorizing gestures
into dynamic and static types and organizing detection methods into sensor-based, vision-
based, and depth-based. Their survey includes a comparative summary of these technologies
but lacks any discussion on benchmarking or continuous recognition.

Escalera et al. [50] presented an overview of challenges in multimodal gesture recog-
nition. As organizers of several contests in the multimodal gesture and action domain, they
discussed the outcomes of these events in this work, analyzing the existing datasets and eval-
uation metrics. Although the focus of the contests differed from continuous gesture recog-
nition, this survey introduced a taxonomy of gesture recognition issues that has influenced
subsequent research. Despite this, the methods discussed are used in contests organized from
2011 to 2015 that are now outdated, and there is limited emphasis on benchmarking.

Gu et al. [51] offered a survey focused primarily on action recognition, with an inter-
esting emphasis on evaluating neural network models. While informative about recognition
methods, the evaluation methods discussed are not suitable for continuous gesture recogni-
tion, making this survey less relevant for our purposes.

Al-Shamayleh et al. [52] conducted a systematic review of vision-based gesture recog-
nition techniques, addressing topics such as hand gesture taxonomies, recognition algorithms,
application domains, and commercial systems. However, their focus was broad and the seg-
mentation of continuous gestures received just a little mention.

Ouadah et al. [53] reviewed research across various recognition techniques, includ-
ing color segmentation, motion-based and skeleton-based recognition, and deep-learning ap-
proaches, classifying a considerable number of research papers. Yet, they did not address
benchmarking challenges or continuous gesture detection.

Shi et al. [54] surveyed gesture recognition using deep learning in video-based data,
categorizing methods based on neural network architectures (two-stream networks, 3D con-
volutional networks, and Recurrent Neural Networks). They listed several benchmarks but
did not differentiate between segmented and continuous gestures, nor did they analyze the
evaluation methods of these benchmarks. Sarma et al. [55] provided a detailed review of
methodologies in vision-based hand gesture recognition, discussing gesture acquisition sys-
tems, preprocessing, representation, feature extraction, and recognition. However, their sur-
vey barely addressed benchmarks and evaluations.

Zholshiyeva et al. [56]’s work is focused on gesture detection and recognition meth-
ods, particularly those relevant to sign language applications. While they offered insights
into segmentation techniques, feature extraction, and application areas, they did not tackle
continuous recognition challenges or relevant benchmarks. Jain et al. [57] reviewed various
techniques and benchmarks used for video-based gesture classification, blending continuous
and non-continuous approaches without discussing the differences in evaluation strategies.
Vatavu’s work [58] on gesture-based interaction provides a foundational perspective on the
role of gestures as an input modality, offering insights into gesture classification, usability,
and system performance evaluation. however, his study covers a broad range of gestural
interactions, and it isn’t primarily focused on continuous recognition.

In practical applications, it is often necessary to design methods capable of solving the
continuous gesture recognition problem, where gestures must be detected within an ongoing
input stream. The continuous nature of these tasks requires a comparison of actual start
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and end times, as defined by the ground truth, against those identified by the recognition
method. Evaluating an algorithm for continuous gesture recognition is not straightforward;
it must account for all the aforementioned aspects, not just classification accuracy.

The numerous surveys illustrate the growing interest in gesture recognition, yet up-
to-date and practical information for designing interactive systems remains scarce. Many
surveys are outdated, not reflecting recent algorithmic developments or data captured using
modern sensors. Others adopt a broad scope, leading to superficial discussions of continuous
gesture recognition and its evaluation. To date, no survey comprehensively reviews recog-
nition methods for continuous gesture recognition systems with detailed discussions on all
related aspects.

To address this literature gap, we created an updated survey [17] focused on the
continuous recognition of intentional gestures for Human-Computer Interaction. Our work
emphasizes communication and system command gestures, utilizing off-the-shelf technol-
ogy. We conducted a systematic search to identify specific benchmarks suitable for this task,
classifying them based on a taxonomy that describes their key characteristics. For each
benchmark, we reviewed and analyzed the top-performing methods according to the evalua-
tion metrics they employed, highlighting the main features of the proposed gesture detection
approaches.

2.2 Input modalities and data stream encoding for Gestures

Various devices are employed to capture gestures, each utilizing distinct data structures to
encode the streaming input for spotting and recognizing gestures. In this section, we will
explore these devices and encoding methods in more detail.

2.2.1 Acquisition devices

Gesture-capturing devices can be broadly categorized into camera sensors and wearable
sensors.

Cameras

Existing types of camera systems provide video streams that can be used either as raw data
or pre-processed through computer vision techniques to create input streams for gesture
detection. Below, is a list comprehensive of common camera types used for gesture capture:

¢ RGB cameras. Standard RGB cameras used in an everyday scenario, such as webcams
for desktop applications or headset-mounted cameras for VR/AR applications, can be
used for gesture recognition.

e IR /Thermal Cameras. Infrared (IR) refers to electromagnetic radiation characterized
by wavelengths that are longer than those of visible light and shorter than radio waves.
This type of radiation is not perceptible to the human eye, and it is emitted by bodies as
a result of temperature. IR cameras capture thermal radiation, which hands emit due to
their relatively higher temperature, making them effective for capturing gestures at close
range. Different types of thermal sensors have been tested for gesture recognition [4]. The
LeapMotion hand tracker [59], used to collect data for the SHREC’19 benchmark [3],
operates with a stereo IR camera.

e Depth Sensors. Depth sensors, now widely accessible, facilitate gesture recognition by
simplifying the spatial segmentation of arms and hands. There are multiple depth-sensing
technologies available:

— Stereo Cameras calculate depth through computer vision algorithms applied to
two views. Devices like the UltraLeap hand tracker use stereo cameras for gesture
interfaces [60].

— Active IR Sensors use IR illumination patterns and single IR cameras for depth
estimation, as seen in devices like the original Microsoft Kinect [61] and Intel Re-
alSense, which was used to capture the DHG14-28 gesture dataset [42].
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— Time-of-Flight (ToF) Cameras measure the travel time of emitted light to de-
termine depth. The Kinect 2 camera [62] uses ToF technology, as does the HoloLens
2 headset’s finger-tracking module.

While camera-based gesture capture is simple and non-invasive, it can be affected by
occlusions, potentially degrading data quality [63]. The effectiveness of image-based gesture
recognition relies on advanced computer vision methods to locate and track hands. Camera
viewpoint is another critical consideration, as it can influence recognition performance de-
pending on the application. For this reason, it is possible to define two main categories for
camera viewpoint:

e Egocentric viewpoints use one or more cameras placed on the user’s body. Head-
mounted cameras, such as those in studies like [36] and [6], are useful to create Egocentric
benchmarks that can evaluate performances for XR applications.

e Exocentric viewpoints employ external or off-body cameras, as in [64], and are well-
suited for applications in Human-Robot Interaction, public kiosks, multimedia, or auto-
motive controls.

Wearable Sensors

Human body movements and pose capture are also possible through wearable sensors, which,
unlike cameras, are not susceptible to occlusions but are more intrusive. Common types of
wearable sensors include:

e Inertial Measurement Units (IMUs). These devices measure physical attributes
of bodies such as acceleration, rotation speed, and orientation using accelerometers,
gyroscopes, and sometimes magnetometers. IMUs are affordable and easy to integrate
into wearables. In ChAirGest [1], for example, 4 Xsens-MTw IMUs were used to capture
arm movements.

e Gloves. Specialized gloves equipped with sensors (e.g., IMUs, exoskeletons, or strain
sensors) capture joint motion data [65]. While traditional datagloves can be cumbersome
and costly, newer models use flexible strain sensors that are lighter and more affordable
for gesture recognition [66]. Notably, benchmarks specifically based on glove-captured
data are scarce, and no one of them is used for capturing the online gesture datasets.

e Surface Electromyography (sEMG). This type of sensor is able to detect muscle
activity, and sensor as the Myo armband [67] can be used for dynamic hand gesture
recognition. Although public SEMG-based benchmarks for continuous gesture recogni-
tion are limited, segmented gesture examples exist [68,69].

2.2.2 Input stream encoding

Temporal data sequences acquired from any kind of sensor are often pre-processed or encoded
before use in gesture recognition modules or provided as input data in gesture recognition
benchmarks. The main data stream types processed by gesture detection systems include
raw video data, optical flow, arms/hands skeleton sequences, and raw feature sequences from
wearable sensors.

e Video Data. Video streams include spatially registered image channels for each time
frame, such as RGB color channels, RGB-D (color and depth), grayscale, or tempera-~
ture maps for infrared /thermal videos. Image-sequence-based gesture detection requires
temporal segmentation of gestures and spatial segmentation of the hands for effective
recognition.

e Image Feature Maps. Gesture detection modules can work using original images or
feature maps derived from them. One example is optical flow, which estimates pixel-
wise motion across frames, projecting the scene on the image plane. The NVGesture
benchmark [37] uses RGB-D streams and an IR-stereo pair to calculate optical flow and
disparity maps to use as input for gesture detection.
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e Skeleton Data. Many vision-based hand-tracking devices or gloves preprocess raw data
into skeletal hand representations, providing a structured input for gesture recognition.
These skeletal representations typically consist of 3D coordinates for joints and may
include quaternions for segment orientations. Devices like the HoloLens 2, Meta Quest,
and Ultraleap provide real-time skeleton data at high frame rates, making hand skeletons
a reliable input stream for gesture recognition. If raw data are available, tools like Google
MediaPipe [29] can estimate hand skeletons. Even if skeleton representations are compact
and filter out irrelevant sensor data, they may suffer from hand pose estimation errors.
Several gesture recognition benchmarks include skeleton data [3,6,43].

e Raw feature sequences For non-spatial acquisition techniques (such as IMUs, sSEMG),
gesture detection operates directly on raw data streams. In these cases, additional in-
formation, such as sensor positioning on the body, can aid in recognizing gestures [1].

2.3 Hand gestures’ taxonomy and gesture dictionaries

Movements of the arms or hands that can be identified, classified, and used for commu-
nication are "hand gestures". According to the taxonomy of [70], they can be considered
"semaphoric" or "language" gestures that we must distinguish from "gesticulation" or non-
gesture movements. We considered several aspects to characterize the different sub-types of
these gestures found in the research papers of our interest. The first one is related to their
temporal features. For this aspect, we use a taxonomy similar to the one proposed in [71],
distinguishing Static gestures and Dynamic gestures. Static gestures are those where the
semantics are determined by the hand pose (spatial posture of the joints), without significant
movements. A static gesture is performed by holding a specific hand configuration or pose
for a minimum duration. Dynamic gestures are those where the movements of the hands
determine their semantics and can be further divided into up to three sub-types, as done in
some existing benchmarks such as in [6]:

e Dynamic Coarse, characterized by the hand’s global trajectory (or movement pattern),
for example, drawing a cross in mid-air.

e Dynamic Fine, where the semantics depend on a variation in the fingers’ articulation
over time, such as pinch, grab, or others.

e Dynamic periodic, where the semantics depend on the iteration of a basic motion
pattern such as wave hand, wave finger, or others.

The semantics of a gesture can be invariant with respect to specific variations in its
execution. Invariance properties of the gestures are quite important as they influence the
design of proper recognition tools. We can distinguish the following cases:

e Position-invariant gestures are those where a translation does not change the seman-
tics. This is not true in practical recognizers where the detection is activated only in
specific spatial regions so that a meaningful gesture executed in a particular location is
considered non-gesture in others.

e Orientation-invariant gestures are those where a global hand rotation does not change
the semantics. For example, a gesture dictionary that includes a thumb up or down
gesture to indicate like or dislike is clearly non-invariant to orientation, as the same
hand’s pose changes meaning with a global rotation.

e Direction-invariant gestures are the dynamic ones where the correct labeling does
not depend on the orientation of the global movements of the hand with respect to a
fixed reference frame. The pinch gesture used in many practical VR interfaces to trigger
actions has the same meaning, independent of the position and orientation of the hand.

In our classification of gesture dictionaries, we will consider Position (Orientation,
Direction) invariant, a dictionary of gestures where all the items feature the same property,
so that the recognizer can be trained/tested with an invariant encoding.

To allow the users to interact with gesture-based interfaces, the designers (and the
creators of benchmarks) create dictionaries of gestures, possibly including static and dy-
namic ones. Dictionaries are characterized by the sets of class labels and by the origin of
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their semantics. Dictionaries may assign the semantics based on simple rules such as error
margins with respect to a standard pose/trajectory template. In this case, the classification
errors may depend only on finger-tracking accuracy. For considered benchmarks, the seman-
tics are data-driven and depend on a number of training templates or sequences, including
examples with known temporal segmentation. This fact may introduce relevant sources of
noise and biases. Different users can execute the gestures in quite different ways because
of particular constraints in the individual hand articulation [72], different speeds, and dif-
ferent mental models of the gestures, possibly due to different cultural backgrounds. Hands
morphology and size can vary, and the skin color can differ. The number and the diversity
of the participants creating the template set is, therefore, an important characteristic to
understand how much the results obtained on a benchmark can be generalized in a prac-
tical setting. The limited ability of the training examples to represent the target users can
be a relevant issue in practical applications, requiring the collection of a huge amount of
additional training data. The choice of the gesture set in the dictionary can also be a source
of errors and biases. Dynamic ones can have an extremely variable time duration, which is
quite challenging for online recognizers. Also, it is necessary to note that different gestures
can share similar subparts.

The recognition rates for individual gestures may depend critically on the other ones
included in the dictionaries, which might be optimized for the discriminability of gestures.
Looking at the benchmarks included in our survey, it seems that they are not optimized in
this regard. Per-class performances of the methods might give insights into optimal subsets
of gestures that can be selected for practical use. Meaningful gestures of a selected dictio-
nary cover a small part of the potential "gesture space", including all the possible hand
position/orientation/pose variations. This means that in an online classifier where we need
to discriminate the gestures from the "non-gesture" class, we have a large imbalance in the
"gesture space" partitioning, with most of the space labeled as "non-gesture". This means
that it is difficult to train classifiers with a good sampling of the non-gesture examples as the
training data are necessarily limited to a few sequences (and the classifiers must deal with the
class imbalance issue). This problem can be mitigated by creating synthetic examples (data
augmentation) [73,74].

The input data to train a continuous gesture should not (or not only) consist of ex-
amples of segmented gestures but long sequences provided by the input devices where the
time location of the meaningful gestures is known. The characteristics of the non-gesture
patterns used to interleave the gestures in these sequences should be accurately controlled
to avoid unintentional executions of gestures not annotated. Ideally, the non-gesture parts
should represent all the gesticulations done by all the users of the interactive system sim-
ulated, optimally sampling the "non-gesture" space. The number of sequences provided for
training (and testing) is, therefore, another relevant characteristic of the benchmark, as well
as the type of gesticulation done in the non-gesture parts. In the case of video data, the
diversity of the visual scenarios for the data capture is also important to assess the robust-
ness of the detector against changes in background, light conditions, and others. Therefore,
we report the number of different scenes used in the datasets. In the practical design of
the acquisition devices and the dictionary, many choices strongly depend on the application
focus. We introduce a specific category in our taxonomy to record if a reviewed benchmark
has a specific application domain. Specific applications for which continuous mid-air ges-
ture recognition systems can be applied are mixed reality, automotive, public kiosks, sign
language-based communication, and mobile/touchscreen interfaces.

2.4 Benchmarks Evaluation metrics
As discussed in Chapter 1, while for the segmented gesture classification task, the evaluation
is simple and based only on the test gesture labeling accuracy, for the continuous classifi-

cation task, the performance assessment is more complex, as it should also consider the
temporal segmentation quality, the latency, and the probability of false detection.
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We report in Appendix A a complete description of the metrics proposed in the
reviewed benchmarks for online gesture recognition. In the appendix, the reader can find the
definitions, the related use cases, advantages, and disadvantages. This section summarizes
their characteristics and introduces the taxonomy used to classify them. Following Ward et
al. [75], we divide the metrics in two groups:

e Frame-Based. For the continuous classifier labels at each time sample (frame), we
can evaluate classification metrics by comparing the predicted sample/frame labels with
the ground truth ones. Classic examples are the average classification scores in the
evaluation of the single-frame labeling (Accuracy, Precision/Recall, F-Score, Area under
curve (AUC)) or string distances (Jaccard Index, Levenshtein Distance) comparing the
labeled sequences with the ground truth.

e Event-Based. A gesture in a continuous sequence of frames can be considered an event

with a specific start time, end time, and an associated label. These evaluation metrics
compare predicted events with ground truth ones and are less straightforward than the
Frame-based ones. They should cope with the temporal location of the gestures, possibly
estimating their accuracy, and must define thresholds to consider whether an event is
correctly detected. Considering the input stream, the frame-based metrics compare two
strings of equal length, the ground truth, and the estimated sequences of class labels
of single frames. In contrast, the event-based metrics evaluate the differences between
ground truth and estimated lists of events with associated attributes. These lists may
have different lengths, as we can have missed events and false detection of events.
For these reasons, various event-based metrics have been proposed, making it difficult
to compare results obtained in different benchmarks. The Detection Rate (percentage
of events correctly captured with respect to the total number in the ground truth) and
the False Positives’ Score (see Appendix A) are often measured, even if with variable
criteria to consider a gesture detected. However, other methods can be applied, like the
Levenshtein Accuracy, based on comparing strings of consecutive events. To characterize
the accuracy of the temporal segmentation of the methods, some authors use the delay of
the recognition feedback, while others rely on specific scores like the Accurate Temporal
Segmentation Rate (ATSR), the Absolute Temporal Segmentation Error (ATSE), the
Performance index (Appendix A).

In our taxonomy, we also consider the efficiency metrics, to evaluate how much an
algorithm can be adapted to different platforms, as many benchmarks also assess the amount
of resources needed by the methods in terms of memory requirements (e.g., the number of
parameters of the neural models used, overall model size), computational complexity and
real-time detection performances (e.g., FLOPS).

2.5 Existing benchmarks and results

According to the criteria identified in the previous sections, summarized in Figure 2.1, we
analyzed the benchmarks found in the literature following a specific search methodology.
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Fig. 2.1: Criteria used to classify the existing benchmarks for continuous gesture spot-
ting/recognition

2.5.1 Literature search methodology

As explained in [17], to search for the benchmarks with the required features (with a focus
on continuous recognition of mid-air hand and upper body gestures), we first used the
websites that are popular for benchmarking initiatives, such as Eurographics Shape Retrieval
Contests (SHREC)!, ChaLearn?, and Kaggle®, this resulted in 3 relevant benchmarks. We
then conducted methodical research in generic literature archives, following the guidelines of
the PRISMA 2020 methodology [76]. This identification phase aimed to form a superset of
the papers that are related to "gesture recognition benchmarks and dataset" and "evaluation
metrics". We defined a base BASE query as follows:

BASE= {(Hand OR (Upper and Body))
AND (Gesture OR Gestural OR Interaction OR Interactions OR Recognition)
AND (Benchmark OR Benchmarks OR Dataset OR Datasets OR (Data and Set) OR
(Data and Sets))
AND (Online OR Continuous OR Real-time OR (Real and Time))}.

A critical decision in our survey process was to use a proper search engine for the
benchmarks. Google Scholar  was our first option; however, using the Base query in this
search engine resulted in 3,200,000 articles, most of which were not useful for our research
domain. We decided to use Scopus ° since it is reliable, presents more relevant results, and
has advanced searching capabilities that include the usage of custom queries. The query
search in Scopus resulted in 2758 articles, and to find the most relevant ones, we initiated
a screening phase in which we carefully read all the abstracts, keeping only the ones that
matched our inclusion criteria. We define these criteria as follows:

e The paper must describe a benchmark for gesture recognition in continuous time.
e The gestures should be designed for interaction tasks. Voluntary command/communica-
tion gestures are included, action recognition and sign language are excluded.

! https://www.shrec.net

2 https://chalearnlap.cvc.uab.cat/
3 https://www.kaggle.com

4 https://scholar.google.com/

5 https://www.scopus.com/home.uri
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We then fully read the filtered papers to ensure that only the relevant ones are presented.
Only 13 benchmark papers matched our strict inclusion criteria, and we excluded a bench-
mark (SHREC ’21 [8]) as the benchmark’s authors declared annotation issues on their web-
site; these issues are related to what was discussed in Section 2.3.

We conducted a backtracking search of the papers that cited and used benchmarks in
our list, aiming to find methods that yield the best results for each specific benchmark. Our
search for these proposed methods was not limited to just one search engine (Scopus), we also
used Google Scholar. These proposed methods are discussed in the subsequent subsections.
This search resulted in 1645 articles overall. From this list, we selected the works that tested
novel methods on the benchmarks included in the survey, and in this paper, we report a
description of those that lead to the best results (up to three per benchmark).

2.5.2 Benchmarks

In this subsection, we aim to introduce the final benchmarks that are selected for our
studies. We also summarize and present each benchmark’s gesture dictionary character-
istics (Table 2.1), acquisition setup characteristics (Table 2.2), and sequence/gesture sets
characteristics (Table 2.3).

Name Year|Type of gestures(Invariance|Application domain
ChAirGest 2013DC, DP P General Interaction
Montalbano T3|2014DF, DP P Verbal Communication
ConGD 2016|S, DF, DC, DP [P Many Domains
NVGesture 2016|S, DF, DC, DP [P Automotive
EgoGesture 2018|S, DF, DC, DP |P Mixed Reality
SHREC’19 2019DC P Mixed Reality

IPN Hand 2020(S, DF, DC P,0 Touchless screens
MIlGesture 2020DC,DP P,0 Automotive
LD-ConGR 2022(S, DC P,O Long Distance Recognition|
SHREC’22 2022|S, DF, DC, DP |P Mixed Reality

ODHG 14/28 [2022|DF, DC P,0 General Interaction
ZJUGesture |2023DF, DC P,0 Mobile

Table 2.1: Characteristics of the gesture dictionaries used in the reviewed benchmarks: types
of gestures (S=static, DC=dynamic coarse, DF=dynamic fine, DP=dynamic periodic) and
invariance (P=position, O=hand orientation)

Name Data types View Input devices FPS
ChAirGest RGB, RGB-D, Hand pose, IMUEGO, EXO[Kinect / Xsens MTw IMU  |30/50
Montalbano T3 RGBD EXO Kinect 20
ConGD RGB-D EXO RGB-D Camera Setup NA
NVGesture RGB-D, Optical flow, IR EXO SoftKinetic DS325 / DUO 3D|30
EgoGesture RGB-D EGO Intel RealSense SR300 30
SHREC’19 Hand pose EGO Leap Motion NA
IPN Hand RGB EXO 'Webcam 30
MIGesture RGB-D, RGB, Thermal EXO Industrial cameras 8/12/16
LD-ConGR RGB-D, RGB EXO Kinect v4 30
SHREC’22 Hand pose EGO Hololens 2 20
ODHG 14/28 |RGB-D, Hand pose EXO Intel Real-Sense 30
ZJUGesture |RGB EXO Mobile phone 30

Table 2.2: Characteristics of the acquisition setup for the datasets included in the reviewed
benchmarks.
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Name Scenes|Subjects|Classes|Gesture Samples Sequences|Gps
ChAirGest 1 10 10 1200 (900 - 400) NA \%
Montalbano T3[1 10 10 13,858 (3,362 - 2,742) |563 %
ConGD 15 21 249 147,933 (30,442 - 17,491)|22535 \%
NVGesture 1 20 25 1,532 (1,050 - 482) 1532 \%
EgoGesture 6 50 83 24,161(19184 - 4977) 2,081 9 to 12
SHREC’19 1 13 5 195 (60 - 135) 195 1
IPN Hand 28 50 13 4,218 (148 - 52) 200 1to5b
MlGesture 1 24 9 over 1300 over 1300 |1 to 2
LD-ConGR 5 30 10 44,887 (34,315 - 10,572)(542 \%
SHREC’22 1 6 16 1152 (576 - 576) 288 3tobh
ODHG 14/28 [NA |20 28 2800 NA \%
ZJUGesture |12 60 9 9892 (8290 - 1602) NA \%

Table 2.3: Characteristics of the sets of sequences/gestures included in each benchmark.
Figures in brackets specify the training/test splitting of sequences and gesture samples. Gps
means Gestures per sequence (V= Variable)

ChAirGest.

The ChAirGest [1] challenge was an open research initiative aimed at motivating scholars to
leverage data collected from diverse sensors to enhance and assess methods for gesture spot-
ting and recognition. The challenge was based on a dataset created using a Kinect RGBD
camera (30 fps) and four Inertial Motion Units (IMUs, 50 fps) strategically attached to the
right arm and neck of the ten subjects (Figure 2.2). The dataset consists of a vocabulary of
10 one-hand dynamic gestures commonly used in close human-computer interaction (e.g.,
swipe, circle, push, etc.), initiated from three different resting postures and captured across
two distinct lighting scenarios of the same scene. The authors collected a total of 1200 anno-
tated gestures, organized into continuous video sequences, each containing a variable number
of gestures. The evaluation is based on a hybrid approach incorporating well-established met-
rics (event-based precision and recall and the derived F-score) and an original time-based
metric, the Accurate Temporal Segmentation Rate, described in Subsection A.2.4.

Fig. 2.2: Recording setup for the ChAirGest Benchmark. Left: image captured by the Kinect.
Right: external view of the same subject. Wearable IMUs are visible on his right arm [1].

Montalbano Track 3.

The Looking at People Challenge 2014 [2] competition included three different tracks and
related benchmarks. The first two tracks focus on action recognition and cannot be included
in our survey; only the third complies with our inclusion criteria. In this track, the partic-
ipants were tasked with recognizing 20 distinct Italian gesture categories using continuous
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RGB-D video sequences captured at 20fps. The dataset comprises 13,858 gestures performed
by 27 subjects in 563 sequences. From those sequences, 287 were given to the participants
as training sequences and labels; the other 276 were used as test sequences. Throughout all
the sequences, a single user is captured standing before a Kinect device without occlusion.
The gestures in this dataset are not "commands" but are "natural" communicative gestures
performed while the subjects were speaking fluent Italian (Figure 2.3). Each sequence is
1-2 minutes long, and during it, the subjects move their arms without rest, resulting in an
extremely varied "non-gesture" class. This dataset exhibits a notable intra-class variability
among gesture samples, meaning that gestures within the same category can vary signifi-
cantly. Conversely, the inter-class variability is relatively low, indicating that some gesture
categories share similarities, making the classification hard. It’s worth noting that no infor-
mation is available regarding the number of gestures included within each sequence. The
benchmark uses the Jaccard Index to evaluate the recognition’s accuracy.

(1) Vattene (2) Viene qut (3) Perfetto (4) E un furbo (5) Che due palle

Fig. 2.3: Example gestures from the Montalbano dataset. They are performed before a
Microsoft Kinect while speaking Italian [2].

Fig. 2.4: Left: depth maps from the ConGD dataset. Right: the corresponding RGB images.
From http://www.cbsr.ia.ac.cn/users/jwan/database/congd.html.

Continuous Gesture Recognition Dataset (ConGD)

Wan et al.(2016) [77] created two large-scale datasets by integrating all batch classes and
samples from the ChaLearn gesture dataset (CGD). The CGD dataset was designed by
Guyun et al. in 2013 [78] for a series of "One-shot learning" tasks, where there is only one
training example for each gesture and the rest of the data is used for testing. The tasks
correspond to different application domains, e.g., sign language, helicopter signals, traffic
signals, and underwater sign language. For each of them, a specific batch of data with 100
example gestures from a small lexicon of 8 to 12 classes has been created. The entire dataset
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consists of 289 classes from 30 lexicons and a total of 54,000 gestures recorded in 23,000
RGB-D videos. The ConGD dataset was obtained by annotating the videos with a semi-
automatic procedure, combining the different batches, removing some of them, and fusing
the classes with similar characteristics. The final benchmark features a dictionary with 249
gesture classes, and it is composed of 22,535 RGB video recordings and 22,535 depth videos
where 21 subjects perform them for a total of 47,933 executions (Figure 2.4). The dataset
is split into a training set with 30,442 gesture samples, a validation set with 8,889, and a
test set with 8,602. The Jaccard Index is the only metric used to measure the continuous
recognition performances on this benchmark.

Fig. 2.5: Top left: recording setup for the NVGesture dataset. The subject uses his left
hand to drive and performs the gestures with his right hand only. NVGesture includes
multi-modal acquisitions. Data are captured with a SoftKinetic DS325 recording front-view
RGB-D videos (A), and with a DUO 3D stereo-IR camera mounted above the user (B).
From https://www.v7labs.com/open-datasets/nvgesture.

NVGesture.

The NVGesture dataset, released by Molchanov et al. in 2016 [37], is designed to test gesture
recognition for touchless driver control. The authors recorded the gestures using multiple
sensors and viewpoints; this involved 20 subjects who performed the gestures with their
right hands while holding the steering wheel with their left hand. The SoftKinetic DS325
sensor was used to acquire front-view color and depth videos, and a top-mounted DUO 3D
sensor was used to collect this dataset for recording a pair of stereo-IR streams (Figure 2.5).
Data are captured at a frame rate of 30 fps.

This dictionary includes 25 gesture types, and the benchmark contains 1532 dynamic
hand gesture samples; these samples are divided into 1050 training and 482 test samples.
The metrics chosen for the evaluation are the area under the curve (AUC) of the receiver op-
erating characteristic (ROC) curve and the normalized time to detect (NTtD) at a detection
threshold (7 = 0.3).

EgoGesture.

The EgoGesture dataset, released by Zhang et al. in 2018 [36], includes egocentric RGB-D
videos of hand gestures and is specifically designed to evaluate methods that interact with
wearable devices like VR and AR headsets. Videos in this benchmark were captured using a
head-mounted Intel RealSense SR300 RGB-D camera with a 640 x 480 resolution and a frame
rate of 30 fps (Figure 2.6). The benchmark dictionary comprises 83 static or dynamic gesture
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Fig. 2.6: Example RGB (top row) and depth images (bottom row) from the EgoGesture
dataset. From http://www.nlpr.ia.ac.cn/iva/yfzhang/datasets/egogesture.html.

classes. The authors divided these classes into two types: Communicative and Manipulative.
Communicative gestures represent choices or commands for interfaces (numbers, symbols).
Manipulative gestures are designed to control actions on interface components, such as
zoom, rotate, and open/close. The dataset includes 300 samples for each class with a large
intra-class variety. Gesture samples are included in 24,161 RGB-D video sequences and are
performed by 50 subjects. The video recordings have strong variations in background and
illumination conditions and have been captured in indoor and outdoor environments. The
start and end frame indexes of each sample are manually labeled. The minimum length of
a gesture is three frames, while the maximum is 196 frames. The sequences were randomly
split into a training set (1,239), a validation set (411), and a test set (431). The evaluation
metrics used for this benchmark are the Jaccard Index and the execution runtime of the
tested methods measured in frames per second (fps).

SHREC 2019 Track: Online Gesture Recognition (SHREC’19).

Fig. 2.7: The dictionary of the SHREC’19 benchmark features 5 gesture types characterized
by simple 2D paths (red lines) hidden in longer 3D non-gesture trajectories (blue). From [3].

In 2019, Caputo et al. [3] created this benchmark by capturing the hand movements
of 13 subjects while interacting with a 3D interface in an immersive Virtual Reality environ-
ment. The subjects wore a Head Mounted Display (Oculus Rift) with a Leap Motion sensor
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placed on it to capture hand poses from an egocentric point of view. The dictionary is com-
posed of 5 different coarse gestures characterized by a 2D hand trajectory (Figure 2.7). The
dataset includes 195 hand pose sequences, each containing a single gesture in a different time
location. The non-gesture part of the sequences is roughly determined by a set of specific
actions on the virtual interfaces required by the interactive VR app. For the training set,
60 of these sequences with manually annotated start/end of the gestures are used, and the
rest of the data are used as the test set. In the evaluation, a gesture is considered correctly
detected and labeled if the recognition method locates it within 2.5 seconds from the actual
gesture time window in the sequence. Given the detected and ground truth gesture, the fol-
lowing metrics are estimated to characterize the methods’ performances: the percentage of
correct detections, timely detections with wrong classification label, detections made before
the correct time location, detections made after the correct time window or missed, the time
difference between the decision time of the online algorithm and the actual start and end of
the gestures. In the [10], the benchmark is used by adding the classification time and False
Positive Ratio metrics.

RGB frames Optical flow frames Segmentation frames

Fig. 2.8: The different data types included in the IPN Hand distribution. From left, RGB
video frames, optical low maps and segmentation masks. From https://gibranbenitez.
github.io/IPN_Hand/.

IPN Hand.

This dataset, introduced by Benitez-Garcia et al. in 2020 [64], focuses on interaction with
touchless screens. It contains 100 RGB video recordings of sequences, including 4,218 gesture
samples, performed by 50 different individuals. The videos were captured with PC or laptop
cameras, keeping a fixed resolution (640 x 480) and frame rate (30 fps). Authors provide
not only video data and annotations but also optical flow sequences and accurate hand
segmentation masks estimated as described in [64] (Figure 2.8). The sequences are captured
with 28 different background environments, both static and dynamic, with strong variations
in background clutter and lighting conditions (both strong and weak illumination). Each
video’s start and end frame index for gesture instances was manually labeled. The minimum
length of a gesture is nine frames, and the maximum is 650 frames. The dataset is split into a
training set with 148 videos comprising 3,117 gesture instances performed by 37 subjects and
a test set with 52 videos and 1,101 gesture instances performed by 13 subjects. The 13 gesture
types are designed for desktop-like interface control: two static pointing gestures (with one
or two fingers) and 11 dynamic gestures (clicking with one and two fingers, throwing to four
positions, double-clicking with one and two fingers, zoom-in, and zoom-out). The metrics
used for the evaluation are the Levenshtein accuracy, the model size, and the inference time.

MlGesture.

Maarten et al. [4] proposed Mlgesture as the first publicly available hand-gesture recogni-
tion dataset based on low-cost thermal sensors (Melexis MLX90640/MLX90641) data. The
benchmark is designed to evaluate tools to control a multimedia system in a car. To inves-
tigate the impact of sensor type and viewpoint, two sensor clusters were used to capture
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Fig. 2.9: Sample RGB and thermal frames from the front sensor cluster (top row) and top
sensor cluster (bottom row) included in the Mlgesture dataset (from [4]).

data, each consisting of 5 different devices (the low-cost MLX90640 and ML.X90641 thermal
cameras, an OpenMV color cam, an MLX75027 time-of-flight depth sensor, a FLIR lepton
thermal camera). One sensor cluster was mounted on the center of the car’s dashboard in
front of the driver, while the other was mounted on the ceiling, pointing straight down (Fig-
ure 2.9). The dictionary consists of 9 different dynamic hand gestures compatible with low
and ultra-low-resolution sensors. The authors acquired over 1300 RGB, RGB-D, and ther-
mal video clips for both training and evaluation purposes, but only the thermal data are
released in the public dataset. 24 different subjects performed the gestures in the videos.
In addition to the gesture videos, non-gesture videos were also recorded, capturing actions
like steering, gear switching, operating the radio, and using the wipers. Tests for continuous
gesture detection were performed on a sequence obtained by stitching half of the test ges-
ture and non-gesture acquisitions in a single long video and manually annotating the hand
gesture nuclei in the resulting test video. In the continuous evaluation, if a correct prediction
is within an annotated gesture nucleus, it is considered a True Positive, while further de-
tections during the nucleus or detections outside the nucleus are considered False Positives.
Missed gestures are considered False Negatives. In this benchmark, the metric used for the
comparisons is the Mean Average Precision (plotted versus network output position graphs).

Palm Fizt Shift Right Thumb Up Downward Upward Lefi Right Pinch Click

Fig. 2.10: The gesture dictionary of the LD-ConGR dataset (from [5])
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A Large RGB-D Video Dataset for Long-Distance Continuous Gesture
Recognition (LD-ConGR)

This benchmark, proposed by Liu et al. in 2022 [5], is characterized by the peculiar recording
viewpoint where the front view of the subject is from 1 to 4 meters away. The videos are
captured with a Kinect V4 device at a resolution of 1280x720 for the color streams and
640x576 for the depth streams, with a frame rate of 30 fps. The dictionary includes 10 fine-
grained hand gesture classes (Figure 2.10), 3 of which are static (palm, fist, thumb up), and 7
are dynamic (shift right, downward, upward, left, right, pinch, click). The authors collected
542 videos from 30 subjects in 5 meeting rooms (with different designs and furnishing);
there are 6 recording spots in every meeting room. Each video contains multiple gestures,
and all the gesture instances were manually annotated with the label and the starting and
ending frames. Examples of correct gesture executions were shown to the subjects before the
recording started. The gestures were performed continuously, allowing short breaks between
gesture instances. Given the large distance, the hands are small and difficult to recognize,
and the authors added their position as an annotation for each frame. There are a total of
44,887 gesture instances in the videos. These videos are divided into training and testing
sets, with 34,315 and 10,572 gestures (performed by 23 and 7 subjects), respectively. The
evaluation of the continuous recognition is done with the Jaccard index.

i\‘d%dw

THREE FOUR MENU

St ‘ / ‘a\ /‘k
“P‘QK /\t/
LEFT RIGHT CIRCLE CROSS

[ S .
A T

GRAB PINCH DENY WAVE KNOB

Fig. 2.11: The gesture dictionary of SHREC ’22 include static (top row), dynamic coarse
(middle row) and dynami fine and periodic gestures (bottom row). From [6].

SHREC 2022 Track on Online Detection of Heterogeneous Gestures
(SHREC’22).

The SHREC’22 benchmark [6] is designed to test continuous gesture recognition for a generic
mixed-reality interaction. The publicly available data provided to the contest participants
are hand-pose skeleton streams directly estimated by the finger-tracking system integrated
into the Hololens 2 headset. More details of this dataset will be discussed in Chapter 3

Online Dynamic Hand Gesture dataset (ODHG 14/28).

De Smedt et al. introduced the original DHG-14/28 dataset in 2016 [42]. This dataset was
intended to be a segmented gesture benchmark, even though there are captured continu-
ous sequences with both gesture and non-gesture classes. The recorded videos are RGB-D,
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J

(a) (b)

Fig. 2.12: The different ways to perform gestures in the OHDG (and DHG 14/28)
dataset: using (a) one finger or (b) the whole hand (from http://www-rech.telecom-
lille.fr/DHGdataset /).

captured with an Intel Real-Sense camera, and by using associated APIs, the corresponding
hand skeleton sequences are extracted. The depth image resolution is 640 x 480, and both
image and hand skeletons are recorded at 30 fps. The benchmark’s dictionary includes 14
gesture classes: five "dynamic fine" (Grab, Expand, Pinch, Rotation clockwise and coun-
terclockwise), characterized by finger articulation, and nine "dynamic coarse" (Tap, Swipe
Right, Swipe Left, Swipe UP, Swipe Down, Swipe X, Swipe V, Swipe +, and Shake), charac-
terized by global hand movements. The gestures have variable execution times, ranging from
20 to 50 frames. There are two gesture execution methods: using only two fingers or using
the whole hand (Figure 2.12). If the same gesture class is assigned to both methods, there
would be 14 gesture labels; otherwise, there would be 28 gesture labels. The whole dataset
comprises 280 sequences performed by 20 subjects and ten gestures each. Each subject ex-
ecuted each gesture five times. While the original benchmark only tests the classification
of segmented gestures from the captured data, Wannous et al. (2022) [79] reused the se-
quences to create a continuous gesture detection benchmark, the Online DHG (ODHG). In
this version, a class label is annotated for each frame of the sequences. The frames that occur
between meaningful gestures are labeled as the "no gesture" class. During these intervals,
the participants were allowed to take a resting position without any specific instruction. To
evaluate the online detection and recognition, different metrics are used in [79]: accuracy,
Receiver Operating Characteristic (ROC), False Positive Rate (FPR), True Positive Rate
(TPR), and Normalized Time to Detect (NTtD).

ZJUGesture.

This dataset was created by Xu et al. in 2022 [7], with the primary focus on one-handed
operation scenarios commonly encountered in mobile phones or tablets, and includes RGB
video sequences recorded with these devices (Figure 2.13). The benchmark’s dictionary in-
cludes nine categories of gestures designed to be user-friendly and easily operable. Each
gesture is divided into preparation, core action, and retraction. To ensure the diversity of
the captured samples, each gesture is recorded in 12 sub-scenes, which include various back-
grounds and different light intensities. This approach helps to capture variations that may
occur in real-world usage scenarios. All videos are labeled frame by frame with the gesture’s
name; each video has a resolution of 1280 x 720 pixels, captured at a frame rate of 30 FPS.
In the ZJUGesture, 60 people performed each gesture according to their habits at three
speeds: fast, normal, and slow. The Levenshtein Accuracy is used to evaluate the online task
together with three efficiency measures: speed, GFLOPs, and number of parameters.
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Fistto palm Palmto fist Swiperight Swipe left

Timeline

Fig. 2.13: Examples of gestures sequences included in the ZJUGesture dataset, captured by
different mobile devices (from [7]).

2.5.3 Continuous gesture recognition methods and best results on the surveyed
benchmarks

The methods proposed for continuous gesture recognition are more complex than those
employed to recognize segmented gestures since they must also deal with segmentation in a
continuous stream. If the detection and classification are performed on image data instead
of hand poses or wearable sensor data streams, the methods must also detect hands with
an image segmentation module before extracting gesture descriptors. To achieve this goal
(independently from the hand’s data encoding), a possible solution is to use two modules:
one designed to perform the time segmentation of the gesture, and one for the classification.
A typical solution for the segmentation is to estimate the boundaries based on the motion
energy [80,81]. The subsequent classification can be done with classifiers trained with labeled
segmented gestures (of different sizes).

Another option is to use a sliding window approach in the time domain, classifying
one or more signal windows [82] ending at the current time frame with a specifically trained
classifier.

When using hand pose data, the classification module can be a simple template match-
ing approach [40], but the recent literature is dominated by methods based on neural net-
works. Different network architectures have been proposed, such as 1D convolutional net-
works [83], graph-convolutional networks [84], or transformer networks using the attention
mechanism to focus on the co-occurrence of relevant features of the sequences in gesture
classes [85].

2D/3D convolutional networks can be applied for RGB-D images [39]. Another pos-
sible solution for the continuous recognition is the use of a recurrent network, trained on
continuous data and providing a predicted gesture label at each time step (using non-gesture
as an additional class) [86-88]. In this case, the preliminary segmentation of the gestures
in the test phase is unnecessary, but a further post-processing step is required to derive a
reliable detection of gesture events from the frame labels.

In the following, and we introduce the segmentation and classification methods that
lead to the best results on the surveyed benchmarks (up to three). As these method exploit
the classifiers described above, we provide a short description of them in Appendix B. Two
classes of approaches can be adopted to handle the online task [50]: direct and indirect
methods. Direct methods employ specialized heuristics based on speed, energy, or curvature
(or trained networks) to find gesture boundaries and then send the extracted candidates
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to a classification module. Although this approach is not expected to work well in the
case of complex motions/gestures [89], it has been proposed in different implementations.
In SHREC’19 [3](see Sec. 2.5.2), Seg.LSTM1 uses an LSTM together with a specialized
segmentation network. The ST-GCN method used in [8] uses an energy-based segmentation
approach, adding several ad-hoc rules. In the 2ST-GCN method of [6], an energy-based
detection module is combined with a fine-grained classifier, providing gesture/non-gesture
discrimination.

Indirect methods perform a continuous classification (simultaneous detection and la-
beling). This can be done using pre-trained classifiers working with fixed-size input sub-
sequences and sliding windows schemes or by using recurrent networks like Long-Short
Time Memory (LSTM) networks or Gated Recurrent Units (GRU). A simplified version
of DeepGRU [90], combined with a smart data augmentation method and adapted for on-
line detection, performed best in the SHREC’19 contest [3], but a similar solution did not
perform well on complex heterogeneous gestures [8].

Best results on ChAirGest

Table 2.4 shows the metrics obtained with the best method tested on the ChAirGest bench-
mark. In the following, we report a description of the method.

Method Date|ATSE|ATSR|F1 Score|Perf
CHMM [01][2013|NA [0.923 [0.907  |0.912

Table 2.4: Performances of the best method on the ChAirGest benchmark

e Concatenated Hidden Markov Models (CHMM) by Yin et al. [91], is based on
three core components: a feature extraction module, a temporal segmentation module,
and a gesture spotting and recognition module. In the first step, for classification, a 12-
dimensional feature vector is extracted from the Xsense data (linear acceleration, angular
velocity, and Euler orientation) and Kinect data (relative position between shoulder and
hand). The hand position given by the Kinect APIs was not considered to be reliable, and
a custom hand segmentation method based on the RGB-D data was applied to replace
it. This method exploits a salience map obtained by combining a binary skin color mask
derived from the RGB images, a user mask derived from the depth image, the depth
map, and its time derivative. The salience probability is higher in the skin color regions
for small depths and large depth variations. The gesture spotting method exploits the
training data from all the users to create Gaussian models for the 'rest positions’ and a
Gaussian model for 'non-rest positions’ and then classify the frames accordingly. Gestures
are recognized when consecutive non-rest positions are detected for over 0.25 seconds.
The gesture recognition exploits multiple Hidden Markov Models (HMM) trained for
the three main gesture phases: pre-stroke, nucleus, and post-stroke. The three HMMs
are concatenated to form one HMM for each gesture. To detect and correctly segment
the nuclei of the gestures, the Viterbi algorithm is applied for finding the most probable
hidden state sequence.

Best results on Montalbano Track 3

Table 2.5 shows the best results obtained on the Montalbano Track 3 benchmark. In the
following, we report a description of the corresponding methods.
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Method Date|JI (%)
ConvNetsFusion [92] 2021|92.3
Temp Conv + LSTM [93]{2016 {90.6
RNN + LSTM Cells [93] {2016|88.8

Table 2.5: Performances of the best methods on the Montalbano Track 3 benchmark

e The ConvNetsFusion method, proposed by Wang in 2021 [92], is composed of a tem-
poral segmentation step that determines the beginning and ending frames and a gesture
recognition step that assigns the gesture name. The temporal segmentation is obtained
by combining two methods; the first method detects the intervals where the height of
the hands, segmented with a Faster R-CNN, is above a threshold (corresponding to the
values in the initial frames of the video). The second method is based on the RGB-D
appearance and uses two-stream ConvNets fed with the RGB and depth channels. In
the recognition step, Depth Dynamic Images (DDIs) and Depth Motion Dynamic Im-
ages (DMDIs), are generated from a depth sequence through bidirectional weighted rank
pooling and are then fed into ConvNets for classification. Saliency sequences for depth
and RGB sequences are also estimated using the algorithm described in [94] and are used
as input on 3D ConvLSTM networks [95]. The normalized outputs of all four networks
are fused with the average-score rule in an element-wise way to obtain the final gesture
label.

e Both RNN + LSTM and Temp Conv + LSTM Cells have been proposed by Pigou
et al. in 2016 [93]. The authors explored multiple gesture recognition techniques for video
input, proposing several new neural network architectures incorporating temporal con-
volutions and bidirectional recurrence. In RNN + LSTM, they leverage the idea that
a gesture becomes recognizable only after a few time steps, so they developed a method
that uses a bidirectional RNN, which enables the processing of the sequences (frame by
frame) in both temporal directions, with LSTM cells learning dynamic temporal depen-
dencies. Temp Conv + LSTM Cells is an extension of CNN layers with temporal
convolutions, capable of extracting hierarchies of motion features and capturing time-
related information from the input videos. The proposed method’s 3D convolution is
factorized into two-dimensional spatial convolutions and one-dimensional temporal con-
volutions to avoid model overfitting. Pigou et al. evaluated this method using a sliding
window with single-frame steps.

Best results on ConGD

Table 2.6 shows the best results obtained on the ConGD benchmark. In the following, we
report a description of the corresponding methods.

Method Date|JI (%)
TD-Res3D + Average fusion [96]|2018|71.63
ConvNetsFusion [92] 2021 (69.04
ST-GAT [97] 2022 (65.78

Table 2.6: Performances of the best methods on the ConGD benchmark

e Temporal Dilated Residual ConvNet (TD-Res3D -+ Average fusion) is an
approach proposed by Zhu et al. in 2019 [96]. This procedure begins with segmenting
the continuous gesture sequences into isolated gesture instances with a temporal-dilated
Res3D network [98]. The authors employed a balanced squared hinge loss function to
handle the imbalance between boundaries and non-boundaries. The temporal dilation
preserves temporal information for precise boundary detection, while a large temporal
receptive field enhances the accuracy and effectiveness of the segmentation results. The
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method uses this segmentation network on both RGB and depth streams. The results are
then merged with the average fusion score. The classification network is a combination
of a 3D Convolutional Neural Network (3DCNN), a Convolutional Long-Short-Term-
Memory Network (ConvLSTM), and a 2D Convolutional Neural Network (2DCNN) for
isolated gesture recognition. This architecture is adapted to learn long-term and deep
spatio-temporal features, making it effective to recognize the gestures of this benchmark.
e The ConvNetsFusion by Wang [92|, which is already described among the best-
performing methods for Montalbano Track 3, also presents good results on the ConGD

benchmark.

e Spatial-Temporal Graph Attention Network (ST-GAT) was proposed by Guo et
al. in 2023 [97]. The method focuses on extracting essential features from video sequences
by considering local details of the hand movements. The approach takes joint and bone
information as inputs and constructs a spatial-temporal graph to capture inter-frame
relevance and physical connections between nodes. It then exploits a graph-based multi-
head attention mechanism with adjacent matrix calculation to effectively explore the
local features. Additionally, it models the short-term motion correlation with a temporal
convolutional network and uses a bidirectional long short-term memory (BLSTM) to
capture long-term dependencies in the video sequences. Finally, it applies frame-by-

frame the connectionist temporal classification to align the word-level sequences.

Best results on NVGesture

Table 2.7 shows the best results obtained on the NVGesture benchmark. In the following,

we report a description of the corresponding methods.

Method Date|threshold 7|AUC|TPR (%)|FPR (%)|NTtD |LA (%)*
R3DCNN [99] 20151(0.3 0.93 |88 15 0.56 |NA
HSTV [79] 2023 (0.16 0.81 |85 17 0.2158| NA
ResNet+ResNeXt [9]{2020(0.15 NA |NA NA NA |77

Table 2.7: Performances of the best methods on the NVGesture benchmark. (*) metric

from [9]

e Recurrent 3D convolutional neural network (R3DCNN) was proposed by
Molchanov et al. [99], in the original paper that introduced the NVGesture benchmark.
The method splits the entire video into fixed-length clips, computes the class conditional
probabilities set for each clip, and averages them across the modalities. The architec-
ture includes a deep 3D-CNN for spatio-temporal feature extraction, a recurrent layer
for global temporal modeling, and a softmax layer for predicting the class-conditional
gesture probabilities. The authors also tested a support vector machine (SVM) instead

of the softmax layer to compute the final classification score.

e HandShapeTemporalVariation (HSTV) is a method proposed by Wannous et al. in
2022 [79]. The authors developed a deep learning-based approach that effectively utilizes
the combined description of the hand shape and its temporal variation for hand gesture
recognition. To achieve this, they trained a CNN depth image dataset for hand pose
estimation, the ICVL [100]. The network transforms the input data into two distinct
hand representations for each time step: fine features, representing the pose, and coarse
features, roughly representing the hand shape. To model the temporal aspect separately
for pose and shape variations over time, they fed features into two different Recurrent
Neural Networks (RNNs), RNNfine and RNNcoarse. Finally, they merged their outputs
with a joint-fine-tuning method that retrains the two last softmax layers while forcing
their sum to represent both networks. The online classification is handled by training the
recurrent network with the gesture dictionary and a non-gesture class. The algorithm
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return at each frame a class probability and a threshold for considering a gesture clas-
sification valid is obtained from the training data with an heuristic trying to maximize
true positive and minimize the false positive rates.

¢ ResNet+ResNeXt is a method proposed by Kopiiklii et al.(2020) [9]. It consists of a
two-level hierarchical structure with a detector and a classifier. The first is a ResNet-10
trained to distinguish gestures from non-gestures. It activates the classifier model when
a gesture is detected. The classifier is a ResNeXt-101 [101], chosen after testing several
resource-efficient 3DCNNs [102]. The network is fed with the frames in the classifier
queue sent from the detector. To prevent misclassification, the authors placed the raw
softmax probability of the last detector predictions into a queue to obtain the final
detector decisions with a filter applied to the values in the queue. This method is not
comparable with the others because its performances are evaluated using only an event-
based evaluation metric different from those used in the original paper. For this reason,
we added the LA column.

Best results on EgoGesture

Table 2.8 shows the best results obtained on the EgoGesture benchmark. In the following,
we report a description of the corresponding methods.

Method Date|JT (%) |Runtime (FPS)|LA (%)*
TMMF [38] 2021[80.3 |NA NA
C3D [39] 2015|71.8 |112 NA
ResNet+ResNeXt [9]{2020 [NA  |[NA 91

Table 2.8: Performances of the best methods on the EgoGesture benchmark. (*) metric
from [9]

e Temporal Multi-Modal Fusion (TMMTF') was proposed by Gammulle et al. in 2021

[38]. It is a single-stage continuous gesture recognition framework learning the natural
transitions between gestures and non-gestures without requiring a preliminary segmen-
tation step.
Deep features extracted from windows that slide along the video. Data are processed by
individual Uni-modal Feature Mapping (UFM) blocks, composed of temporal convolu-
tion layers and multiple dilated residual blocks. The output feature vectors are passed
through the fusion block, which selects and extracts temporal features using the at-
tention level parameter to create the fused feature vector. This discriminative feature
vector is the input to the Multi-modal Feature Mapping (MFM) block that performs the
classification. The multi-modal fusion mechanism is scalable to any number of modes.

e 3-dimensional convolutional networks (C3D), proposed by Tran et al. in 2015 [39]
indicates a simple yet effective approach for spatio-temporal feature learning using deep
3-dimensional convolutional networks (C3D) trained on a large-scale supervised video
dataset. C3D uses convolutional layers to extract features from a fixed-length window
sliding along the video stream. This choice enables the network to capture spatial and
temporal patterns in the data. In detail, the tested network is composed of eight 3D
convolutional layers, one 2D pooling layer, four 3D pooling layers, three fully connected
layers, and, finally, an LSTM layer. This method was applied in 2018 to the EgoGesture
dataset by the benchmark’s creators and obtained the best results among the algorithms
tested in the original paper [36].

e ResNet+ResNeXt is a method proposed by Kopiiklii et al.(2020) [9]. Since this
method was tested on the NVGesture dataset, we have already presented it in Sec-
tion 2.5.3. This method has also been tested on the EgoGesture benchmark, and eval-
uated using the LA an event-based evaluation metric different from those used in the
original paper. For this reason, we added the LA column. This method is not comparable
with the others since metrics are different.
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Best results on SHREC’19

Different methods have been applied to the SHREC’19 benchmark, and the best results
are summarized in Table 2.9. In the following, we report a description of the corresponding
methods.

Method Date|CD (%)|ML (%)|FP (%)M (%)|T1 Err. (s)|T2-e (s)|T2-s (s)|Time (ms)*|FPR(%)*
OO-dMVMT [10]|2023 |88 NA NA NA |NA NA NA 5.8 5
uDeepGRU |3 201985.2 7.4 3 4.4 0.54 -1.66 0.66 3.0 10

SW-3 cent (3] 2019|75.6 16.3 2.2 5.9 0.58 -0.7 1.61 1.7 NA

Table 2.9: Performances of the best methods tested on the SHREC’19 benchmark. (*) metric
from [10]. CD: percentage of gestures detected in the correct time window and correctly
classified, ML: gestures detected in the correct time window and mislabeled, FP: percentage
of false positives encountered before the true gesture, M: percentage of missed detections,
T1 Err.: average error in estimating the initial mark T1, T2-e: average distance, in time, of
the detection frame from the end mark, T2-s: average distance of the detection frame from
the start mark.

e On-Off deep Multi-View Multi-Task (OO-dMVMT) refers to a continuous ges-
ture recognition framework proposed by Cunico et al. in 2023 [10], more informations
about this method will be discussed on Section 4.4.

e uDeepGRU, by Maghoumi et al. is an extension of the Deep GRU approach pro-
posed by the same authors in 2019 [88], used by them to participate in the SHREC’19
contest [3]. It adapts the original method to work in online application scenarios.
uDeepGRU is an end-to-end deep learning-based unsegmented gesture recognizer. It
features an encoder and a classification sub-network. The former uses Gated recurrent
units (GRU), and the latter exploits fully connected layers followed by batch normal-
ization and dropout. To reduce the over-fitting due to the small size of the SHREC’19
training set, the authors removed the attention sub-network used in the original Deep-
GRU method. To cope with the limited amount of training data, this method also puts
a particular emphasis on data augmentation, using four different methods: stochastic re-
sampling (GPSR), Fourier coefficient perturbations, time-series inversion, and rotation.
This method obtained the best performances in the SHREC’19 contest.

e SW-3cent was the baseline method proposed in [3] and derived from a simple trajectory
comparison-based technique (3-cent [40]) applied using sliding window method. The
method tests sliding windows of different sizes (the average size of the gestures in the
training classes), comparing them with the labeled examples. The comparison involves
the resampling of the trajectories to obtain the same number of points using spline
interpolation, the application of transforms to superimpose centroids, and scaling to fit
a fixed-size bounding box. Finally, the trajectory distances are estimated as the sum of
squared distances between pairs of points at the same index.

Best results on IPN Hand

Table 2.10 shows the best results obtained on the IPN Hand benchmark. In the following,
we report a description of the corresponding methods.

Method Date|LA (%)|Model size (MB)|Inference time (ms)
EUREKA [103] [2022(87.5  |NA NA
FASSD-Net [104]{2021|77.26 |NA 28
TMMF [38] 2021]68.12 |NA NA

Table 2.10: Performances of the best methods tested on the IPN Hand benchmark.
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e EUREKA is a method proposed by Peral et al. in 2022 [103], which consists of two main
modules: the first focuses on the localization of landmarks in 2D images, and the second
predicts the hand gesture class. In this architecture, the Google Mediapipe [29] detector
is applied to find the hand landmarks. A scaling- and translation-invariant feature vector
is then extracted from the raw landmark positions and used as the input for a densely
connected convolutional neural network to classify hand gestures. To recognize dynamic
gestures, encoding the spatial changes among landmarks’ positions and over time, they
proposed a frame selection strategy. For each gesture, they selected 15 keyframes from
which they extracted hand positions and three features (Distances, DistAnd Time, Dist-
Time) to be used as inputs to the neural network. The keyframe selection is not trivial
in continuous time, that is why a multiple-sized window approach is executed. This ap-
proach consists of taking the model’s prediction result of three different-sized windows
and giving priority to the window with the higher score.

e Fast and Accurate Semantic Segmentation with Dilated Asymmetric Con-
volutions (FASSD-Net), is proposed by Benitez-Garcia et al. in 2021 [104]. This
architecture employs a lightweight semantic segmentation approach to boost the ac-
curacy of two efficient hand gesture recognition methods: the Temporal Segment Net-
works (TSN) and the Temporal Shift Modules (TSM). The FASSD-Net is based on
the Harmonic Dense-Net architecture (HarDNet [105]) for the real-time semantic pixel
segmentation (this architecture can segment pixels into the background, human shape,
left and right hands). Two main modules are added to the U-shape encoder-decoder
of HarDNet to increase the segmentation performance. Dilated Asymmetric Pyramidal
Fusion (DAPF) increases the encoder’s receptive field, while Multi-resolution Dilated
Asymmetric (MDA) fuses and refines multi-scale feature maps that are deeper stages of
the network’s outputs. To divide the sequences into clips, the authors took their inspira-
tion from the Temporal Segment Network (T'SN) [106]; this model presents a two-stream
CNN combining RGB-based and Optical Flow-based networks. However, in this work, a
single CNN is used (RGB input). Since the model learns frame-wise, it cannot infer any
temporal relationship, so the authors added a temporal shift module (TSM) [107] to shift
part of the channels along the temporal dimension, facilitating information exchanged
among neighboring frames.

e Temporal Multi-Modal Fusion (TMMF) is introduced by Gammulle et al. in
2021 [38]. Since this method was tested on the EgoGesture dataset, we have already
presented it in Section 2.5.3; this method has also been tested on the IPN-Hand bench-
mark, but the results are significantly worse than those obtained using the best methods.

Best results on Mlgesture

Table 2.11 shows the best results obtained on the Mlgesture benchmark. In the following,
we report a description of the corresponding methods.

Method Date|mAP (1-frame latency)
MC TCN [4]  |2020/0.83
BLLSTM [4, 108][2020|0.74

Table 2.11: Performances of the best methods on the Mlgesture benchmark for the low-
latency continuous detection task

e Mixed-Causal Temporal Convolution Network (MC TCN) is proposed by
Maarten et al. in 2020 [4]. This method exploits a 2D CNN to generate an embedding
vector for each video frame. The temporal domain is then modeled using a 1D TCN. The
fundamental block of the architecture, called BB, is formed by concatenating multiple
TCN basic blocks. The first layer of BB consists of a 1D dilated convolution with a kernel
size of k = 3. The dilation factor is doubled for each subsequent BB, following a pattern
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of 1, 2, 4, 8, and so on. This exponential growth in dilation allows the network’s recep-
tive field to expand significantly. A group of consecutive BBs forms a stage. To create
deeper networks, multiple stages can be stacked on top of each other, and the dilation
factor is reset to 1 at the beginning of each new stage. This design enables the network
to capture temporal dependencies effectively by increasing the receptive field through
dilated convolutions in the TCN, facilitating better recognition and understanding of
complex spatio-temporal patterns in video data. To boost the performance for predic-
tions close to the right edge, the method uses causal convolution, which only looks at
present and past activations, combined with a regular (non-causal) dilated convolution.
For this reason, the configuration is called Mixed-Causal. The authors also proposed a
variant of the architecture employing the SqueezeNet V1.1 [109] spatial encoder instead
of the ResNet18, resulting in a large reduction in the number of parameters with limited
loss in accuracy. In the proposed online recognition framework, MC TCN is used in a
sliding-window based fashion over all frames in the video.

Bidirectional LSTM Networks (BI-LSTM) The previous method is the top per-
forming for the continuous task in the paper presenting the benchmark [4]. Among the
other methods compared in the paper, the second best was Bidirectional LSTM Net-
works (BI-LSTM), proposed by Rocha et al. in 2005 [108]. In the bidirectional approach,
inputs are processed in two directions: from past to future and from future to past. This
bidirectional approach provides a more comprehensive understanding of the sequence
and contributes to the model’s enhanced performance. The authors of [4] used BI-.LSTM
with the same sliding window protocol adopted for MC TCN and other classifiers for
the online recognition.

Best Methods for LD-ConGR

Table 2.12 shows the best result obtained on the LD-ConGR benchmark. In the following,
we report a description of the corresponding method.

Method Date|JT (%)
ResNeXt-MMTM [103]]2022 [34

Table 2.12: Performances of the best method tested on the LD-ConGR benchmark.

Resnet-Xt Multimodal Transfer Modules (ResNeXt-MMTM) is the model pro-
posed for the benchmark by Liu et al. in 2022 [5]. The authors built a baseline method on
ResNeXt-101 [101] and tested the recognition performances on single (RGB or depth)
input modalities. Additionally, they developed a multimodal fusion model ResNeXt-
MMTM inspired by [110] fusing the features of different modalities at multiple layers
through Multimodal Transfer Modules (MMTMs). MMTM learns a multimodal em-
bedding and fine-tuning the features of each modality. In their architecture, features
extracted from both the RGB and depth streams are combined by the MMTM after
each ResNeXt block. After passing the fully connected layers, the feature vectors are in-
tegrated with an element-wise addition and passed through a softmax layer to have the
prediction of the result. For the continuous recognition test, the classifiers are used on
a 32-frame window sliding over the video sequence (with a temporal stride of 2 frames).

Best results on SHREC’22

In Section 3.6, we show the best results obtained on the SHREC’22 benchmark, and we

report a description of the corresponding methods.

Best Methods for ODHG

Table 2.13 shows the best results obtained on the ODHG benchmark. In the following, we

report a description of the corresponding methods.
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Method  |Date|AUC (%)|TPR (%)|FPR (%) |NTtD
HSTV [79][2022 |91 85 17 0.2104

Table 2.13: Performances of the best methods on the ODHG benchmark

e HandShapeTemporalVariation (HSTV) proposed by Wannous et al. [79] and al-
ready described in 2.5.3 was applied to this benchmark by their creators. Also in this
case the authors tuned a probability detection threshold based on the ROC curve plot,
obtaining the results plotted in Table 2.13. The false detection rate is clearly too high
for a practical use of the system.

Best Methods for ZJUGesture

Table 2.14 shows the best results obtained on the ZJUGesture benchmark. It is necessary
to note that since the ZJUGesture benchmark was introduced in 2022, the only available
results are those presented in the original paper. In the following, we report a description of
the corresponding methods.

Method Date|LA (%) |Speed(seg/s)| GFLOPs|Parameters(M)
MotionNet + GestureNet [7]/2023|92.4 173 2.0 10
P3D ResNet [111] 2017|78.2 57 15.9 25
C3D [39] 2015(76.1 28 129.9 99

Table 2.14: Performances of the best methods on the ZJUGesture benchmark

e MotionNet + GestureNet, is an online lightweight two-stage framework for the detec-
tion and classification of dynamic gestures proposed by the creators of the benchmark [7].
The architecture is composed of a detection module and a gesture recognition module.
Input videos are pre-processed by using a sliding window with length 4 and stride 2.
Differential images are also estimated and concatenated to the RGB images. The detec-
tion module, MotionNet [112], aims to determine if there is a gesture execution in the
raw video stream and then sends the isolated gesture to the recognition module. Their
gesture classification module, GestureNet [113], is a temporal relation reasoning network
that aims to process the cleaned gesture sequences and identify them. Furthermore, they
have added a state machine to process the results of the gesture recognition network so
that each classified gesture responds to a single-time prediction.

e Pseudo-3D Residual Net (P3D ResNet) proposed by Qiu et al. in 2017 [111], is a
network architecture that leverages all the variations of blocks found in ResNet [114] but
arranges them in different positions within the architecture to enhance the structural
diversity of the network. Pseudo 3D CNN reduces the model size of a ResNet and
enables the pre-training of 2D CNN from image data, increasing the leveraging power
of the knowledge of scenes and objects learned from images. The original method only
supported the trimmed video clips containing a single gesture, so the ZJUGesture’s
authors used their detection module to cut the video into small sequences and pass
them through the P3D ResNet.

¢ 3-dimensional convolutional networks (C3D) which is already described in Sec-
tion 2.5.3, is also tested in [7] on the ZJUGesture benchmark. The Levenshtein accuracy
is lower than those obtaines with the previous techniques, but the method is significantly
faster than the others.

2.6 Data Augmentation

3D gesture recognition is challenging due to the complexity of movements in 3D space
that involve varying trajectories, speeds, and orientations, making accurate capture and
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interpretation difficult. Gestures can vary significantly between individuals in terms of style
and physical characteristics [35]; they can also differ from one execution to another, even
when the same user performs them, due to tiredness, time constraints, and body pose.

Gesture recognition is typically performed by using classifiers trained on a limited
number of examples executed by a few subjects. A possible preprocessing tool to solve this
problem is data augmentation, which can enrich the training data with diverse variations
of labeled gestures, significantly enhancing the results. Additionally, data augmentation can
mitigate overfitting by exposing the model to a broader range of inputs, allowing it to learn
more effectively from the available data.

Generating synthetic examples of gestures with perturbations of the existing training
data is easy. We can change the speed, position, orientation, size, or appearance of the hand,
and the additional training data obtained can improve the classification results, simulating
the gesture executions of different subjects. The training of recognizers with augmented
sets has been proposed in video-based gesture recognition works [115-118] to improve the
robustness with respect to color, illumination, and background variations, on 2D gesture
recognition based on finger trajectories [119] and some approaches have been recently pro-
posed for non-continuous skeleton-based recognition [120].

In the continuous domain, however, the real problem is different, and it is how to fill
the non-gesture space with synthetic data. The characterization of sequences labeled as non-
gesture and the generation of synthetic data of this kind of data is complex, as sampling the
non-gesture space in the few sequences typically provided in the benchmarks is poor. The use
of limited examples of non-gesture in the training phase is one reason for the non-negligible
amount of false positives obtained by continuous recognizers. To the best of our knowledge,
the effect of augmentation on continuous gesture recognition has not been studied in the
literature. A key characteristic of the task is that gestures should be distinguished from non-
gesture movements and then classified in continuous recognition. This can be obtained by
adopting a sliding window approach or separate segmentation modules, which is not easy in
the case of heterogeneous gesture types. The sliding window approach continuously classifies
fixed or variable size gesture segments using methods that are trained to distinguish gesture
subparts from "non-gestures" windows [38—40].

Gesture data streams described by keypoint trajectories (2D fingertips or 3D skeleton
points) can be augmented with two approaches: classical and generative. Classical methods
perturb the points in the sequence, while generative models learn the underlying distri-
bution of the motions to produce new gestures. Generative approaches include Generative
Adversarial Networks (GANs) [121-123] and non-adversarial networks [124]. Both networks
require training a large model before creating new samples, meaning that a large initial
gesture dataset is required. Thus, they are not applicable in customization scenarios with a
small initial dataset, in which classical augmentation methods are still preferred.

The well-known classical augmentation methods are focused on trajectory perturba-
tion. These augmentations include adding noise, interpolation, scale, rotation, translation,
and other transformations commonly defined by matrix multiplications [125,126]. Adding
noise is a data augmentation method applicable to skeletal gestures [124,127], and it was
shown to increase performance over a baseline with no augmentation. We consider the com-
bination of spatial and temporal resampling into an interpolation category [120, 128-132],
because varying the number of frames in a continuous dataset while maintaining a constant
FPS ratio alters the perceived speed, potentially resulting in a bad sample. Scaling augmen-
tation can help models adapt to varying sizes of executed gestures, improving the rate of
recognition [120,128]. Methods that rotate trajectory points are commonly used in the liter-
ature [133,134] since a gesture can be executed from different angles. However, hand gestures
can be recognized based on the hand trajectory combined with hand pose, so besides the
trajectory augmentation method, it is possible to create synthesized samples that augment
the pose of the hand. In this work, we applied the global hand pose rotation creating a
new type of augmented data. Finally, in Shen et al. [120] to change the hand’s joint pose, a
random number of finger joints are selected, and the Gaussian shift is applied as noise. In
our work to keep the correlation between linked finger joints, we decided to add the same
random shift to every finger.
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A study from 2021 tested skeletal augmentation with a custom LSTM-based rec-
ognizer [133] and found that augmenting data by reversing the trajectory and applying a
shearing operation increased accuracy for the NTU RGB+D dataset. Other work applied
chains of different augmentation techniques to single-2D joint time-series data [119] and
found a significant performance increase. As in these studies, our intent is not to generate
realistic samples, but to increase the system’s final accuracy through unsupervised aug-
mentation methods. Another recent study of various skeletal data augmentation techniques
included spatial and temporal augmentation [135]. They found that some of these techniques
improve recognition when using CNNs, LTSMs, and CNN-LTSMs. However, they only tested
the different techniques separately and not the union of synthetic gestures generated by all
methods as is done in this paper. Notably, in their experiments, the performance of CNNs
decreased below the baseline when using cropping, translation, scaling, and projection. In
the paper by Rao et al. [133], rotation and Gaussian noise are used similarly to our approach.
However, their work utilizes a Kinect dataset from a virtual reality environment, whereas
we use the SHREC’22 dataset, which is recorded in a mixed-reality environment. In Chap-
ter 5, we investigate the effectiveness of augmentation techniques for the online/continuous
detection of heterogeneous gestures (e.g., including static and dynamic gestures character-
ized by changes in hand position and articulation) that can be used to interact in an XR
setting. We leverage a recent benchmark designed for this task, SHREC’22 [6], testing how
augmentation methods can improve the online detection performances through the specific
criteria introduced by this benchmark.

2.7 Discussion

The outcomes of [17] are significant and interesting and show that while gesture recognition
is a hot topic in the literature and promising results are being obtained in the field, there
is a need for new efforts aimed at creating benchmarks and evaluation methods to test
recognition systems designed for interactive applications in realistic settings. In this section,
we discuss the characteristics of the surveyed benchmarks in Chapter 3 and Chapter 2, and
the evaluation results, pointing out the main issues found in our analysis and trying to
propose new research directions for future work that take inspiration from them.

Egocentric m Exocentric

31%

# times used
O R NWHAULON®

RGB-D RGB HandPose IMU Opt.flow IR Thermal
Input data type for recognition Camera view

Fig. 2.14: (a) Fig. 2.15: (b)

Fig. 2.16: (a) Data types used as input for the recognizers in the different benchmarks. Blue
bars indicate video streams, and orange bars key point data streams. Most of the benchmarks
are based on videos. (b) Most of the benchmarks feature data acquired from an exocentric
view.

2.7.1 Characteristics of the benchmarks
Few benchmarks are available

Despite our extensive search, we did not find many benchmarks, and it is clear that more
effort is needed to allow the scientific community to compare different approaches for con-
tinuous gesture recognition.
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Looking at Figure 2.14, it is evident that the data mostly comprises of RGB-D images,
and there are no public benchmarks for continuous recognition based on gloves or sEMG
data. There is a reasonable number of benchmarks with hand skeleton data. This feature is
helpful, as XR headsets and other devices directly provide the skeleton data, resulting in a
drastically simplified input for gesture recognition. However, the related datasets feature a
limited number of subjects, which may be a relevant issue for generalizing their results. A
further interesting aspect of the skeleton-based benchmarks, not covered in the literature,
is the investigation of how much the recognition results are affected by the inaccuracy of
the hand pose estimation. Skeletons are mostly obtained with computer vision algorithms
applied to RGB, IR, or RGB-D images. While different finger trackers have been evaluated
and compared for generic accuracy performance [28], it is not apparent that by how much
gesture recognition is robust against pose estimation errors. The hand tracking performances
may heavily depend on the position/orientation of the hand to the sensor, occlusions, and
illumination; this may limit the accuracy of the recognition in practical settings, even if
the systems work well when the pose estimation is correct. By looking at Figure 2.15 it is
apparent that most of the benchmarks are recorded in Exocentric view, and all of them use
cameras for recording (In [1] IMUs are used in addition to the cameras). A more significant
number of egocentric datasets with different dictionaries would be helpful to assess occlusion
issues for gestures captured from this viewpoint.

A possible explanation for the limited number of benchmarks and their weaknesses is
the fragmented research community working on this topic. Most of the benchmarks (8) have
been proposed in conferences and journals of Computer Vision and Pattern Recognition
(where algorithms’ benchmarking is quite popular), others (2) have been proposed within
the Computer Graphics community, and only one has been introduced in an interaction
focused journal.

One possible reason for the HCI community’s limited effort is that using fixed dic-
tionaries is a strong constraint for interaction designers, and a viable alternative would
be to create a system enabling them to interactively generate and update sets of gestures
to be recognized at runtime. Some recent research papers describe frameworks designed
for this task [136-138]. This approach follows ideas that were successfully applied to 2D
gesture-based interface design. However, testing proposed methods using realistic scenarios
and standardized measurements for tasks that involve recognizing complex gestures is im-
portant. This approach helps in selecting the most effective and optimal gesture recognition
methods.

Number of subjects, subjects’ diversity

As shown in Figure 2.17, only three surveyed datasets present a large number of subjects
that executed the gestures (> 50). A limited number of subjects and the lack of precise
characterization of the participants, such as age and cognitive and spatial ability, limit the
generalization of the gesture recognition results to any target users.

Benchmarks’ data should be captured on a large set of subjects representative of a
generic population and collected with associated metadata, allowing an analysis of recogniz-
ers’ performance for different subsets of target users. Gestures can be executed in different
ways and with different speeds, and even the same person may change the execution due
to varied physical or mental states. It is challenging to capture datasets with many sub-
jects of different conditions, collecting all the related metadata. However, the availability
of benchmarks with this variety would enormously help the development of new methods
with good usability in the wild. None of the considered benchmarks evaluate the per-subject
performances of the methods. This feature is essential to assess the potential gesture-based
interface’s accessibility regarding the recognizer. While considering bio-mechanical hand
functions ergonomics 72|, evaluating gesture dictionaries is important, especially when sub-
jects must perform many hand poses/movements. In this situation, it is possible that the
subjects cannot easily execute some of the gestures due to individual limitations. The col-
lection of data from a large variety of subjects could also be exploited to reason about the
accessibility of gestural interfaces for people with different types of abilities.
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Fig. 2.19: (a) Most of the benchmarks feature a relatively small number of gestures classed in
the dictionary (< 15), even if typically of heterogeneous types. (b) The number of subjects
performing gestures is extremely variable.

Limited or missing class-related analysis and evaluation of dictionaries

Most of the surveyed papers, including those that describe contests or introduce a bench-
mark, present a limited analysis of the results. In particular, a limited number of conducted
research presents a per-class results analysis focusing on the effectiveness of the proposed
methods for the different gesture labels. Some of the benchmarks feature a relatively high
number of gesture classes (see Figure 2.18), and evaluating how the methods perform for
individual or clustered labels could provide quite interesting results.

The performance analysis on different gesture categories (static, dynamic coarse/fine)
have been presented in [137], and the obtained results are of interest since they show that
different methods can perform better for different categories. Researchers can exploit these
outcomes to design improved techniques by combining multiple recognizers. In [77], the
dictionary consists of related classes subsets to different application domains that enable the
assessment of the performances for a particular use.

However, from the interaction design point of view, an interesting research direction
could be related to selecting optimal gesture subsets that are less prone to errors and more
suitable for reliable user interface design. This important aspect should be considered to
improve the results obtained on the benchmarks, which are far from optimal, as discussed
in Subsection 2.7.2.

Evaluation metrics are not standardized

As discussed in Section 2.4, the continuous task can be evaluated with many different metrics.
The surveyed benchmarks use metrics that are all different from each other. Looking at
Table 2.4, Table 2.12 and Figure 2.20, we see that many benchmarks evaluate continuous
gesture detection using frame-based metrics only; also, the Jaccard index, which is a frame-
based metric is the most used one. We consider this to be a non-optimal choice, as the
frame-based metrics do not test missed or repeated detection and present relevant biases in
evaluating gestures of different time lengths.

We emphasize that evaluating false positives is as important as the classification accu-
racy for verifying the methods’ suitability for practical use. Therefore, event-based metrics
are also necessary since they are useful to estimate the feedback delay. However, since their
values depend on thresholds (related to the detection criteria), a standardized way to define
the "correct gesture detection" would be necessary. In practical use, continuous recognition
algorithms run on machines with different hardware resources, and evaluating the compu-
tational requirements of the methods is also essential.

A reasonable design guideline for creating a continuous gesture recognition benchmark
is to provide multiple evaluation metrics for correct event detection, false positives, detec-
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Fig. 2.20: Occurence of the different evaluation metrics used to assess the method’s per-
formances in the 12 benchmarks reviewed. JI=Jaccard index, FPR=false positive ratio,
AUC=area under receiver-operator characteristic curve, NTtd=normalized time-to-detect,
LA=Levenshtein Accuracy, mAP=mean area precision. Orange bars indicate frame-based
metrics, blue bars indicate event-based metrics, and green bars are efficiency-based metrics.

tion delay, and hardware requirements. Standardizing the metrics and the gesture detection
criteria would also be helpful.

2.7.2 Performance of gesture spotting methods
Results are not really good

The best results reported in Subsection 2.5.3 indicate that the number of missed gestures
and false positives is significant for all the benchmarks.

In many potential applications of gesture recognition, we cannot accept a detection
rate of 90% or a false positive rate of 10% because, in an extended interaction where many
gestures need to be recognized, a huge amount of actions would not be activated or would be
wrongly activated. Note that this issue is only captured by performing a proper event-based
evaluation of the methods. In some cases, these bad results depend on the fact that bench-
marks are old and not many recent techniques have been tested on them. Another reason is
that few authors work on continuous tasks, whereas many papers only focus on segmented
tasks. A further explanation for the sub-optimal results may be due to the challenging
dictionaries, often including heterogeneous gestures with different durations and semantic
characterization (static, dynamic, coarse, and fine). Specific strategies could be developed to
cope with this issue, for example, using different modules to detect different gesture types.
Papers often report the results only as averages across all the classes in the dataset. For
specific subsets of gesture labels, the accuracy in detection and the false positive ratio can
be much better, meaning that it is possible to exploit these subsets to develop more reliable
and usable interfaces. We did not find this kind of analysis in the reviewed works.

Comparison of different approaches

The analysis of the best-performing methods in the surveyed benchmark suggests that the
two most popular approaches to address online detection, the first based on two modules
(temporal detection and classification), and the second avoiding a preliminary segmentation
and labeling frames or intervals with a sliding window approach, are used essentially with
the same frequency. Looking at the results, there is no firm evidence of the advantages of one
of the approaches, and this aspect needs further investigation. While two-module methods
perform best on most of the benchmarks, in some, e.g., SHREC’22, the best method uses
a single classifier model with a sliding window approach. Another relevant fact is that,
in the latter work, the sliding window has been trained and is tested with fixed-length
windows, meaning that the frame labeling relies on recognizing sub-parts of the gestures.
This approach was successful and allows early detection with a bounded delay but could
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have problems in the case of dictionaries with long gestures containing similar sub-parts. In
other methods, such as EUREKA [103] or SW-3cent [3], that use both sliding windows or
segmentation modules, the classifier is instead trained on complete gesture templates and
tested on variable-size windows. This approach was the most successful on IPN Hand [103].
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Fig. 2.21: Occurrence of different classifier types in the 23 methods performed applied on
the proposed benchmarks and reviewed in our work.

CNN is the most popular choice( Figure 2.21) concerning the used classifier type for
the detection/classification modules. One important reason for CNN models’ popularity is
that they are faster than other methods, decreasing delay time. Using recurrent networks,
transformers, or graph networks to handle skeleton data does not provide relevant advantages
and may increase the complexity of the architecture. This outcome may be due to networks’
training difficulty with limited data. It is also worth noting that, even if most techniques
are based on neural networks, the models’ input does not always consist of the raw data. In
many cases, especially for skeleton data, the input of the networks is not the original data
sequence but a stream of handcrafted features derived from them (such as distances of finger
key points or speeds).

Continuous vs. segmented benchmarks

As seen in Section 2.1, most of the methods proposed in the gesture recognition literature
only focus on segmented gesture classification and are tested on related benchmarks like
SHREC’17 [43], VIVA [41], LAP RGB-D Isolated Gesture Dataset (IsoGD), Jester [44].
We did not consider them in our survey as we focus on continuous evaluation, but we must
recognize this large amount of literature. It is evident that a large number of Computer
Vision researchers prefer to develop and test methods for this simplified task, and this is
also evident considering that the most cited benchmark papers analyzed here are those
including both a continuous and a segmented task evaluation (NVGesture, Montalbano,
Egogesture). Most of the works citing those papers only worked on the segmented task. The
reason for this is probably because it is easier to train classifiers for the segmented tasks and
evaluate the results, comparing them with state-of-the-art, even if we need to cope with the
continuous recognition in many practical applications. The outcome of the works dedicated
to the segmented task is interesting for us, as the "continuous" and "segmented" tasks are
obviously linked. We can take the best methods for segmented gesture classification and
use them continuously by adding a sliding windows approach [82] or a gesture segmentation
module. This procedure, however, is not straightforward. The training approach must be
specifically designed for the continuous task, independently of the testing approach, as the
non-gesture sequences interleave the gestures’ data with non-meaningful hand movements
that may be highly variable and present significant differences in training and test data. The
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specific training procedures must cope with a considerable class imbalance (non-gesture is
more represented). The false positives issue needs to be addressed with care. It is impossible
to understand the performances of the classifiers in a realistic continuous setting based on
the classification results using the segmented benchmarks.

Adapting classifiers that are used for segmented tasks to a continuous setting has been
proposed in [10]. Using a sliding windows approach, the authors adapted the best methods
on the DHG14-28 and SHREC’17 benchmark for working online on the SHREC’22 task.
They had to retrain the networks on fixed-length windows, including a non-gesture class.
Other efforts of this kind could be beneficial to develop better recognizers.
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Chapter 3

Benchmarking Continuous Hand Gesture Recognition

The Shape Retrieval Contest (SHREC) is an annual competition that focuses on evalu-
ating and comparing methods for shape analysis and retrieval in various domains, including
computer vision, computer graphics, and related fields. Since its origin in 2006, SHREC has
expanded and has welcomed related evaluative works on classification, correspondence, and
segmentation.

During my PhD research, I contributed to the SHREC’22 online gesture recogni-
tion benchmark [6], where I was involved in its design and organization, this chapter is
adapted from that benchmark [6], in which I detail the design, contributions, and out-
comes of SHREC’22, highlighting its impact on advancing gesture recognition research. The
SHREC’22 benchmark focuses on single-hand gestures and introduces a diverse gesture dic-
tionary evaluated in mixed-reality environments using the HoloLens 2 hand tracking system.
It emphasizes key metrics like false positive rates and recognition latency, which are often
overlooked in previous benchmarks.

3.1 SHREC 2022

To build Gestural interfaces, it is necessary to implement effective recognizers that are able
to cope with a sufficiently large dictionary of gestures of different types (hand motions, hand
articulations, static poses). To evaluate the potential effectiveness of these algorithms, it is
not only necessary to test the ability of the methods to classify segmented gestures but also
to test how well they avoid false detections and which is their detection latency.

As we already discussed in Chapter 2, not many of the existing benchmarks are
optimally suited for this, so we created a novel one and organized a related contest. The
main contributions of the dataset, task, and evaluation method described here are:

e The benchmark is specifically designed for generic mixed reality interaction development
and directly captured with the hand tracking system of the Hololens 2 headset, there-
fore featuring the same viewpoint, field-of-view, and temporal resolution. The methods
tested on this benchmark could directly be applied in an interactive application devel-
oped on the same platform, locally, or via a client-server architecture, depending on the
computational complexity.

e The benchmark features heterogeneous gestures, including static ones (fixed hand pose
for at least 0.5s), dynamic coarse (characterized by whole hand trajectory), dynamic fine
(where the semantic also depends on finger articulations), and periodic (with repeated
movements) gestures. With respect to the only previous benchmark for online gesture
recognition (SHREC 2021 [8]), the dictionary has been changed, removing ambiguous
classes, avoiding annotation issues affecting that dataset and introducing the class of
periodic gestures.

e The evaluation measures online performances, not only considering non-gestures and
false positives but also evaluating the recognition latency, which is an important factor
in assessing their usability in an interactive application.
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Fig. 3.1: Gesture acquisition: the subject hears vocal commands suggesting pre-defined se-
quences of non-significant movements and gestures.
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Fig. 3.2: The 16 gestures in SHREC’22 vocabulary: static (top row), dynamic coarse (middle
row), dynamic fine (bottom left) and periodic (bottom right).

The task proposed in the SHREC 2019 track on online gesture detection [3]) is to find
gestures in hand skeleton sequences, thus addressing the problem of avoiding false positives,
but the dictionary was limited to simple dynamic gestures characterized by the mere hand
trajectory. The task proposed in the SHREC 2021 track on Skeleton-based Hand Gesture
Recognition in the Wild was better suited to test the potential use for XR interaction of
complex gestures, as it featured static, dynamic-coarse, and dynamic-fine gestures and used
an evaluation method based on detection rate, false-positive score. However, the dataset has
some weaknesses: first, some gestures are ambiguous, as we found that, at the end of the
execution of some dynamic gestures, there are static poses of the hand similar to the "point-
ing" gesture included in the dictionary but not annotated. Furthermore, the annotation of
many dynamic gestures was limited to a very short segment of the whole hand movement.
Finally, the evaluation did not consider the recognition latency.

3.2 Novel dataset, task and evaluation

For the reasons we mentioned, we created another dataset to try to overcome the issues of
the previous ones and use the data captured by the head-mounted display directly.

The dataset is composed of 288 sequences, including a variable number of gestures
(i.e., 3 to 5), divided into two subsets of the same size: a training set, with annotations
provided to participants (start and end frame of the gestures with related label), and a test
set where the gestures have to be found according to the task requirements.

Fingers data were captured with a Hololens 2 device simulating mixed reality inter-
actions. The gestures in each sequence are interleaved with other hand movements. In the
acquisition session, the Hololens 2 app was programmed to ask the subjects (with a vocal
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ONE TWO THREE FOUR OK MENU LEFT RIGHT CIRCLE V CROSS GRAB PINCH DENY WAVE KNOB
Min length 21 24 15 23 22 20 11 11 25 17 24 19 22 31 27 37
Max length 72 59 71 69 52 59 37 32 64 37 50 70 61 81 73 79
Avg. length 34.1 37.4 38.6 37.3 34.0 33.0 19.6 18.6 45.4 27.2 37.5 39.9 36.2 47.8 454 54.7

Table 3.1: Minimum, maximum and average lengths of the gestures (background colors
indicate gestures’ types.

command) to start specific gestures at randomized time frames (Figure 3.2). These time
frames were also recorded, and, for the training set, they were given as additional data to
the participants.

During the remaining time, the subjects were instructed to keep their hands in the
field of view of the tracking system and to freely move the hands avoiding movements in
conflict with the actual gestures from the dictionary.

The sequences have been designed so that both the training and the test set include
the same number of instances of each gesture class (36).

Time sequences were saved as text files where each row represents the data of a specific
time frame with the coordinates of 26 joints. Each joint is, therefore, characterized by 3 floats
(x,y,z position). The frame rate of the acquisition is relatively low and not perfectly stable
(approximately 20 fps), making the recognition scenario even more realistic, considering an
unstable frame rate is a common condition for real applications running on stand-alone
devices with limited performances. Frame data include, however, also the time stamp of the
recordings, making it possible to resample the joint positions at a constant rate.

The gesture dictionary used in this work is similar to the one proposed in SHREC
2021, but with a few important modifications. Specifically, some gesture classes, including
POINTING, TAP, and EXPAND, have been removed. This decision was driven by an in-
depth analysis of the dataset and annotation process.

One of the key observations was that several dynamic coarse gestures, character-
ized by distinctive hand trajectories, often concluded with a static POINTING pose that
persisted for several frames. This overlap made it difficult to reliably distinguish between ges-
tures based solely on final hand positioning. Ideally, these poses could have been separately
labeled as POINTING gestures, but doing so would introduce a high level of ambiguity,
particularly in real-time recognition scenarios. Similarly, TAP and EXPAND gestures ex-
hibited characteristics that closely resembled short segments within other gesture classes.
Their brief duration and limited movement complexity increased the likelihood of misclas-
sification, as gesture recognition models could mistakenly identify parts of other gestures as
TAP or EXPAND. While it is theoretically possible for gesture recognition models to disam-
biguate such cases using contextual information, we opted to focus this benchmark on the
recognition of more distinct, less ambiguous gesture patterns. This ensures a more reliable
evaluation framework while leaving the challenge of context-based disambiguation for future
research. We also found that the annotation of the dynamic-fine gestures (PINCH, GRAB)
in SHREC 2021 did not include the initial global hand movements. In the novel dataset, we
annotated those frames as belonging to the gesture as we consider them as characteristic of
the gesture classes.

As shown in Figure 3.1, we included 16 gestures divided into 4 categories: static
characterized by a pose kept fixed (for at least 0.5 sec), dynamic coarse, characterized by a
single trajectory of the hand, dynamic fine, characterized by fingers’ articulation, periodic,
where the same fingers’ motion pattern is repeated more times. For each of these categories,
the features actually determining the related semantics are different, and, in principle, it
would be possible to develop specialized approaches for their classification. None of the
participants, however, considered this option.

Table 3.1 shows the minimum, maximum, and average length of each gesture in the
training set. It is possible to see that the static gestures are kept for variable times. Their
semantics, however, do not depend on the full length. We expect, therefore, that they can
be recognized just after the start frames. The algorithms should, however, avoid multiple
detections within the annotated interval.
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Dynamic gestures have a variable time length, and their semantics are, in princi-
ple, dependent on the full duration, with the exception of periodic ones that may be fully
characterized by the first occurrence of the repeated sequence.

3.2.1 Task and evaluation

Participants were asked to create an online classification method based on training sequences
and to process the test sequences, not only annotating the predicted start and end of gestures
but also indicating the last frame of the sequence used to perform the prediction, giving the
indication of the minimal classification delay (not including the algorithm’s execution time).
The evaluation was automatically performed with a script counting the number of correct
gestures detected, the false positive score, and the minimal detection delay. A detected ges-
ture is considered correctly detected if it has the same label as the ground truth annotation
and its time window has an intersection with the annotated one larger than half the ground
truth length. We call detection rate the ratio between the number of correctly detected ges-
tures of the class and the corresponding ground truth number. The false positives’ score is
the ratio between the number of gesture predictions not corresponding to real ones (e.g.,
with no intersection with annotated ground truth gestures) and the total number of gestures
of the same class included in the test set. The script also evaluates the Jaccard Index (JI),
e.g., the average relative overlap between the ground truth and the predicted annotations
of frames belonging to each gesture class in the sequences. This metric had been employed
in other online action and gesture recognition contests [139,140].

An important novelty of our benchmark is the evaluation of the detection delay,
estimated as the difference between the actual gesture start and the reported timestamp of
the last frame used for the prediction and is related to the algorithmic detection strategy.
Given this estimate, it is possible to evaluate the average delay of the gestures’ detection
with respect to the actual (ground truth) starts as well as the time differences with respect
to the gestures’ ends. The analysis of these values gives interesting hints about the usability
of the proposed methods for practical applications. To complete the temporal data analysis,
we also collected the computational time for a single classification step from the participants
(i.e., how much time each method takes to elaborate data for a single classification attempt).

3.3 Participants and proposed methods

Three groups were registered for the contest and submitted up to three results files obtained
with different classification strategies as well as the required additional information on the
algorithms’ runs. We compared their results using the previously described methods against
a baseline method, a modified version of STRONGER [16], an online recognizer based on
1D convolutional neural networks.

3.3.1 Group 1: Two-stage ST-GCN (2ST-GCN)

Method Description To address the task proposed for this task effectively, Group 1 con-
structed their method by adapting a two-stage object detection model: the R-CNN family.
Figure 3.3 illustrates the workflow of the two-stage hand gesture detection architecture.
First, the method leverages the idea of a sliding window with a small window size striding
along the sequences to propose gesture candidates. Those candidates serve as inputs to a
tiny classification model which results in categories of each short sequence. Next, it extends
these sequences to a larger size and feeds them to a large model with both classification
and localization branches. Finally, fine-tuning and matching of the outputs of tiny and large
models are performed to return the final results.

Gesture Proposal Module Group 1 proposes the Gesture Proposal Module, which
comprises the energy-based sliding window and a tiny classification. They borrow the idea
of the energy-based function from [8] to leverage the shift of every joint of human hand
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Fig. 3.3: The workflow of our two-stage hand gesture detection architecture.

over sequences of consecutive frames and calculate the amount of energy accumulated in a
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where w;; is 3D coordinates of finger-joint j at time step ¢ and N is the number of
joints in human-hand.
Next, they utilize a sliding window with a small size [ = 10 to stride over the entire sequences

Fig. 3.4: Spatial-temporal graph neural networks for hand gesture recognition.

with step size = 1 and calculate movement energy at each step. A potential segment w; is
chosen if its energy is higher than average energy from wqy to w;_1.

In the following step, those 10-frame long sequences are fed into a tiny classification
model for early prediction of the gestures category. Based on the structure of the dataset,
which includes 3D trajectories of finger-joints, the authors consider it reasonable to follow the
natural structure of human hands and represent them as graphs containing both spatial and
temporal information. Therefore, Group 1 applies Spatial-Temporal Graph Convolutional
Networks (ST-GCN) [141] with the purpose of learning patterns embedded in the spatial
configuration by exploring the locality of graph convolution as well as temporal dynamics.
Spatio-temporal links are represented in Figure 3.4. The ST-GCN module outputs categories
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along with confidence scores of each short segment. The training of this network module is
based on a 10-frame sequence randomly extracted in the range [first frame—5,last frame+
5] around the labeled gestures annotated in the training set and following the protocol
described in [141]. A non-gesture class is also added to the training procedure to make the
predictions more accurate.

Localization and Classification Module At runtime, when the tiny ST-GCN

in the proposal module classifies a small window as a specific gesture, another ST-GCN
module is activated, processing a window of larger size (L = 80), placed in the in-
terval [last frame — 80,last frame]. The window is defined as: [first frame,last frame]
(last_frame — first frame = 10)
In this part, ST-GCN is used as a backbone feature extractor to exploit the spatial rela-
tionships between finger-joints as well as temporal information. Furthermore, the regres-
sion head for localization and the classification head with a softmax layer is appended
to the graph convolution backbone. The regression head will output two values including
[center pos, gesture len] which denote the center position and the number of frames of
each gesture, respectively (Figure 3.5).

kbone

o

Regression L2
head loss

Classification CE ‘
head loss |

Fig. 3.5: The modified architecture of ST-GCN with both regression and classification heads

o]
—
|

The module is trained as follows: From each annotated gesture in the training se-
quences, including the values of [CLASS, begin frame, end frame], training examples of
length L = 80 between [end frame — L, start frame + L] are extracted. Each sample is
associated with the corresponding ground-truth of center positions and length of gestures
for localization branch training purposes:

start frame + end frame

mid _frame =

2
mid _frame — selected _start frame
GTcenter_pos = T
end frame — start frame
GTgesture_len = — T —

As in the training of the tiny module, examples of 80-frames non-gestures sequences
labeled as a further class are added into the pipeline to improve the model’s discriminating
ability. L2 loss and Cross-Entropy loss are used for training regression head and classification
head respectively.

Moreover, due to the limitation on training data, a stratified 5-fold based on class distribution
is also applied to avoid under and overfitting.

Fine-tuning and Matching Module The output of tiny models from the proposal
module and the output of large models from the localization and classification module are
fine-tuned and go through matching condition checking to decide the last results. More
concretely, the final outcomes must satisfy two matching conditions: the predicted category
from the tiny model is the same as that of the large model, and the overlap ratio of short
segments from the proposal module and predicted segments from the regression head is
larger than zero.
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cls_pred tiny =cls_pred large

IoU([first_frame, last frame], [pred _start, pred end]) > 0
The final outputs consist of 4 components:
[cls_pred tiny,pred start,pred end,last frame]

System Configuration Group 1 submitted the results of two experiments, one based
on a single model (RUN1) and the other on the stratified 5-fold model (RUN2). The average
time for the classification step was 2.1 ms in both cases, running on a single GPU NVIDIA
QUADRO RTX 5000. The group actually planned to perform a further run by adding an
additional feature, the Orientation Histogram [142] to discriminate gestures characterized
by 2D trajectories, but the test was finally left for future work.

3.3.2 Group 2: Causal TCN

Method Description The proposed method by Group 2 is based on a temporal convo-
lutional network (TCN) architecture that employs causal filters preventing any ’leakage’ of
future information to the past. In recent years, TCNs have been found to convincingly out-
perform canonical recurrent neural architectures across a broad range of sequence modeling
tasks [143] by demonstrating longer effective memory and improved stability (mitigating the
vanishing/exploding gradient problem). While there are various TCN-based action recogni-
tion approaches in the literature (see e.g. [83] and the references therein), Group 2 proposes a
notably lightweight network structure that features a very low model size (only 125k param-
eters) and, hence, lends itself for efficient inference even on devices with limited computing
power.

Feature Description Since the given per-frame landmarks are strongly coupled, this
inherent structure should be exploited when designing expressive features. This coupling is
furthermore naturally invariant under the Euclidean motion (e.g., due to a change of camera
position and orientation), and hence, they decided to utilize angles between all anatomically
definable segments as features. This representation for a skeleton configuration is not only
location-viewpoint invariant but is also agnostic to its laterality. However, some of the gesture
classes can only be distinguished reliably if their global context is additionally taken into
account (e.g. MENU and WAVE). Therefore, another artificial segment along a fixed axis in
space was added. As the 26 anatomical landmarks form 25 segments (see Figure 3.6), there
are a total of 26 different joints/vectors yielding 351 angles for each input frame.

Fig. 3.6: Segments joining given anatomical landmarks. Angles between all pairs as well as
with the fixed global axis (arrow right) serve as input features for gesture detection.
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Network Architecture As main building blocks in the proposed model, Group 2
employs causal or unidirectional convolutional filters. Commonly dilated convolutions are
used to build networks with very long effective memory. However, as the contest aims at
randomized temporal sequences of gestures each of which being a short-timed activity, they
opted for non-dilated convolutions. To reduce the complexity of the learning task they follow
a windowing approach, i.e. conditioning the model to detect gestures for short-time windows
containing n consecutive frames. In particular, each window is fed through two convolutional
layers (feature dimensions 64 and 32), each with a kernel size of 5 and followed by a Leaky
ReLU activation. Subsequently, a fully connected, linear layer maps the output of all frames
within the window onto a 17-dim output representing a one-hot encoding of the probabilities
of the 16 gesture classes and a background one. The common cross entropy, together with a
L regularization term, is employed as a loss function.

Training As within the training data, every gesture appears 36 times, Group 2 de-
cided to perform a stratified six-fold approach on the occurrences to split into training and
validation sets. They trained six different models, in order to take all available information
from the six trained models into the prediction phase. They sample the input windows of
length n = 20 for every gesture s.t. window and gesture are at least featuring 50% overlap in
order to not provide the network with practically meaningless gesture chunks. Additionally,
they sample background windows following the same rule. However, since the amount of
background windows outnumbers the amount of gesture windows by an order of magnitude,
only 10% of background ones are considered for training, drawn randomly. Training is per-
formed with a batch size of 15 for 100 epochs. In every step exponential moving average is
applied to the model parameters to track averaged parameters for prediction. For every 1000
batches, these average parameters are employed to determine the accuracy of the validation.
Finally, the parameter set featuring the highest validation accuracy over all evaluations is
chosen as the final parameter.

Online Detection For every frame, voting contributions from every window it be-
longs to are collected, i.e. a frame gets up to n single votes for a label within its temporal
context. This indicates that there is a constant delay of n — 1 regarding the gesture start
prediction. Each window label prediction is ensembled from the output logits across k nets.
To this end, logit vectors are normalized (Ls), summed, and finally evaluated with argmaz
to assign a class label.

In order to deal with fuzzy gesture endings, Group 2 applies a simple post-processing
strategy. If two consecutive frames fo, f1 belong to different continuous (non-background)
label-chunks and (a) the chunk of fj is larger than the one of f; and the length of the fo-
chunk is less than n then the fi-chunk is set to background or (b) the length of the fo-chunk
is less than n, then the fy-chunk is set to background. Finally, continuous chunks of length
less than 9 that are surrounded by a background are also merged into the background. These
strategies technically use more than n — 1 future frames. However, the gesture detections
that have been discarded are not captured by the evaluation protocol.

The average per-frame detection takes ~ 2.8 x 10~2s, mainly consumed by the tem-
poral voting and the k-ensembling.

System Configuration Training and detection were carried out on a (Debian 11)
workstation featuring an Intel(R) Core(TM) i9-10920X CPU @ 3.50GHz processor, 128GB
RAM, and an NVidia GeForce RTX 3090 (24GB). The implementation was realized with
Python utilizing jax/jaxlib (0.3.1), dm-haiku (0.0.6), and optax (0.1.1).

3.3.3 Group 3: Transformer Network + Finite State Machine (TN-FSM)

Method Description The proposed approach is mainly divided into three main logical
blocks: the first one enriches the features coming from the input data represented by 3D
hand joint positions grouped in consecutive frames. Specifically, each frame contains a set
of hand joints acquired at the same time. The second block classifies the computed features,
i.e. outputs a gesture or a non-gesture label for each input frame. Finally, the third block
receives as input a set of consecutive frames, here referred to as window, in which each frame
is coupled with its gesture label. As output, it provides the boundaries of each gesture, i.e.
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the beginning and the end of each gesture (and therefore implicitly the presence of non-
gestures).

With the Group 3 approach, the final performance of the proposed method relies on
the performance of every single module, in particular, on the ability to accurately classify
frames as gestures (even if with a wrong label for some frames) or non-gestures.

Feature Description As mentioned above, input data consists of the 3D positions
of the hand joints grouped in frames. Formally, at a given time ¢, it is available a sequence
of joints J; = {jt|j! = (2f,y!,2!), 1 < i < N}, where N is the total number of the hand
joints (in this case N = 26 different joints acquired through a Hololens 2 device simulating
a mixed-reality interaction). This block enriches this input vector with other 4 types of
features computed starting from 3D joint positions. The first two are represented by the
speed (s) and the acceleration (a) of each hand joint, computed with the following equation:
t
3
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Then, joint-to-joint distance (JD) features are added, expressed as a matrix D = 3 x N x
N, containing information about the 3D distances. Each element d € D is a set of three
coordinates and is obtained following this equation:

dip=/(; -3 kJjeEN

Finally, the input feature vector is further enriched by computing the spherical coor-
dinates (r,0, ) of the joints’ positions starting from the 3D Cartesian coordinates (z,y, 2):

r= /$2+y2+22
vV +y?
z

@ = arctan

T
@ = arctan —
Y

It can be observed that the value of the inverse tangent in ¢ can have different values depend-
ing on the correct quadrant of (z,y). To summarize, the final input vector is a concatenation
of 4 different feature vectors that represent different aspects of gestures: hand position, joint
movements (in terms of speed and acceleration), and hand shape (distances can represent
the state of the hand opening or closing). Therefore, the feature vector length with all types
exploited is 26 x (3 + 3+ 3+ 26+ 3) = 988. Each joint position is then normalized to obtain
a zero mean and unit variance for each 3D axis.

Frame classification In this block, each frame is classified using the features com-
puted as detailed in the previous step. Group 3 adopts a classifier architecture divided into
two main parts: the first one is a transformer-based model [144], while the second one is a
fully connected layer used to output the frame classification with the correct shape. In this
way, each frame is classified as non-gesture or with a gesture label.

From a formal point of view, the model is defined as:

Y (x) = F(Encoders(x + PE))

As mentioned, there are two main parts. The first is F(+), which corresponds to the fully
connected layer with a softmax layer needed for the classification task. This block is applied
on each time step x € x. The second part is a set of Encoders(-), consisting in a sequence of
6 transformer encoders E and the Positional Encoding (PE) [144].

An encoder is described by:

E(z) = Norm(xz + FC(mhAtt(z)))
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where FC(-) are two fully connected layers with 2048 units, followed by a ReLU activation
function and Norm(-) is a normalization layer. The Positional Encoding appears to be es-
sential in order to encode in the adopted model the temporal information of the sequence
defining a vector that contains a probability distribution over n gesture classes for each time
step included in x. Finally, mhAtt is the multi-head attention block:

mhAtt(z) = (Atty(2) © ... @ Attg(z) ) WO

where

Att; (x) = softmax (Ql Ki) Vi
NG
Here, K; = 2WK, Q; = xWiQ, V; = zW, are independent linear projections of z into a
64-d feature space, dj, = 64 is a scaling factor corresponding to the feature size of K;, W© is
a linear projection from and to a 512-d feature space and @ is the concatenation operator.

The training of the classifier is based only on the provided datasets. This is a non-
trivial procedure since gestures tend to be short and then the majority of data are labeled
as non-gestures. Therefore, Group 3 adopts the Focal Loss [145] in order to contrast the
unbalanced training dataset, instead of the most common Categorical Cross Entropy loss
for multi-classes classification scenarios. As optimizer, Group 3 use the the AdamW [146]
algorithm, that in our experiments shows better performance w.r.t. Adam, with a initial
learning rate of 1074, 0.5 of internal dropout and weight decay of 10~*. The model is
trained creating sequences with 10 consecutive frames. All the model parameters rely on a
k-fold (k = 9) cross-validation.

Gesture Detection A Finite State Machine (FSM) is used to define the boundaries
of each gesture, relying on the gesture labels provided by the classifier. The FSM is based
on four different states, and the input is represented by a sliding window (i.e., a buffer)
of 10 frames. The FSM runs only when the buffer is full. It is important to note that the
final gesture class is predicted only once detected the beginning and the end of a gesture.
Specifically, the final class corresponds to the most predicted class into the input window.

The first state of the FSM is used to detect the beginning of a gesture, and it is
maintained as the current internal state until the window contains only frames classified as
non-gesture by the transformer-based classifier.

When at least one frame is classified as a gesture, the internal state of the FSM is
increased. In this second state, a check about the beginning of the gesture is conducted:
this control is motivated by the possible presence of frames wrongly classified. Indeed, the
beginning of a gesture is confirmed only if at least w; different frames in 10 consecutive
windows are classified as gestures, and then the FSM passes to the third state. In order to
handle gestures with a very limited length, the FSM can pass directly in the fourth state
if a non-gesture, i.e., a whole window with all frames classified as non-gesture, is found.
In the third state, the end of the gesture is detected. In this state, the end of a gesture
corresponds to a window that contains only non-gesture classifications, and when detected,
the FSM internal state is increased. In the fourth state, a check at the end of a gesture
is performed, since, as aforementioned, some frames can be wrongly classified. Only if w,
consecutive frames are classified as non-gesture, the FSM detects the end of the gesture. In
case of a single frame is classified as a gesture, the FSM returns in the third state.

Run tests Group 3 tested three different versions of the proposed pipeline, focusing
in particular on different feature types combinations used as input. It has been empirically
observed that the classification performance of the transformer-based model achieves a good
accuracy with the detailed setting, while for the Finite State Machine, best results are
obtained setting w; = 5 and w, = 10. In the first solution (TN-FSM), it has been trained
with a feature vector containing only position, speed, and acceleration. In the second case,
features of the joint distances have also been added (TN-FSM+JD), while in the third one,
spherical coordinates were added (TN-FSM+SC). System Configuration The proposed
system ran on a computer equipped with an Intel Core i7-7700K and the dedicated GPU
NVidia GeForce GTX 1080 Ti. The observed inference time on GPU is about 4.65 & 0.39
ms and 4.72 £+ 1.13 ms with only CPU (averaged on 100 different runs), denoting that the
implementation of the transformer-based model is not optimized for high-level parallelism.
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3.3.4 Our baseline: Stronger

The baseline we added in the comparison is a variation of the recognizer used in [16].
The method is based on a modified version of the DDNet architecture [83], customized by
adding novel features and related branches and trained for online detection using a sliding
window approach for continuous classification. More information about this methods are in
Section 4.1

After the network training, we defined specific thresholds for the acceptance of the
classification results as follows: for each gesture class, we estimated the class probabilities
of the correctly estimated gestures (almost 100%) and the corresponding second highest
probability among the other classes. The average of these probabilities has been taken as a
threshold to discard gesture detection for that class with a lower probability. This trick is
able to drastically reduce the amount of false positives. As the gesture duration is variable
the test classification is performed over sliding windows of variable sizes (ranging from 5
frames to 60 frames). Feature vectors estimated in the various windows are resampled to
30 elements and sent to the trained classifier. If a gesture is detected in a window and the
related class probability is higher than the related threshold, the corresponding frames are
assigned to the class.
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Fig. 3.9: False Positives’ score

Fig. 3.10: Performance metrics per class, averaged on all the test sequences.

3.4 Results

Table 3.2 summarizes the results for the different methods and runs. The performances
are rather similar on average. The table shows that, overall, Group 2 with the Casual TCN
method achieved the highest detection rate (0.80). However, Group 1 and 3 managed to reach
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Group Method DR FP JI Delay(fr.) time(ms)
B.Line Stronger+EN 0.70 0.35 0.56 16.40 100
Stronger 0.72 0.34 0.59 14.79 100
G1 2ST-GCN 1F 0.68 0.33 0.52 12.55 2.1
2ST-GCN 5F 0.74 0.23 0.61 13.28 2.1
G2 Causal TCN 0.80 0.29 0.68 19.00 28
G3 TN-FSM 0.73 0.34 0.56 10.00 4.65

TN-FSM+JD 0.77 0.23 0.63 10.00 4.65
TN-FSM+JD+SC 0.74 0.36 0.56 10.00 4.65

Table 3.2: The table shows the summary of the results for each group method and all the
variants proposed averaged on all the gestures. The metrics displayed are the detection rate,
the false positives’ scores, the Jaccard Index and the delay (in frames) between the start of
a gesture marked by the method and the last frame reached at the moment of the marking.
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Fig. 3.13: Scores by gesture type

the lowest amount of false positives with the 2ST-GCN 5F and TN-FSM+JD methods, with
a ratio of 0.23. Looking at the Jaccard Index, Casual TCN is again the one with the best
performance.

Major differences between the proposed methods appear when we look at the per-class
performance metrics. In Figure 3.10 the bar charts show detection rates, Jaccard Indexes
and false positives’ scores for the single gesture classes. It can be noticed how no method
is performing consistently across the entire gesture dictionary. The inconsistency is quite
noticeable in the false positives’ scores (Figure 3.9). In fact, methods like Casual TCN that
have overall the highest Jaccard Index and overall FP rate in the average of the groups,
when looking at the FP by-class, present near-to-zero FP for a large amount of gestures and
an high FP spike for specific gestures such as CROSS and KNOB. The same behavior can
be observed for the Stronger methods.

The analysis of the results grouped by gesture types can also be important to un-
derstand how the methods handle heterogeneous gestures where the semantics depends on
completely different features. Figure 3.13 shows huge variability in the effectiveness of the
methods for the different classes. For example Casual TCN and Stronger present good per-
formances on static gestures, and have relevant false positive issues on coarse dynamic and

50



CHAPTER 3. BENCHMARKING CONTINUOUS HAND GESTURE RECOGNITION

0.9

0.8

0.7

0.6

0.5

0.4

Detection Rate

0.3
0.2
0.1

0
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Minimum Overlap

——2ST-GCN 1F 2ST-GCN 5F Causal TCN —TN-FSM
——TN-FSM+JD TN-FSM+JD+SC—Stronger+EN —Stronger

Fig. 3.14: The Detection Rate of each method as a function of the minimum overlap ratio
between the gestures’ windows, for the detected gesture to be marked as correct detection.

periodic gestures. TN-FSM the most consistent detection rates across the categories, be-
ing, however, the worst for static gestures and presenting relevant false positives issues for
fine-dynamic gestures, with a surprising exception for the TN-FSM+JD run.

The fact that in the contest’s rules the detection of gestures is considered correct if
the intersection with the annotated time frame is higher than half the length of the ground
truth gesture duration should be considered with care. The threshold is, in fact, arbitrary,
and some of the detected gestures are discarded by not meeting its requirement and are,
therefore, not classified neither as correct nor as a false positive. We analyzed the effect on
the detection rate when changing this threshold. Figure 3.14 shows the detection rate of the
different methods as a function of it. As expected, a lower threshold would improve the scores
of most methods, however, some methods benefit from a larger improvement compared to
others (up to 15% for 2ST-GCN and Stronger+EN). With small thresholds, 2ST-FCN-5F is
the method providing the best results and could be the best choice for an application task
that doesn’t require the accurate localization of the complete gesture frame. On the other
hand, Causal TCN is the method less influenced by the threshold, meaning that it provides
most of the detection with a large overlap with the ground truth frame.

Group Method from start from end
B.Line Stronger+EN 10.72 -22.32
Stronger 10.27 -22.13
G1 2ST-GCN 1F 7.85 -26.65
2ST-GCN 5F 7.64 -22.90
G2 Causal TCN 4.36 -28.79
G3 TN-FSM 4.52 -28.63
TN-FSM+JD 18.30 -14.73

TN-FSM+JD+SC  10.54 -22.24

Table 3.3: Average delays in frames from ground truth start and end of annotated gestures
derived by algorithm design (excluding computation time).

The evaluation of the actual delay of the recognition with respect to the ground truth
annotations of gestures’ starts and ends are summarized in Table 3.3 and represented in Fig-
ure 3.15 as a function of gesture types. Here the bars represent on the right (positive values)
the average recognition delay with respect to the ground truth gesture start, measured in
frames. In the negative part (left), they represent the advance with which they are recog-
nized, with respect to the actual gesture end. Here, we see consistent and very low delays
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Fig. 3.15: The delay in frames of the last frame used by each method from the start and end
marks of Ground Truth gestures, shown by gesture type. Chart bars are centered on the last
frame used.

for the Causal TCN and the first TN-FSM run, while 2ST-GCN detects static gestures in-
credibly fast, but not in the other categories. We will discuss these results in detail in the
next section.

3.5 Contest’s outcomes

The outcomes of the SHREC 22 evaluation provide interesting insights on the feasibility of
effective online recognition of heterogeneous gestures based on Hololens 2 streams or similar
hand pose trackers data.

The proposed techniques employ some of the most popular network architectures:
transformer networks, temporal convolutional networks (TCN), and graph convolutional
networks (GCN). The methods are efficient, but the classification performances are still far
from those required by usable, practical applications.

Detection rates do not exceed 80%, meaning that a relevant percentage of the gestures
is missed. This happens for all the methods and all the gesture types.

The number of false positives is definitely too high for all the proposed methods to
support reliable interfaces. The accuracy in the detection is also not optimal. As the false
positives score is the number of false positives divided by the number of real gestures, even
the lowest value obtained, 0.1 is rather high. In our dataset, we have sequences of about 30
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seconds with 4 gestures on average, which means that the best method proposed would detect
4 non-existing gestures in 5 minutes of continuous hand movements. The others methods 8
or more. These figures should be reduced.

It seems that the network architecture has little impact on the classification per-
formances, and differences seem to be mostly caused by the training and online testing
procedures. Methods based on 1D convolutions (Causal TCN and STRONGER) perform
best on static gestures Causal TCN performs well also on Dynamic fine and periodic ges-
tures and has only lower scores on dynamic ones. This fact, however, does not seem to be
related to the network architecture, but rather to the fact that the network is trained to rec-
ognize sequences of 20 frames, while dynamic gestures are longer. The use of more complex
networks does not seem to help, as transformers and graph networks are not providing much
better results. However, the method based on GCN seems to be the only one that uses raw
data (coordinates as input), while the other networks process handcrafted features. Some
groups tested the same methods with different feature sets, but additional features do not
always help, as in the case of energy for Stronger and the spherical coordinates for TN-FSM.

Gesture prediction times are, instead, negligible and definitely not an issue. The clas-
sification times of the methods proposed by Group 1 and Group 3 are almost negligible
(2.1 ms and 4.65 ms), and the only method with a non-negligible computation time, al-
beit compatible with an online application is Stronger ( 100 ms ). These values are small
with respect to the intrinsic time delay depending on the algorithms’ design and shown
in Figure 3.15.

The analysis of these delays is indeed quite interesting. Some predictions are surpris-
ingly fast and are provided after very few frames from the annotated starts. In some cases,
gesture prediction anticipates the actual start of the gesture itself. Causal TCN and the
first run of TN-FSM provide results with delays of less than 5 frames (250ms) consistently
for all the gesture types. 25T-GCN is the fastest method on static gestures even if not so
efficient for the other classes. Dynamic coarse and fine gestures are all recognized far before
their completion, even if the semantics of the gesture depend on the whole palm and finger
trajectories. This shows that the methods learn to predict the complete gestures from the
first frames only. This early detection is allowed by the fact that classifiers like 2ST-GCN or
Casual TCN are trained to recognize not only entire gestures but also smaller time frames,
including the first part of the gestures. While this provides amazing response times, it could
be, on the other hand, one of the reasons for the high number of false positives. For practical
applications, more complex recognition strategies increasing the time delay but increasing
detection accuracy and reducing false positives would be more effective.

3.6 Post Contest improvements

Table 3.4 shows the best results obtained on the SHREC’22 benchmark. In the following,
we report a description of the corresponding methods.

Method DateDR (%)|FPR (%)|JI (%)|Delay(fr.)| Time(ms)|D-Start (s)|D-End (s)
MVMSFN [147] (202493 6 88 8 6 NA NA
TY-Net [148] 2023|189 4 86 NA NA NA NA
0O-dMVMT [10][2023[92 |9 85 |8 1 NA NA

Table 3.4: Performances of the best methods tested on the SHREC’22 benchmark. DR:
Detection Rate, FPR: False Positive’s Ratio, JI: Jaccard Index, D-End/D-Start: average
delays in frames from the ground truth end/start of the annotated gestures (depending on
the algorithms’ design).

e A Multi-View and Multi-Scale Fusion Network for Online Detection of Het-
erogeneous Gestures (MVMSFEN)) proposed by Long et al. in 2024 [147] is a
sliding-window Multi-View and Multi-Task (MVMT) model designed to address the
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challenge of inaccurate gesture segmentation from background data, using MVMT Sec-
tion 4.4 as its backbone.

The authors introduced a Multi-View Fusion Model (MVFM) to facilitate adaptive fea-
ture fusion by incorporating a spatial attention weight matrix, enhancing information
exchange across multi-view branches. They also developed a Multi-Scale Fusion Model
(MSFM) to capture correlations among features at different scales and layers, addressing
issues caused by inconsistent gesture lengths. To further improve performance, they de-
signed a Decoupled Gesture Progress Module (DGPM), which employs auxiliary tasks to
separately predict the execution progression of static and dynamic gestures. This mit-
igates performance degradation caused by uniform gesture modeling in environments
where static and dynamic gestures have significantly different representations. The net-
work consists of several non-shared parameter feature extracting branches, multi-task
branches, and feature fusion modules, which are implemented with a series of 1D Conv
layers, except for the fully-connected layers at the last position in the task headers,
which is for result output

Results on the SHREC 22 demonstrate that MVMSFN achieves state-of-the-art perfor-
mance, offering higher accuracy in gesture segmentation, a lower false trigger rate, and
relatively low computational cost, making it well-suited for real-time applications.

e Transforming YOLO for Hand Gesture Recognition (TY-Net), Dozdor et
al. [148] leveraged a recognition method that directly predicts both gesture classes and
gesture boundaries from a sliding window input using a transformer-based architecture.
The model is trained end-to-end with a custom loss function designed to prioritize sam-
ples containing gesture centers. This enables the model to determine whether an input
contains the center of a gesture and, if so, to predict its boundaries and class. The input
features are extracted from overlapping windows and include pointwise velocities of each
skeleton keypoint and their pairwise Manhattan distances. Velocity captures variations
in gesture speed, while Manhattan distances provide spatial information. These features
are embedded via a fully connected layer and combined with temporal embeddings,
which transform discrete time steps into vector representations learned during training.
The Transformer encoder comprises multiple layers with two main components: a multi-
head self-attention mechanism and a position-wise feed-forward network. The output
from the final time step of the encoder is processed by a fully connected classifier to
predict confidence, gesture center, offset, and class probabilities. In an online setting,
TY-Net uses a detection strategy that accumulates predictions with confidence scores
exceeding 0.5 over time. When the same class is predicted for T consecutive timesteps,
the gesture is activated, and subsequent predictions for the same gesture are ignored,
ensuring efficient and accurate recognition in real-time scenarios.

e On-Off deep Multi-view Multi-Task (OO-dMVMT), described in Section 4.4 is
particularly effective for the SHREC’22 benchmark.
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Chapter 4

Continuous Gesture Recognition Methods

During my PhD, I developed two main recognition methods, both based on the DDNet model
[149]. The first published in 2021 is STRONGER, a client-server solution for online gesture
recognition from captured hands’ joint sequences. The Section 4.1 is adapted from [16].
The system leverages a CNN-based recognizer, improving current state-of-the-art solutions
for segmented gesture classification. It has been trained and tested for the online gesture
recognition task on a recent benchmark, including heterogeneous gestures, specifically on
the SHREC 2019 and SHREC 2021 datasets. STRONGER demonstrated high classification
accuracy and a low number of false positives across most gesture classes. Additionally, it has
been implemented in a demo application for a Mixed Reality scenario using a HoloLens 2
optical see-through Head-Mounted Display with hand-tracking capabilities.

The second method, MVMT, was published in 2023 and achieved state-of-the-art
results on both SHREC’22 and SHREC’19 benchmarks. Detailed information about
MVMT is provided in Section 4.4 that builds upon the content of [10]. Continuous
mid-air hand gesture recognition based on captured hand pose streams is fundamental for
human-computer interaction, particularly in AR/VR environments.

As discussed in Chapter 2, many existing online gesture recognition methods focus
primarily on classification tasks, without considering the execution time. This is largely due
to the fact that original benchmarks do not incorporate execution time as an evaluation
metric. Prior to SHREC’22, only a few datasets explicitly considered runtime performance,
such as EgoGesture [36], where C3D [39] achieved a high processing speed of 117 FPS but a
relatively low Jaccard Index (JI) of 72%. Similarly, IPN Hand [64] evaluated execution time,
with FASSD [104] achieving a fast inference time of 28 ms while maintaining a moderate JI
of 77%. In SHREC’22 original contest, methods often suffer from high latency Table 3.2, or
poor results.

To overcome this limitation, we propose the On-Off deep Multi-View Multi-Task
(MVMT) paradigm. MVMT exploits multiple time-local views related to hand pose and
movement to generate comprehensive gesture descriptions. It employs heterogeneous tasks to
achieve high accuracy in both classification and segmentation. Unlike traditional paradigms
where all tasks must be active simultaneously, MVMT allows specific tasks to be activated or
deactivated based on the input, enhancing flexibility and efficiency. This approach not only
improves classification and segmentation accuracy but also minimizes false positives and
reduces decision latency, all while maintaining real-time operation. Our results demonstrate
that MVMT sets a new state-of-the-art in continuous and online 3D skeleton-based gesture
recognition. It excels in gesture classification accuracy, segmentation accuracy, false positive
rates, and decision latency, as validated on the SHREC’19 and SHREC’22 datasets.

4.1 STRONGER: Simple TRajectory-based ONline GEsture
Recognizer

As stated in Chapter 1, user interfaces based on 3D mid-air gestures are expected to become
popular in the next years, as they are a viable solution for natural interaction in mixed
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Fig. 4.1: Snapshots showing the online display viewed by the subject wearing a Hololens 2
running the online recognizer demo.

reality not requiring specific devices and being suitable for being used in crowded or noisy
environments [150]. Currently, a relevant number of interactive systems in many domains
already feature this kind of interface: virtual environments, smart surveillance systems, tele-
conferencing, home or car entertainment controls, virtual Personal Aerobics Trainers (PAT),
and so on. Creating advanced touchless user interfaces is also fundamental to maintain a
high level of hygiene for work environments or in public terminals, and this can solve several
issues related to the pandemic emergence. These systems are promising but are typically
limited to the recognition of a few simple gestures.

Skeleton-based gesture recognizers need to capture the fine differences among gestures
and distinguish one gesture from another, ideally with a high degree of confidence but also
being able to avoid false positives, e.g. detection of gestures corresponding to non-significant
actions. This is a challenge of fundamental importance to create interfaces with a reasonable
usability degree.

In 2021, we proposed STRONGER, an online skeleton-based gesture recognizer that
can be used to develop mid-air device less interfaces. We test it on a recent online classifi-
cation benchmark [8], and demonstrate it within a prototype mixed reality interface. The
recognizer is based on a revised version of DDNet [149], modified by adding novel features to
handle a larger set of gestures and to perform online classification. The prototype application
is based on Hololens 2, and a client-server architecture to process hand pose streams. The
results obtained in the online benchmark and our preliminary tests on the prototype show
the feasibility of a gesture-based user interface for mixed reality that is able to recognize a
large dictionary of heterogeneous gestures.

A relevant issue in the recognition of heterogeneous hand gestures (for example, com-
pared with action recognition) is that the gesture classes may be differentiated by different
features, which may be, in some cases, subtle. Heterogeneous gesture recognition bench-
marks like Shrec’17 [43] or SFINGE3D [151] feature "coarse" gestures characterized by long
whole-hand trajectories (lasting 1 second and more) and "fine" gestures characterized by
fast changes of finger articulations (lasting 100 milliseconds or less).

Yang et al. [149] noted that a very simple network architecture based on 1D convo-
lutions, fed with simple features derived from the hand joints sequence and using a motion
summarization module to reduce noise from non-relevant frames, can provide state-of-the-art
results with reduced computational complexity.

A benchmark specifically designed for the online classification of heterogeneous hand
gestures, including coarse, fine, and also static gestures, has been proposed in [8]. This
dataset includes training and test sequences, including gestures and non-gesture frames, and
can be used to validate online classification approaches that can directly be used to build
gestural interfaces. We exploited this dataset to train our system and used it to assess online
performance.

4.2 Proposed approach

4.2.1 System architecture

In our work, we not only designed and implemented a network solution for gesture recogni-
tion, but we also developed a prototype gesture-based interface for mixed reality running on
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Hand
Tracking

Data
Classification

Fig. 4.2: The client-server application: the Hololens2 app sends the joints’ stream to the PC
and receives the classification results to be displayed.

a Hololens 2 head-mounted display. Hololens 2 is provided with a hand tracking module able
to capture hand skeletons (20 joints) similar to the one captured with the Leap Motion, and
this allows us to use an online classifier trained on existing gesture datasets captured with
the latter device for online gesture recognition on the Hololens 2. The interactive application
works with a client-server architecture, sending raw skeleton streams over TCP to a remote
server where a Python application performs the recognition and sends back the results to
the app running on the Hololens. Figure 4.2 shows the operation scheme of the client-server
architecture.

4.2.2 Gesture classification network

As it is based on a simpler 1D convolutional neural network and provides state-of-the-art
performances on the SHREC 2017 benchmark [43], we chose DDNet [149] as the base method
to build our online recognition system. However, we noted that this method does not perform
well on the offline classification of the gestures of the SHREC 2021 benchmark. This is not
due to limitations of the network architecture, but it depends on the data used to feed it,
that it is not the complete stream, but a set of handcrafted features derived from it and
does not include information that is important to disambiguate gesture classes. In detail, the
two network branches of the original network process joints’ velocities and between-joints
distances, meaning that the evolution of the hand’s orientation is lost. This makes it not
possible, for example, to distinguish the classical menu gesture with the hand open with the
palm in front of the user view from another static gesture keeping the hand open parallel
to the floor. For this reason, we added two branches to the 1D convolutional network, one
processing the sequence of palm orientations and the second processing a set of unit vectors
representing the directions defined by couples of joints. The complete architecture of the
proposed network is represented in Figure 4.3. Five 1D-CNN branches are used to process
different 1D features derived from the input hand pose sequence, which are resampled with
a fixed number of time steps. The first feature is the Joint Collection of Distances (JCD),
which is the matrix of the Euclidean distances between hand joints across time flattened to
become a one-dimensional vector. In particular, the matrix JCD* (shown in Equation 4.1
as reported in [149]) is an N-1-by-N-1 with N representing the index of the joint.

|95,
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Joint Collection Joint Pairs’ Cartesian
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Output

Fig. 4.3: Our classifier adds to the DDNet architecture two branches with 1D convolutions
processing palm orientation data and joint pairs’ directions.

That is then flattened to be a one dimensional vector to be used as network input.

indicates the Euclidean distance between vectors J¥ = (z,v, 2)¥ containing the coordinates
of the joint at the frame k. The other features used also in the original DDNet are Mslow and
MFast, that are joints speeds (differences between positions at consecutive times) computed
at two different scales (reported again in [149]).

The two 1D inputs added are the palm orientation (PO) represented by the normal
vector of the hand’s palm across time (PO = (2o, Upo, 2po)¥), and a subset of the directions
of joint pairs (Joint Pairs’ Directions, JPD), obtained as the difference of selected joints’

vectors
5k

JPDF =1 . (4.2)

JijZHQ, i#jandie[2,N], je[1,N—1]

Tt o TR Tk

as shown in Figure 4.4. The vector components of the matrix are flattened as well to
be used in the 1D convolutional network.

All the inputs are processed by similar CNN branches to derive intermediate repre-
sentations that are then concatenated and passed through 3 more convolutional layers, a
Global Average Pooling (GAP) and a Fully Connected layer (FC) providing the class proba-
bilities. The training code takes hand pose time sequences corresponding to labeled gestures,
re-samples the trajectories with a fixed number of elements, pre-processes them, creating the
gesture descriptors feeding the network branches and training the classifier by minimizing
the cross-entropy loss. To handle gesture classes together with non-gesture, we trained the
network with the gesture windows corresponding to the annotations with the corresponding
classes and a set of non-gesture examples cropped randomly outside the gesture time frames
and assigned to a 19th class.
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Fig. 4.4: The novel feature are the time evolution of the palm orientation (left) and of the
directions defined by selected pairs of joints (JPD, right)

4.2.3 Online recognition and the SHREC’21 dataset

We decided to use the dataset of the SHREC’21 contest on Skeleton-based Hand Gesture
Recognition in the Wild [8] both to train the classifier and to implement the mixed reality
recognizer application, as it features a sufficiently large and heterogeneous gesture dictionary
and an online evaluation protocol. This dataset features 20-node hand skeleton’ sequences,
including several examples of gestures interleaved with non-meaningful gesticulation, and
it is divided into a training set with 108 sequences, including 24 examples for each gesture
class, and a test set of 72 sequences, including 16 examples for each gesture class. Hand pose
sequences in this benchmark have been acquired with a Leap Motion device mounted as in
a Head-Mounted display configuration and with a frequency of 50 skeletons per second. The
gesture dictionary includes 18 classes divided into 3 types:

e Static. 7 classes characterized by a hand pose kept fixed for at least one second (Oune,
Two, Three, Four, OK, Menu, Pointing)

e Dynamic coarse. 5 classes characterized by a single global trajectory of the hand (Left,
Right, Circle, V, Cross)

e Dynamic fine. 6 classes characterized by variations in the fingers’ articulation (Grab,
Pinch, Tap, Deny, Knob, Expand)

ﬂ\y%d%\

THREE FOUR MENU POINTING
SOV =5 %
LEFT RIGHT CIRCLE CROSS
Y WY e \ )5
Q) ° Iy
GRAB PINCH TAP DENY KNOB EXPAND

Fig. 4.5: Gesture dictionary of SHREC’21 (from [8])
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These gestures, shown in Figure 4.5, are interleaved in the sequences with non-significant
hand motions of various types.

In our experiments on SHREC 2021, we trained the modified DDNet using cropped
sequences representing both segmented gestures of the different classes defined in the dic-
tionary and non-gesture sequences obtained by extracting sequences of random length from
0.2s. to 1.2s. The trained network can be fed with windows of the skeleton’s streams and
outputs an array with the probability that it belongs to each class. For the online classi-
fication, we don’t simply assign the label corresponding to the maximal probability to the
corresponding frames; we introduce a threshold for each gesture class, corresponding to the
minimum probability, making the recognition acceptable.

All the gestures detected in the sliding window procedure with a probability lower
than the corresponding threshold are then discarded and treated as non-gesture. This should
reduce the false positive detections due to the limited representativity of the non-gesture
examples. Thresholds are learned from training data as follows: during the offline training,
the average probability estimated by the classifiers for the gestures belonging to that class is
set as initial threshold estimates. These thresholds are then refined with a specific procedure
optimizing them on the training sequences (including the labeled gestures interleaved with
non-gesture movements). For each class, if the number of false positives is larger than a target
value (FP-ratio > 0.5), the probability threshold is increased until the target is reached or
the accuracy falls below 60% The thresholds learned with this procedure are stored in a
specific array called Probability Threshold Array (PTA) and used in online detection.

Another class-specific parameter is learned from training data and used to improve
the quality of online detection. We call it the Window Thresholds Array (WTA) and define
the minimum and maximum acceptable duration for each class. Each gesture to be executed
needs a different number of frames, so if a short gesture is recognized in a very large window
(or vice versa), and should be discarded. The time length of the gestures featured in the
SHREC’21 benchmark is quite variable, ranging from 0.18s on average for gestures like
EXPAND or TAP to several seconds for the static ones (see Table 4.1).

Gesture |type avg #frames|avg. time (s)
ONE static 149 2,98
TWO static 169 3,38
THREE static 166 3,32
FOUR static 163 3,26
OK static 148 2,96
MENU static 151 3,02
POINTING static 97 1,94
LEFT dynamic coarse|23 0,46
RIGHT dynamic coarse|17 0,34
CIRCLE dynamic coarse|54 1,08
A% dynamic coarse|27 0,54
CROSS dynamic coarse|43 0,86
GRAB dynamic fine |14 0,28
EXPAND |dynamic fine |9 0,18
PINCH dynamic fine |22 0,44
TAP dynamic fine |12 0,24
DENY dynamic fine |78 1,56
KNOB dynamic fine |45 0,9

Table 4.1: Duration of the 18 gestures of the SHREC’21 dataset. There is a huge variability
among the gesture classes.

We set acceptable duration limits for each class in the WTA. The minimal length in
the training set diminished by 0.2 s, and the maximal length in the training set increased
by 0.2 s. All the gestures recognized in the sliding window procedure are discarded if the
window size of the corresponding class is outside the limits defined in the WTA.
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We also set a global limit to the maximal length of the gesture tested, which is also
useful to reduce the delay in the online procedure. This limit is set to 1 s. In the sliding
window procedure, time samples of different sizes (from 5 frames to 50 frames with a step of
5 frames) are slid along the signal with a fixed shift of 5 frames (0.1s). If there is a gesture
prediction corresponding to a window, a vote for the corresponding class is assigned to the
superimposed frames, and the frame label is assigned as the one with maximal votes. A
gesture is finally detected as a set of consecutive frames with the same assigned label.

4.2.4 Mixed reality interactive mockup

The client application running on the Hololens 2 device was created using the Unity game
engine and the Mixed Reality Toolkit (MRTK), which was used in this project. This toolkit
simplifies the development of XR headsets, providing a cross-platform input system, a basic
set of components and features, and common building blocks for spatial interactions in Unity.

The application developed is a very simple mock-up superimposing to the user view
3D primitives representing the captured hand joints and a text string with the currently
recognized gesture. The application is developed with Unity and features C # scripts parsing
and sending to the server the joint positions stream provided by the MRTK API and getting
back the current classification labels, that are displayed on the semitransparent screen (See
Figure 4.1).

4.3 Results

4.3.1 Implementation details

The network code was developed using PyTorch and CUDA, and it was trained and tested
on a Lenovo Legion 5 PC with a RAM of 16 GB and a Nvidia RTX 2060 (6 GB) graphics
card. The network architecture features a set of parameters that have been tuned on the
SHREC’21 training set, namely filters’ size, number of training epochs, batch size, and,
most importantly, the number of samples for input gesture resize. This value was set to 34.
Different Python scripts have been developed for offline classification testing of segmented
gestures, for the hand pose sequences processing following the SHREC’21 protocol using the
sliding window approach, and for the online recognition receiving the Hololens 2 stream and
providing it with the online classification results.

4.3.2 Offline evaluation of the gesture classifier

Before evaluating the online performances of our method, we performed a couple of tests
to evaluate the offline classification performances of our implementation. Table 4.2 shows
that the addition of the novel features results in a 10% increase in the accuracy of the
classification of segmented test set gestures of SHREC’21. The reason for the difference is
the large amount of information lost in the original encoding (not including, for example,
any hint on the spatial orientation of the hand).

Figure 4.6, comparing the confusion matrices of the two classifiers, clearly shows that
the modified version solves relevant issues of the original methods in recognizing gestures
3,5,7 (FOUR, MENU, LEFT) where the hand orientation information can disambiguate the
gesture from some non-gesture movements. The classification of KNOB gestures (17) is also
relevantly improved.

As the network is trained with segmented gestures, we could also evaluate the offline
classification performances of our modified network on the popular SHREC ’17 [43] bench-
mark. Here the improvement with respect to the original DDNet is not similarly high, but,
in any case, our modified network performs slightly better than the original and better than
the other method proposed in the literature (see Table 4.3).
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Fig. 4.6: Top: confusion matrix of DD-net on SHREC 2021 classes. Bottom: confusion matrix
of the modified network with the additional features PO and JPD.

Method  |Accuracy
DD-Net [149]| 87.8%
Our model | 97.5%

Table 4.2: The additional features added to DDNet strongly improve the classification ac-
curacy on SHREC 2021 gestures

4.3.3 Online evaluation

For the online evaluation, we followed the protocol of SHREC ’21: using the procedure
described in Subsection 4.2.3, we obtained a per frame labeling of the sequences and the
timestamps of gesture beginning and end. We could therefore estimate the "detection rate"
in the test data, e.g., the percentage of predicted gestures (of each class) corresponding to
ground truth ones correctly detected (where corresponding means at least 50% of overlap),
the false-positive ratio, i.e., the ratio between the number of predictions not corresponding
to ground truth ones divided by the total number of gestures of the corresponding class in
the sequences, and the Jaccard Index (JI) [36,77] measuring the average relative overlap
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Methods Accuracy

3 Cent [152] 77.9%
Key-frame CNN [43]| 82.9%
Dynamic hand [153]| 88.2%
CNNLSTM [154] | 89.8%
MFA-Net [155] | 91.3%
Parallel CNN [156] | 91.3%
STA-Res-TON [157]| 93.6%
DD-Net [149] 94.6%
Our model 95.0%

Table 4.3: Results on SHREC 2017 (Using 3D skeletons only)

Method Det. Rate|FP Rate| JI | Time(s)
Group 1-Run 3 [§] 0.729 0.257 |0.603 1.36
Group 2-Run 1 [8]| 0.486 0.927 |0.277 0.41
Group 3-Run 2 [8]|  0.757 0.340 |0.619]0.3 x 10—°
Group 4-Run 3 [§] 0.899 0.066 [0.853 0.16

Our method 0.906 0.347 |0.740 0.10

Table 4.4: Average scores for the SHREC’21 benchmark compared with contest participants.
It should be noted that the method of Group 4 includes a gesture segmentation module to
reduce false positives.

Method Det. Rate|FP Rate| JI
Orig.DDNet 0.858 2.052 ]0.353
DDNet+PO+JPD 0.944 1.896 |0.431
DDNet+PO+JPD+WTA 0.906 0.347 ]0.740

Table 4.5: Ablation study showing that the novel 1D features strongly increase the detection
rate while the learning of the Wondow Threshold Array is effective in reducing the false
positives rate.

between the ground truth and the predicted label sequences:
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Table 4.4 shows the scores obtained by our algorithm on the SHREC’21 benchmark,
compared with the best runs of the participants. Our method performs well, but the false
positives are still a bit high compared to the results of the contest winners. However, it
must be noted that this group used a pre-segmentation module based on gesture energy to
reduce false positives, and this should be the reason for this difference. We plan to add a
similar module in future versions of STRONGER. It is interesting to see how the addition
of the JPD and palm orientation features, as well as the training of the Window Threshold
Array, improves the results with respect to a simple application of a sliding-window DDNet.
The results of an ablation study presented on Table 4.5, demonstrate the effectiveness of
the added orientation-related features to improve the detection rate of the gestures and the
effectiveness of the threshold training to reduce the False Positives rate. Table 4.6 shows
the SHREC21 scores obtained with STRONGER for each gesture class together with the
classifier thresholds learned from the training set, i.e., the values in the WTA. It is possible
to see that results are very good for many classes, while just a few gesture classes (Circle,
Cross, Tap) are responsible for the decrease of the detection rate and the increase of the
False Positive ratio. This means that just excluding these few classes, our system would
be quite effective. Bar charts in Figure 4.7 demonstrate that the addition of the two novel
features to the network input results in an increase of the detection rate and of the Jaccard
Index and a reduction of false positives, with the only exception of the tap gesture, that is
not well handled by our system.
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Gesture|Det.rate|FP ratio| JI|Thr.
ONE 1.000 0.000(1.00 9

TWO 1.000 0.062(0.94 8
THREE 1.000 0.062(0.94| 8.2
FOUR 1.000 0.312(0.76| 8.7

OK 1.000 0.062|0.94| 9.2

MENU 1.000 0.062(0.94| 7.6
POINTING 0.937 0.062(0.88| 7.5
LEFT 0.937 0.000{0.93 7
RIGHT 0.937 0.250(0.75| 7.2
CIRCLE 0.750 1.500{0.30 7

A% 0.937 0.187(0.78 6

CROSS 0.687 1.187|0.31| 6.5
GRAB 1.000 0.375(0.72 8
PINCH 1.000 0.125(0.88 8
TAP 0.375 0.875(0.20 5
6

8

2

DENY| 0.812 0.187/0.68

KNOB| 0.937 0.250|0.75
EXPAND 1.000 0.687|0.59| 7.

Total| 0.906 0.347(0.74 -

Table 4.6: Per-class evaluation of the scores of the SHREC2021 contest obtained with the
current STRONGER recognizer architecture.

4.3.4 System prototype

Our recognizer can directly process gesture stream and has been used as the server-side
application connected to the Hololens app described in Subsection 4.2.4. In the demo setting
of the multiple windows, classification is performed every 5 frames of the continuous stream
(45 fps). The prediction results are sent back to the Hololens app and are then printed on the
screen on the user’s display.The classification time is 0.1 seconds. An example of the online
recognition system can be seen in the video at the link https://streamable.com/5q6pll.
Considering that no post-processing is applied the results are sufficiently good, eve for some
classes where the SHREC 21 testing was not optimal, such as "TAP", "PINCH", "EXPAND"
and "DENY". Some gestures of the SHREC 2021 dictionary are not, however, well handles,
especially dynamic coarse.
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Fig. 4.7: Both the features added to the original DDNet contribute to improve the SHREC
’21 benchmark scores. Top: Jaccard Index per class for the original DDNet, DDNet+PO,
DDNet+JPD and both PO+JPD. Middle row: Bottom: Per class false positive ratio for the
original DDNet, DDNet+PO, DDNet+JPD and both PO+JPD.

65



CHAPTER 4. CONTINUOUS GESTURE RECOGNITION METHODS

4.4 OO-dMVMT: A Deep Multi-view Multi-task Classification
Framework for Real-time 3D Hand Gesture Classification and
Segmentation

To recognize online heterogeneous hand gestures, in 2023, we proposed the On-Off deep
Multi-View Multi-Task paradigm (OO-dMVMT). The idea is to exploit multiple time-local
views related to hand pose and movement to generate rich gesture descriptions, along
with using heterogeneous tasks to achieve high accuracy. OO-dMVMT extends the clas-
sical MVMT paradigm, where all of the multiple tasks have to be active at each time, by
allowing specific tasks to switch on/off depending on whether they can apply to the input.
We show that OO-dMVMT defines the new SotA on continuous/online 3D skeleton-based
gesture recognition in terms of gesture classification accuracy, segmentation accuracy, false
positives, and decision latency while maintaining real-time operation.

Gesture

A e S . &\
@\W L W e
N

@ ®)

Fig. 4.8: On top, the 3D hand gesture real-time classification and segmentation scenario: in
red are non-gestures, in green the segmented gesture. The task is difficult: below, we show
samples from SHREC’19 (a), where it is possible to see long gestures with a static pose of
the hand and the correct start of the gesture cannot be easily detected; in (b) a sample from
SHREC’22, where gestures express more pose dynamics.

The current generation of Mixed Reality (MR) headsets (e.g. Meta Quest 2, Hololens
2, etc.) features accurate hand tracking capabilities, capturing finger poses at high frame
rates, and cheap sensors/APIs are available to enhance different applications with this data.
In addition, most of the online recognition methods (already presented in Subsection 2.5.3)
use features extracted from the data, proving the importance of enriching the input rather
than using all the raw data. However, none of the methods proposed in the literature has
the accuracy and a false positive score good enough to guarantee a natural and reliable MR
interaction. A missed or wrong gesture classification can potentially be dangerous for the
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users if they have to interact with the machinery of an industry, medical operation, or any
delicate situation.

In order to build an effective model, we tackled the online gesture recognition problem
using a powerful yet unexplored framework called Multi-View Multi-Task (MVMT) learning
paradigm [158,159]. In MVMT, complementary views of the object of interest serve to learn
a rich feature embedding that is fed into multiple tasks to borrow information across tasks
that can potentially increase the predictive power of the learned models. Multi-View (MV)
learning [160] is a well-established direction in machine learning, which associates multiple
feature sets (called “views”) to the input data e.g. given an image, extracts spatial features,
color features, and frequency features to form a single data point. Each data point is thus
associated with V sets of different features where each set corresponds to a view, allowing
supervised or semi-supervised learning tasks to access a more complete data descriptor. MV
learning does not have to be confused with the multi-camera approach in which multiple
camera views create their data point, which are then usually merged (synchronized) into
a single one. Multi-Task (MT) learning aims to leverage useful information contained in
multiple related tasks to help improve the generalization performance of at least one of the
tasks [161].

MVMT learning is a less explored field, which extends MV learning to the MT learn-
ing setting with T tasks, where each task is a multi-view learning problem [158]. Most of the
existing MVMT methods focus on proposing linear models to fit the specific application re-
quirements, even though they are not suitable for common large-scale real-world problems in
real environments. Only recently, non-linear deep models have been taken into account [162].
In our case, we take into account multiple views related to hand geometry and its global
movement to create a multi-view description. Furthermore, we raise the accuracy by exploit-
ing the relatedness of multiple tasks, such as gesture classification at different grains and
regression of its start-end instants.

The issue arises when some tasks can’t be performed under certain conditions, such
as the regression of the start frame of a gesture when no gestures are active. This invalidates
the classical MVMT framework, which requires all the tasks to be active at each time. For
this reason, we propose the On-Off deep Multi-View Multi-Task paradigm (OO-dMVMT),
which extends MVMT by allowing specific tasks to switch on/off depending on whether they
can process the observation sample.

OO-dMVMT deals exactly with this situation, introducing a mechanism that, at
training time, switches tasks on and off depending on whether they can act on a specific
data observation. Our contributions are the following:

e We individuate MVMT as the correct framework to deal with real-time hand gesture
recognition.

e We extend MVMT to adapt to cases when some of the tasks cannot operate on a specific
data sample, introducing OO-dMVMT

e With OO-dMVMT, we define the new state-of-the-art of hand gestures real-time classi-
fication and segmentation.

As discussed in Subsection 2.5.3, many classifiers have been proposed to recognize
gestures of this kind from hand poses’ sequences; most of them were not tested in a realistic
scenario.

In [163], global and local motion features, along with the skeleton sequence, are fed
into different branches of a Long-Short Term Memory (LSTM) network to get the predicted
class of input gesture. Yang et al. [83] proposed DDNet, a simple network based on 1D
convolutions, fed with multiple features (linearized joints’ distance matrix, joints speeds)
with a motion summarising module to reduce noise from non-relevant frames. Trivedi et
al. [164] used multiple features (joints, bones, joints’ velocity, bones velocity) to feed a
Spatio-Temporal Relational Module. The use of the pre-computed features results in lighter
and easier-to-train networks, and the parallel encoding of different sets of features can be
interpreted as an application multi-view learning paradigm. Note that multi-view here does
not mean that multiple features are related to different physical viewpoints (even if this idea
has been proposed as well, for example, in [165]).
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The benchmark we adopted to train and evaluate our system is SHREC’22 [6], where
the gesture dictionary is heterogeneous, including static and dynamic gestures similar to
those proposed in DHG14/28 and SHREC’17 (see Chapter 3). This benchmark improves
the previous SHREC’21 [8], proposed by the same authors and with a similar structure, but
solving some issues that, according to the website, made it unreliable for comparative tests.
For these benchmarks, training data are long sequences of pose streams with annotated start
frames, end frames, and labels of the gestures executed. The task is to detect the occurrences
of gestures in test sequences using past information only. SHREC’22 data are captured with a
Hololens 2 headset, meaning that a recognizer trained for the task could be directly integrated
into an interactive demo using the same device to capture hand poses. The use of sliding
windows is a simple and popular solution for the online task. Two main ideas have been
proposed in this context: train the classifier on segmented gestures, handling the unknown
input gesture length in the online testing [16] Section 4.1, or train it on fixed-size sub-parts
(solution adopted by two methods presented in [6]).

We decided to apply a similar protocol for our online training framework, and we
tested many of the models proposed for the offline setting in the continuous task, training
them with fixed-size windows and adding a non-gesture class. Within this framework, we
finally developed our novel On-Off deep Multi-View Multi-Task (OO-dMVMT) method, pro-
viding enhanced performances with respect to the SotA classifiers. We show the performance
of our method in the realistic scenario proposed by specific benchmarks (SHREC’19 [3],
SHREC’22 [6]), where gestures live within long sequences of non-significant hand move-
ments from which they need to be distinguished.

4.5 Our pipeline

We present our proposed OO-dMVMT by first detailing the views and the tasks we have
considered (Subsection 4.5.1 and Subsection 4.5.2, respectively). Then, we present how to
train the model (Subsection 4.5.3) and how to infer from it for the real-time hand classifica-
tion problem (Subsection 4.5.4). To fix the notation, & is the observation window that ends
at frame ¢ of length W, covering the frame interval [t — W + 1,¢].

4.5.1 The views

Every observation training window &, is associated to V' = 3 views: 1) Geometric layout. We
borrow from [83] the flattened Joint Collection Distances (JCD) features, which are location-
viewpoint invariant. JCD computes the Euclidean distances between a pair of collective

joints, and is of size (‘2]) for each frame of the observation window, resulting in a tensor of

(‘2]) x W. 2) Short-term slow motion Mgjow. Msiow computes the 1-frame linear velocity of
every single joint for all the joints, resulting in a tensor of size J x W — 1. 3) Short-term
fast motion Mygse. Myqs: is similar to the short-term slow motion, but the linear velocity
is computed every other frame (skipping the ones in between), with a J x % — 1 resulting
tensor. In practice, Mo, and Myqe model the short-term global motion of the skeleton in
terms of speed. Following the multi-view learning paradigm, the three views JCD, M4, and
Myqs¢ are each embedded into a R *8 dimensional space by a set of independent encoders

and concatenated in a multi-view latent pattern g; of RZ %24 dimensions.

4.5.2 The tasks

T = 4 tasks have been considered: 1) SDN classification. We classify gestures into three main
categories: Static gestures (S), Dynamic gestures (D), and Non-Gestures (N). This macro
classification is typical in heterogeneous hand gesture modeling [6, 8], and every gesture
can fall in one of these superclasses. Static gestures require the user to fix the hand in a
predetermined pose, keeping it still for a while. Dynamic gestures require the user to move the
hand centroid, following a specific trajectory. Non-gestures are all those natural movements
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Fig. 4.9: The pipeline of our framework, is composed of three steps: 1) Multi-view feature
extraction, 2) OO-dMVMT per-frame inference, 3) Post-processing. In red is highlighted the
path used during the testing time, after the OO-dMVMT model has been trained.

of the hand that occur between gestures and are the most difficult class to capture. 2) Fine-
grained classification of gestures. This task implements the fine-grained classification of the
window &; considering all the L classes into play (including the non-gesture class). This is the
only task that is activated during testing time. 3) and 4) Start/end gesture frame regression.
These two tasks perform the regression on the frame indices tsiqrt, tend € [0, W — 1] of the
start and end of a gesture, respectively. The idea is to identify the patterns of the start
and/or end of a gesture, thus aiding the classification tasks.

These last two regression tasks could be unable to function due to the presence of ob-
servation windows, which are completely contained in gesture (or non-gesture) streams. This
configuration, dealing with multi-views data and with some tasks that cannot be associated
with some (or all) of the views of the input data, is novel in the MVMT literature.

4.5.3 Model training

Let & be an input data instance sampled at time ¢, and k the index of the k-th task. We
define the aggregated OO-dMVMT objective function to minimize as:

T
F&) =Y clk,t) - F® (gy,w,, w) (4.4)
k=1

F®) is the deep objective function associated with task %k controlled by c(k,t), a
boolean selector which is 1 if task k& can work with input &;, otherwise & does not contribute
to the weights update for the task k. The decision of whether the task can work with the
input is done at train time and depends on the semantics of & and the task itself. The
term g; represents the multi-view representation of & (see Sec. 4.5.1), w, are the multi-view
parameters which generate g, starting from &, and wy are the k-th task parameters that
generate the output for the k-th head. The deep objective functions F'*) associated with
our tasks are MSE for the regression tasks (k = 3,4) and cross-entropy for the classification
tasks (k = 1,2). All the objective functions are uniformly weighted.

The idea is to treat the OO-dMVMT model as an instance of asynchronous optimiza-
tion [166], where the central server begins to update the shared model w, after it receives a
gradient computation from one task node, without waiting for the other task nodes to finish
their computations. In our case, the switching off of a task k& corresponds to having a delay
for that task, while the other active tasks contribute to the model update.

4.5.4 Model inference

The pipeline of the framework at inference time is summarized in Figure 4.9 and consists of
three steps: in step 1) the observation window ¢; is sampled at frame ¢, and the multi-view
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description is extracted; in step 2) g; flows into the fine-grained classification task, and a
preliminary classification label g; is associated with the observation window &;. The other
three tasks are considered only during the training stage, as discussed in Subsection 4.5.3. 3) a
post-processing step is carried out, considering the previous W —1 preliminary classifications,
in order to remove spurious ones. It is implemented by looking backward at W frames,
assigning the class label y; = [ to the observation window & if [ € {0,..., L} is the most
frequent label in the last W preliminary classification labels ;. Step 3 ensures a more stable
output, as the single window classifications may be noisy if the window is small and the
gesture dictionary includes complex examples with similar subparts. It is worth noting that
W is an important parameter of the method that needs to be tuned based on the specific
characteristics of the gestures’ dictionary: it needs to be long enough to capture long gestures,
but as short as possible to reduce input delay.

4.6 Experiments

In Subsection 4.6.1, we report the results on the SHREC’22 benchmark; in Subsection 4.6.2,
we focus on SHREC’19; finally, we present multiple ablative studies in Subsection 4.6.3. As
comparative approaches, we consider several graph-based architectures like SeS-GCN [167]
and MS-G3D [168], the attention-based networks DG-STA [169] and DSTA [85], a 1D convo-
lutional network specifically designed for hand gestures, the Double-feature Double-motion
Network (DDNet) [83], and a lightweight action recognition network (PSUMNET [164]).
These approaches add to the competitors which can be found in the SHREC’22 challenge [6]
and SHREC’19 challenge [3], for a total of 13 comparative methods.

Implementation details

The architecture of the network is shown in Figure 4.9. The view encoders are independent
series of 1D Conv layers. Each task branch is a series of 1D Conv layers except for the last
layers, which are fully-connected layers (with one final neuron for regression, three for SDN;,
and L for the fine-grained classifier). We adopted the Adafactor [170] with an initial LR of
0.004 over 100 epochs on 2 NVIDIA RTX3090.

Real-time 3D hand pose

As far as we know, the sequences in the benchmarks have been acquired with off-the-shelf
devices and there are no guarantees on the accuracy of the tracking. This can possibly be
one of the reasons for the non-optimal results of many methods, and OO-dMVMT achieving
better scores shows that it may be more robust against tracking errors. Improvements in hand
tracking systems [171,172] could further reduce the errors without changing the algorithm.

4.6.1 SHREC’22 results

In Table 4.7, we report the official gesture classification metrics as provided by the evalua-
tion code. For each comparative model, we look for its best parameters. The W parameter
should be as small as possible to lower input delay but large enough to capture significant
information for longer gestures. In our case, we found W = 16 to be an optimal choice for
SHREC’22.

OO-dMVMT defines the new SOTA in all the metrics, with a fast inference time
(4.1ms), and very low variances. Figure 4.10 highlights the detection rate per gesture type of
the five best-performing models on SHREC’22. Notably, OO-dMVMT is the most consistent
top performer on this benchmark, with a detection rate that spans between 0.82 and 1, which
is the thinnest min-max score range.

An important parameter of the evaluation metrics for SHREC’22 [6] is the minimum
overlap ratio (MOR) of the detected gestures with the ground truth. When MOR = 1 the
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Table 4.7: Classification results of SHREC’22 benchmark. The metrics are the detection
rate (DR), false positives scores (FP), the Jaccard Index (JI), the delay in frames, and
per-frame processing time. In brackets are the standard deviations. Columns SV/MV refers
to the single-view or multi-view learning approach, while ST/MT refers to single-task or
multi-task learning approach.

Method DR 1t FP | JI 1 Delay(fr.) | time(ms) | SV MV ST MT
DeepGRU [90] (2018)  0.26 (.14) 0.25 (.23) 0.21 (.09) 8.00 3.1 v v
DG-STA [169] (2019)  0.51 (.10) 0.32 (.20) 0.40 (.20) 8.00 4.2 v v
SeS-GCN [167] (2022)  0.60 (.18) 0.16 (.09) 0.53 (.13) 8.00 1.8 v v
PSUMNET [164] (2022) 0.62 (.14) 0.24 (.15) 0.52 (.15) 8.00 24.4 o/
MS-G3D [168] (2020)  0.68 (.11) 0.21 (.15) 0.57 (.14) 8.00 29.3 v v
Stronger [6] (2022) 0.72 (.11) 0.34 (.26) 0.59 (.18) 14.79 100.0 v
DSTA [85] (2020) 0.73 (.07) 0.24 (.13) 0.61 (.12) 8.00 9.2 v v
2ST-GON 5F [6] (2022) 0.74 (.12) 0.23 (.05) 0.61 (.11) 13.28 2.1 v v
TN-FSM+JD [6] (2022) 0.77 (.06) 0.23 (.12) 0.63 (.03) 10.00 4.6 Va4
Causal TCN [6] (2022) 0.80 (.15) 0.29 (.22) 0.68 (.24) 19.00 28.0 v v
DDNet [83] (2019) 0.88 (.06) 0.16 (.18) 0.78 (.14) 8.00 2.2 o/
FG + SDN 0.86 (.06) 0.17 (.06) 0.75 (.11) 8.00 4.1 v v
FG + SDN + GC 0.90 (.11) 0.10 (.11) 0.83 (.13) 8.00 4.0 v v
00-dMVMT 0.92 (.06) 0.09 (.09) 0.85 (.11) 8.00 4.1 v v
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Fig. 4.10: Detection rate per gesture class for SHREC’22. Points are connected with a line
for clarity. On the x-axis, a colored dot indicates, for each class, the method that achieved
the best detection rate. Only the best 5 methods by DR are shown for clarity.

predicted gesture needs to completely envelop the ground truth, while a value closer to
MOR = 0 relaxes this constraint. Like in the original evaluation protocol, the results are
evaluated with MOR = 0.5. Figure 4.11 shows the Jaccard Index (described in Chapter 3)
as a function of the Minimum Overlap Ratio. Obviously, the higher the MOR, the lower the
JI of all the approaches. Until MOR = 0.7, OO-dMVMT clearly dominates the competitors.

Of particular importance are the FP results, as they trigger unwanted actions, mak-
ing the interaction frustrating. In Figure 4.12, a stacked barplot showing the total FPs for
each model is presented (lower is better). Interestingly, the macro category, which in general
attracts the most false positives, is the dynamic one, probably due to the fact that a move-
ment of the limb is necessary to start this kind of gesture. As soon as we move towards more
effective approaches, it is easy to see that the number of false positive gestures considered
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Fig. 4.12: Stacked False Positives for SHREC’22 per model. The gestures are divided into
4 types (colors). The FPs for each type are then summed to show the total value. Lower is
better.

dynamic gestures diminishes drastically. Our approach has a balanced performance on all
the gesture macro categories.

4.6.2 SHREC’19 results

Results of our tests on the SHREC’19 benchmark [3] are shown in Table 4.8. Some of the
metrics are missing due to the unavailability of the original evaluations. The metrics differ
slightly from the ones used in SHREC’22 [6] due to the differences between the SHREC’19
benchmark to its 22 counterpart, as discussed in Figure 2.5.2. For these tests, we chose a
larger window size, W = 40. This is motivated by the longer average length of the gestures
(~ 45 frames) and the fact that no short gestures are included in the dictionary. The results
are consistent with the ones presented in Subsection 4.6.1 and show our model achieving
state-of-the-art performances on almost all of the metrics except for the inference time.
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Table 4.8: The metrics are the detection rate , false positives scores , and inference time.
Parameters with (*) comes from [3] and may not be accurate. Dash (—) values were not
reported in the original benchmark. Standard deviation is reported between brackets.

Method DR ¢t FP | time(ms) |

PSUMNET [164] 0.64 (.21) 0.22 (.20) 25.0
MS-G3D [168]  0.69 (.24) 0.25 (.22) 30.3

SeS-GCN [167]  0.75 (.20) 0.12 (.13) 2.0
SW 3-cent [173]  0.76 (-)  0.19 (-) 3.0%
DSTA [85] 0.81 (.11) 0.08 (.07) 8.8
DG-STA [169]  0.81 (.11) 0.07 (.05) 4.2
DDNet [83] 0.82 (.13) 0.10 (.09) 2.2
uDeepGRU [3]  0.85 (-)  0.10 (=) 3.0%

00-dMVMT 0.88 (.04) 0.05 (.04) 5.8

Table 4.9: Classification results on SHREC’22 with different Multi-task heads. Standard
deviation is reported between brackets.

Method DR 1 FP | JI ¢
FG 0.88 (.06) 0.16 (.18) 0.78 (.14)
FG + GS/GE  0.52 (.35) 0.48 (.81) 0.38 (.32)
FG + SDN 0.86 (.06) 0.17 (.06) 0.75 (.11)

FG + SDN + GC 0.90 (.11) 0.10 (.11) 0.83 (.13)
00-dMVMT  0.92 (.06) 0.09 (.09) 0.85 (.11)

4.6.3 Ablation studies

In this section, we show the impacts of our Multi-Task Learning On-Off paradigm, as well
as discuss the impact of a correct training procedure for the regression heads in a Missing
View scenario.

Task head removal

In this study, we explore the performance of OO-dMVMT with some tasks removed. Results
are in Table 4.9, where FG stands for fine-grained classification head only, FG + GS/GE
adds the regression heads, and FG + SDN adds the coarse classification head. The FG
model shows better performances than most methods of Table 4.7. In the table, we can see a
pattern suggesting that the performance tends to increase by introducing the multi-view ap-
proach. The SDN module slightly decreases the performances but ameliorates the standard
deviations. Surprisingly, the sole addition of the regression heads to the FG head drastically
reduces the performances. This is probably due to the low task relatedness (start/end ges-
tures are independent of the specific gesture classes), creating competing gradients during
the model optimization. However, adding the SDN head allowed for reaching the optimal
balance between classification and regression, with the latter improving the overall perfor-
mance. It is worth noting that a grid search for the weights of the single tasks has been
carried out, showing that uniform weighting was the best setup, and that each different task
had a role in defining the optimal solution. Therefore, our joint OO-dMVMT appears to be
the right task ensemble. Additionally, we removed the regression heads in favor of a binary
classifier (GC) trained to classify if a window contains the start or end of a gesture. As op-
posed to the always-active classification performed by GC, the On-Off regression procedure
produces better performance and more stable results.

The On-Off regression head

Since the regression heads are the ones switched on and off by OO-dMVMT, we further
investigate them. In particular, we trained with different On-Off policies for the regression
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Table 4.10: Classification results on SHREC’22 with different Regression Heads training
procedures. Standard deviation is reported between brackets.

Method DR 1 FP | JI4

Window Error 0.76 (.33) 0.24 (.55) 0.65 (.31)
Index Error 0.83 (.14) 0.20 (.21) 0.72 (.19)

00-dMVMT 0.92 (.06) 0.09 (.09) 0.85 (.11)

heads. The Index Error simulates inaccurate gesture segmentation by randomly changing the
gesture start/end index in window &; containing them. The Window Error is more dramatic
since it randomly switches on/off the heads with a probability p = 0.5. It induces two kinds
of errors since a wrongly activated window also implies a wrongly indexed gesture start.
In Table 4.10, the results confirm our expectations: both errors degrade the performance,
with the Window Error having a worse impact compared to the Index Error.

4.7 SHREC 2024

The SHREC 2024 [13] track focused on recognizing dynamic hand motions while molding
clay, a unique task within the 3D Shape Retrieval Challenge. The competition involved
classifying highly similar motions from professional potters into one of seven predefined
classes. The data consisted of 3D skeletal landmarks from both hands, captured during a
professional potter’s precise and synchronized movements. Challenges included the subtlety
of the motions, sequence length variability, and the training dataset’s limited size, making
it necessary to focus on fine motion details. In contrast to previous benchmarks like SHREC
2022, this dataset and task emphasize motions using both hands over variable time lengths.

Participants developed algorithms to classify these hand motions, submitting both
their methods and results for evaluation. Accuracy was assessed using standard metrics like
precision, recall, and F1 score. The competition aimed to advance motion capture and recog-
nition technologies by exploring nuanced hand gestures in realistic, continuous interaction
settings.

We adapted OO-dMVMT for this specific action recognition problem. Starting from
the OO-dAMVMT code, we adjusted it by eliminating the multi-task component, calling it:
Windowed multi view. We got a 75% of accuracy on the SHREC24 benchmark as shown in
Table 4.11.

Method Accuracy Params Training time (s)
DD-Net 0.8167 27,536,263 1,210
SkelMAE 0.8667 27,767,693 3,180
Windowed Multi View 0.7167 213,308 817
DET-ACTIONS 0.9167 190,036 1,800
HMM-based approach 0.7500 2,450 804
RNN-based approach 0.8677 220,935 6,600
SE(3)-equivariant GCN 0.7500 3,003 503

Table 4.11: Comparison of total accuracy, number of parameters, and training time in seconds
for a singular fold.

4.8 Discussion

STRONGER was conceptualized as a client-server architecture that employed a modified
DDNet architecture with a sliding window approach. A key contribution of this system

74



CHAPTER 4. CONTINUOUS GESTURE RECOGNITION METHODS

was its ability to reduce false positives by optimizing classifier thresholds. STRONGER
demonstrated the feasibility of using dictionaries of heterogeneous gestures, which are more
complex than those typically employed in mixed reality applications. Despite its promising
results, STRONGER faced certain limitations. In particular, it struggled with fine-dynamic
gestures, where false positives were higher than desirable. Additionally, while the system’s
execution time was suitable for real-time applications, it required further optimization for
improved usability. Planned improvements included integrating gesture pre-segmentation
inspired by the SHREC’21 contest results, capturing custom training data directly using the
HoloLens 2, and exploring the possibility of training separate networks for specific gesture
classes or subsets, such as static, coarse-dynamic, and fine-dynamic gestures.

Building on the foundation laid by STRONGER, MVMT (Multi-View Multi-Task)
introduced significant advancements that redefined the approach to online gesture recogni-
tion. This paradigm exploited the complementary nature of geometric hand pose and motion
data, processing these views concurrently across multiple tasks. This approach closely mim-
ics human gesture interpretation, where both the start and meaning of a gesture are decoded
simultaneously. MVMT also addressed scalability, enabling the system to adapt effectively
to diverse and complex gesture types, and introduced a multi-task framework that handled
gesture segmentation and classification concurrently, thereby reducing delays in recognition.

MVMT has consistently achieved state-of-the-art results on SHREC’22, validating its
effectiveness in handling heterogeneous and complex gesture sets. Nevertheless, challenges
remain. False positives for fine-dynamic gestures still require attention, and the delay in
recognition is influenced by the size of the sliding window, suggesting opportunities for
further refinement.

The progression from STRONGER to MVMT reflects a commitment to advancing on-
line gesture recognition methods. However, further research is needed to address the remain-
ing challenges and broaden the applicability of these methods. Reducing latency through
gesture forecasting could eliminate delays entirely, while insights gained from detection rate
analyses could inform the design of novel, more detectable gestures. In Chapter 6, we discuss
how we used MVMT in a real use case scenario like a Cyber-Physical Factory environment.
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Chapter 5

Data Augmentation

Data augmentation is a powerful tool in gesture recognition, especially for expanding the
training dataset and improving model performance. While traditional augmentation tech-
niques are well-explored for 2D gestures, their application to continuous mid-air 3D hand
gesture recognition still needs to be explored. We analyzed the impact of various augmenta-
tion methods on a recent benchmark, demonstrating how classical augmentation techniques
applied to hand trajectory, orientation, and pose can significantly enhance detection perfor-
mance.

Gesture recognition is typically performed by using classifiers trained on a limited
number of examples executed by a few subjects. In this context, data augmentation can en-
rich the training data with diverse variations of labeled gestures, significantly enhancing the
results. Additionally, data augmentation can mitigate overfitting by exposing the model to a
broader range of inputs, allowing it to learn more effectively from the available data. In our
study, the training dataset is extended by applying transformations to the examples’ hand
trajectory and pose. Training models on the extended dataset makes them better equipped
to handle different user behaviors and gesture executions, leading to higher accuracy and
reliability in recognizing gestures in practical applications.

In this Chapter, we investigate the effectiveness of augmentation techniques for the
online/continuous detection of heterogeneous gestures (e.g., including static and dynamic
gestures characterized by changes in hand position and articulation) that can be used to
interact in an XR setting. We leverage a recent benchmark designed for this task, SHREC’22
[6], testing how augmentation methods can improve online detection performances through
the specific criteria introduced by this benchmark. The main contributions of our work are
the following:

e a "classical" data augmentation strategy tailored for hand pose sequences and contin-
uous recognizers decoupling global hand trajectory, local hand frame pose, and fingers’
articulation

e analysis of the effect of separately augmenting gesture classes and non-gesture sequences

e cvaluation of the augmentation methods on the 3D continuous gesture recognition task
using its metrics.

Non-gesture examples can vary significantly and are far more represented in the train-
ing data; however, sampling only from the non-gesture space of the training data leads to
poor non-gesture rejection and high false positive scores in practice. These characteristics
require a careful design of augmentation techniques that preserve the distinctive features of
each gesture while separating them from non-gestures.

5.1 Method

Our goal is to find a simple method for the effective augmentation of datasets used for 3D
heterogeneous hand gestures recognition system training. Our aim is to provide designers
of XR interactive systems with a method that enables the training of gesture recognition
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methods with a limited number of examples. In this context, we focus on classical augmen-
tation specifically designed for the task, where input data can be hand skeleton streams
captured by headsets (e.g., Oculus Quest, Hololens, etc.), and the recognizer should perform
continuous-time detection and classification of heterogeneous gestures. For this reason, we
rely on the only existing benchmark available (SHREC’22 [6]), and, similarly to what is
done in [119] for 2D finger gestures, we evaluate the effect of the proposed augmentations
on a state-of-the-art online recognition method [10] trained on a very limited subset of the
original training data, executed by a single user. The augmentations are designed to op-
erate on all the aspects varied in the 3D hand gestures (hand trajectory, orientation and
finger articulation), without taking into account the physiological realism but only adding
perturbations as long as the new data improves the recognition model performance.

We used the well-known one-versus-all method [119,174,175] to obtain the baseline
results of a single user and then compare them to all the singular augmentations. During
the training phase, we used the gesture sequences of the first user to train and the other two
users to validate. Then, we ran the trained neural network on the original SHREC’22 test
set to assess the results.

5.1.1 Sliding window detector

In our test, we perform the online gesture detection/classification with a sliding window ap-
proach using the method OO-dAMVMT [10] described in Section 4.4, which obtained state-of-
the-art performances on the SHREC’22 benchmark. This means that we trained a classifier
with fixed-size windows, where a window is a fixed number of consecutive frames (recorded
hand poses) sampled regularly from the training sequences. Every frame has its label (ob-
tained from the start-end annotations, including the "non-gesture" label, assigned when
most of the window is outside the annotated gestures), and the windows are labeled accord-
ing to the most frequent frame label. At test time, gestures are detected using the trained
classifier on the last frames of the online sequence. This creates problems and peculiarities
in the classification since dynamic gestures and non-gesture classes can be longer than the
window size and are recognized from their subparts. In addition, non-gesture data is much
more frequent in the training data, but its variability in the training data clearly does not
cover large parts of the class space (covering all the physiologically plausible movements not
included in the gesture dictionary). Our augmentation procedure creates novel sequences by
segmenting the gestures in the training sequences and modifying and interleaving them in
non-gesture classes. Then, the additional windows extracted from the synthetic sequences
are added to the set of training windows.

5.2 Augmentation details

Each sequence in the SHREC’22 dataset consists of gestures intertwined with non-gesture
movements, so we divided gestures from non-gesture, creating two separate datasets to aug-
ment. In addition, when we created augmented gesture samples, we remade the ‘original
continuous sequence’, inserting the gesture in a synthetic non-gesture background. Finally,
we extract the augmented windows from these synthetic sequences to train the neural net-
work. The sequences to be augmented are decomposed in global trajectory, local orientation,
and hand pose, and we implemented specific augmentation strategies for each level of detail
described in the following subsections. Each comes with a control parameter: we will explain
how we selected and fine-tuned the parameters in Subsection 5.3.2.

5.2.1 Global trajectory augmentations

We created new trajectories (see Figure 5.5 for a detailed visualization) using four different
augmentation methods:
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Fig. 5.1: Trajectory noise Fig. 5.2: Trajectory Scaling

Fig. 5.3: Trajectory Orientation Fig. 5.4: Trajectory Resampling

Fig. 5.5: In this figure, the four trajectories augmentation types are visualized. They rep-
resent Figure 5.1 Position noise, Figure 5.2 Scaling, Figure 5.3 Orientation, Figure 5.4 Re-
sampling.

e Noise: adding noise enhances the robustness of the recognition method; specifically,
we introduced random 3D shifts to each time frame of the sequence, applying the
same displacement to all the skeleton points (Figure 5.1). The augmentation is con-
trolled by the parameter A, which defines the range of variability of the points’ shift
([_A7 A]7 [_Av A]? [_A7 A])

e Scaling: augmenting the scale of trajectories enhances the recognition system’s robust-
ness to variations in hand movements across different users and environments; this vari-
ability in training improves the model’s ability to generalize across a broader range of
scales. It enables the system to recognize gestures consistently, whether performed with
larger or smaller hand movements. We apply a common scale factor s to all the key
points’ coordinates or trajectories (see Figure 5.2).

e Orientation: users might perform gestures at different orientations due to hand po-
sitioning, user posture, or interaction context variations. This augmentation ensures
accurate recognition even when gestures are performed at angles not seen during the
initial training phase, effectively handling the natural variability encountered during
actual use. We create augmented gestures with a perturbed orientation by applying a
rotation of an angle § around a randomly selected axis (see Figure 5.3).

e Resampling: Gestures can vary in speed and duration when performed by different
users or in different contexts. Resampling the trajectories, assuming the same frame
rate and using then fixed-size windows for the gesture classification, we can actually
simulate the execution at a different speed (see Figure 5.4). To generate augmented
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gestures, we applied a uniform resampling of segmented gesture/non-gesture segments,
multiplying the number of sampled frames by a factor f and performing spline-based
interpolation of the trajectory.

5.2.2 Hand orientation augmentation

While the semantics of some gestures change with orientation, it is clear that different
subjects can perform the same gestures with slightly different hand orientations, varying
with time. Looking at the executions of the gestures included in the SHREC’22 dataset, it
is evident that the orientation of the hands in different executions of a CIRCLE or a WAVE
gesture presents non-negligible variations.

For this reason, the addition of augmented gestures obtained by executing random
pose rotations at each time frame of the sequence is expected to allow the system to identify
gestures more accurately. As shown in Figure 5.6, to create the augmented gestures, we
rotate the pose of the hand at each time frame of a random angle in the range (0 7| around
a randomly oriented axis passing through the wrist joint.

Fig. 5.6: Hand pose orienta-
tion Fig. 5.7: Articulation noise

Fig. 5.8: Figure 5.6 Hand orientation noise is added by rotating the skeleton around the
wrist node. Figure 5.7 Fingers’articulation noise is added by summing random components
to the PDM coeflicients.

5.2.3 Articulation Noise

Given that each individual is unique, there are different ways that people move and articulate
their hands, which results in pose variations. In our method, we represent the class-specific
variability as a Point Distribution Model (PDM) [176] obtained from the available training
examples. The method projects the deviation of the joints’ coordinates from the average
pose on the eigenvectors of the covariance matrix, thus identifying the main modes of the
allowed articulation changes. Each gesture frame can be compactly represented by the first
coefficients of the PDM representation, and we alter these coeflicients to create the augmen-
tations.

We trained a PDM for each gesture class, transformed each pose into the eigenvector
space, and calculated the ranges of variation for each principal component to determine
the minimum and maximum values of the reasonable coefficients for the gesture class. We
considered the first 10 eigenvectors, as we found that they are sufficient to explain more than
99% of the pose variability for all the classes. Augmented gestures are created by adding or
subtracting to each of the 10 coefficients C; (describing the pose at each time frame) the
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value of the corresponding max-min range multiplied by a control parameter, ranging in the
interval [—q, a]. Each different augmentation is generated by selecting different values for «
in the range [0 1]. The modified representations projected back to the original pose space
result in plausible alteration of the finger articulation (as shown in Figure 5.9)

20

—-20

PC, varied PC, varied

PCs varied

Fig. 5.9: The central column of this grid represents the original pose (PINCH). The rows show
the variations along the first three principal components of the PDM built for the PINCH
gesture, labeled as PCy, PCy, and PC5. The columns represent the effect of perturbations
at different standard deviation offsets from the mean, specifically —20, —10, 0o, 1o, and 20.

5.2.4 Dataset Augmentation Strategies

In the continuous setting, we are interested in evaluating separately the effect of gesture
and non-gesture augmentation. It is also important to tune separately the parameters used
for the generation of the augmented dataset, as non-gesture examples should feature a
larger variability. For this reason, we segmented each original training set’s sequences into
two distinct sets composed of gestures and non-gesture segmented sequence fragments and
generated augmented samples (and finetuned parameters) separately for the two sets. From
the two augmented sets, the windows used to train the sliding windows-based continuous
classifier are then extracted, and the trained classifier is tested on the SHREC’22 test data.
By augmenting the non-gesture data, we increased its prevalence relative to gesture data
in the dataset, risking poorer accuracy in gesture class prediction due to increased class
imbalance in the training set. However, the goal was to cover a wider range of non-meaningful
hand poses and trajectories, thereby reducing the false positive rate. After fine-tuning, we
combine all fine-tuned gesture augmentation strategies with non-gesture augmentation and
report these results in Table 5.2

5.3 Experiments

5.3.1 Establishing a Baseline

We adopted a 1-user-vs-all testing approach to simulate a small amount of training data
available. From the original SHREC’22 train-split, we augmented the sequences of a single
subject from the training set, using the remaining two subjects as the validations set during
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the offline training phase of the network. For reporting metrics, we used the same test-
split and online evaluation metrics as proposed in SHREC’22. We followed this method to
obtain the baseline performance: the continuous detection evaluation metrics obtained on
the SHREC’22 test set using the classifier described in [10] and the single subject sequences
with no augmentations applied. The baseline values appear in Table 5.1 and Table 5.2 and
are DR = 0.72, FPS = 0.32, JI = 0.58. Improvements above this baseline can be attributed
to the effectiveness of augmentation techniques.

5.3.2 Generation of the augmented datasets, fine-tuning of the augmentation
ranges and online detection results

We generated the augmented training sets from the gesture /non-gestures sequence fragments
of the single subject considered, adding ten augmented fragments for each of the methods
described in Subsection 5.2.1 and Subsection 5.2.2, sampling the related parameters from
specific ranges. To set reasonable values for these ranges, we performed a specific fine-tuning,
optimizing the continuous classification performances on the validation set composed by the
gestures of the remaining SHREC’22 training subjects.

For each of the values of the parameters, we started from a small [min max| range
approximately corresponding to the variability of the related property in the training set.
We used two different parameter selection approaches to avoid the risk of over- or under-
representing specific variations in the augmented data. For A,#0,~, a parameters, we ran-
domly sampled from uniform distributions in the respective ranges, deliberately excluding
values close to zero. For s and f, we generated values evenly spaced within the specified
range, excluding values close to one, to systematically explore the parameters in the space.

We then tested increased ranges, finally choosing the best range that minimized the
Jaccard Index in evaluating the continuous classification of the validation set sequences.
We fine-tuned a single augmentation method at a time, optimizing each parameter inde-
pendently. Fine-tuning for the gesture and non-gesture sequence subsets was performed
separately. Table 5.1 shows the ranges tested for each parameter and the one selected to
generate the augmented gesture dataset.

Augmentation Param |Ranges tested

Trajectory Noise A (m) [0, 0.001], [0, 0.002], [0, 0.003], [0, 0.01], [0, 0.1], [0, 1]

Trajectory Orientation |0 (rad) ([0, 0.01], [0, 0.02], [0, 0.04], [0, 0.08], [0, 0.16], [0, 0.32], [0, 0.64], [0, 1]
Trajectory Scaling s 0.5, 2|, 0.6, 1.8/, ]0.7, 1.6], [0.8, 1.4], [0.9, 1.2

Trajectory Resampling| f 0.5, 2|, 0.6, 1.8], ]0.7, 1.6], [0.8, 1.4], [0.9, 1.2

Hand Pose Orientation |y (rad) ([0, 0.01], [0, 0.02], [0, 0.04], [0, 0.08], [0, 0.16], [0, 0.32], [0, 0.64], [0, 1]
Articulation Noise a [0, 0.1], [0, 0.2], [0, 0.5]

Table 5.1: Ranges tested in the fine-tuning for each augmentation method used to synthesize
gesture and non-gesture.

It is possible to see in Table 5.2, that single augmentations provide a good increase
in online classification performance. With all the augmented gestures created with the best
ranges for each type, we created the All Augmented Dataset (AAD). While each augmenta-
tion technique separately improves the metrics over our baseline, the union of all augmen-
tations (‘All Augmented Dataset’” AAD) achieves the highest detection rate. Interestingly,
trajectory scaling leads to the best false positive scores, even compared to AAD. The same
parameters range optimization was performed separately for the non-gesture samples. Ta-
ble 5.2 shows the optimal ranges obtained and the corresponding online classification results.

Non-gesture augmentation is essential as non-gesture performed by different subjects
may differ from those performed by the single training subject. Enhancing the variability of
non-gesture data can improve the algorithm’s ability to differentiate between gestures and
non-gesture. In theory, increasing the ratio of non-gestures to gesture data in a dataset that
is already more than half composed of non-gestures could lead to worse online recognition
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performance due to heavy class imbalance. Thus, our results are not obvious since we ob-
served an improvement in both DR and FPS metrics over the baseline in each augmentation
method. Also, in this case, we created a complete Non-gestures Augmented Dataset (NGAD)
with all the augmented non-gestures sequences created with the best ranges for each type.
NGAD achieves the highest DR and JI compared to applying one method at a time.

DRT|FPS ||JIT

Baseline 0,72 10,33 10,58
Gestures
Augmentation Optimal range DR1|FPS] [JIT
Trajectory Noise [0, 0.003] 0,79 10,27 0,65
Trajectory Resampling|[0.6, 1.8] 0,77 10,31 (0,62
Trajectory Scaling [0.9, 1.2] 0,82 0,26 |0,69
Trajectory Orientation |[0, 0.02] 0,79 (0,29 0,64
Pose Orientation [0, 0.32] 0,78 10,31 10,63
Fingers’articulation [0, 0.5] 0,82 (0,23 0,69
AAD (union of all) - 0,83 (0,26 0,69
Non-gestures

Augmentation Optimal range DR1|FPS| |JIT
Trajectory Noise [0, 0.003] 0,81 (0,22 0,67
Trajectory Resampling|[0.8, 1.4] 0,77 10,28 10,63
Trajectory Scaling [0.6, 1.8] 0,77 10,27 0,64
Trajectory Orientation |[0, 0.16] 0,79 (0,27 0,65
Pose Orientation 0, 0.08] 0,76 0,23 ]0,64
Fingers’articulation 0, 0.2] 0,79 10,30 0,64
NGAD (union of all) |- 0,84 (0,25 0,70

Table 5.2: Continuous detection results (Detection Rate (DR), False Positive Score (FPS),
and Jaccard Index (JI)) obtained on the SHREC’22 benchmark with the classifier presented
in [10] using different training sets. Top block: scores obtained training with the examples of
a single subject (baseline). Middle block: results obtained augmenting the training gestures
with all proposed methods (in the optimal parameters range shown in the second column).
Bottom: results obtained augmenting the non-gesture segments with all proposed methods
(in the optimal parameters range shown in the second column).

Technique DR 1 FPS | JI 7t
Baseline (no augmentation) 0,72 0,33 0,58
AAD 0,83 0,26 0,69
NGAD 0,84 0,25 0,70
AAD + NGAD 0,85 0,23 0,72

Table 5.3: This table reports the online evaluation scores (DR = Detection Rate, FPS =
False Positive Score, and JI = Jaccard Index) of the Baseline, the union of all augmented
gestures (AAD), the union of all augmented non-gestures (NGAD), and the combined union
of both (AAD + NGAD).

Then we created an augmented dataset (AAD + NGAD) that is the union of the two
combined gesture and non-gestures datasets (AAD and NGAD) and evaluated the perfor-
mance of the online classifier trained with it. At the DR of 84%, this model outperformed all
other augmentation strategies (see Table 5.3) and keeps the best FPS value that has NGAD.

The finetuned parameter ranges have also been used to augment the single-subject
acquisitions of the other two subjects included in the SHREC’22 training set. Table 5.4
shows that we obtain a similar improvement in the online detection performances without
subject-specific fine-tuning using the same protocol used for the first subject.
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Dataset Used DR 1t FPS | JI©
Subject 2 Original Data [0,73 0,39 0,56
Subject 2 AAD + NGAD|0,81 0,29 0,69
Subject 3 Original Data |0,74 0,34 0,58
Subject 3 AAD + NGAD|0,82 0,31 0,67

Table 5.4: This table reports the online evaluation scores (DR = Detection Rate, FPS =
False Positives Score, and JI = Jaccard Index) of the Baseline of Subject 2 and Subject
3 from the training set of SHREC’22 and the augmented versions obtained using AAD +
NGAD.

5.3.3 SHREC’17 comparison

There are not many 3D continuous gesture datasets available, so it is challenging to test
our methods on a broad range of datasets. However, we have decided to also evaluate our
techniques on the well-known segmented SHREC’17 [43] benchmark. The presented baseline
in [120] is achieved through a CNN classifier that is not state-of-the-art (4.3% accuracy),
we employed the DDNet [149] classifier, which has a 91.9% accuracy. To assess the effects of
our augmentations in SHREC’17, we used the fine-tuned parameters for SHREC’22 without
any modifications (reported in Table 5.2) and continued the same process by creating ten
augmentations per method for each gesture. Following this procedure, we incremented the
original DDNet performances, shown in Table 5.5, achieving 92.6% accuracy in only 50
training epochs. We also tested our methods using the 1l-user-vs-all approach, achieving
a baseline accuracy of 16.5% without augmentation and reaching 44.5% accuracy using
our techniques’ union. However, since the parameters were not fine-tuned for this specific
classifier and benchmark, there is a possibility that the optimal result is not achieved, and
it might be possible to further improve it by fine-tuning the parameters.

Method Full Trainset Accuracy 1|1-User Accuracy 1
Original Data 91,9 16,5
Augmentation 92,6 44.5

Table 5.5: Classification accuracy of DDNet on SHREC’17 dataset using the full trainset
and a single-user setup, with and without augmentation.

5.4 Discussion and Future Work

Our results show that classical augmentation is a viable solution to improve online gesture
recognition performance. In contrast to prior work [135] that did not find improvement while
using data augmentation with a CNN recognizer, our setup improved the baseline perfor-
mances on the SHREC’22 dataset despite training with only a single user’s data. The first
key finding in our experiment was that a dataset that comprises all the gesture augmenta-
tions proposed guarantees better scores compared to using only the original training data.
The use of an augmentation procedure that is aware of the hierarchical structure of the hand
and of the constraints of the finger articulation provides better results than independent,
random point shift, even if trained only on single-user data.

The pose augmentation method introduced in this work [120] applies random noise
to a subset of joints by first selecting a random number of joints and then adding Gaussian
noise to their positions, but we observed that it led to suboptimal results in detection
performance. Specifically, the detection rate for gestures was 0.79 with a false positive rate
(FPR) of 0.22, while for non-gestures, the detection rate was 0.75 with an FPR of 0.30.
To improve this, we introduced a pose variation method Subsection 5.2.3 that uses a PDM,
which better preserves the articulation of hand gestures while introducing realistic variations
that achieve superior results.
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The second key finding was the importance of non-gesture samples on the model’s
performance. Looking at Table 5.2, it is evident that non-gesture augmentation leads to large
improvements over the baseline, and it is much more effective than gesture augmentation.
Non-gestures synthesized with our method led to an increase in DR and FPS, which was not
obvious because increasing the number of non-gesture samples increases the class imbalance
of the training dataset. The union of all of the augmentation methods for non-gestures
appears to be the most effective than every single augmentation. Instead of gestures, we got
a tie on the Jaccard index of the finger articulation method that could be enough to guarantee
the best result. We can assume not all augmentation types contribute equally to performance
gains, it may be beneficial to apply only a subset of the proposed augmentations rather than
all of them. Future work could explore model-based hand pose generation techniques that
respect the physical constraints of real hands, allowing for a more controlled synthesis of novel
pose streams. The augmentation techniques we studied are effective for hand trajectory and
pose data collected with the HoloLens 2, but their applicability extends beyond this dataset.
With the introduction of the SHREC’17 dataset and our improved data, we demonstrated
their effectiveness across different sources.

Another limitation of the method is that the fine-tuning of the augmentation param-
eters based on optimizing the classifier performance on the validation set is time-consuming
and dataset-specific. However, given the hierarchical structure and the explainability of all
the parameters defining the hand pose changes, it could be possible to derive the maximum
ranges of parameter variation without changing the semantics for all the gestures belonging
to a specific type (static, dynamic, coarse and fine) with a specifically-designed user study.
We plan to perform this study in future work.

In conclusion, our study confirms the efficacy of data augmentation in improving ges-
ture recognition performance, even with a reduced amount of training data. Also, we have
proposed an augmentation method that different skeleton model can use benchmarks to
generate augmented gestures and non-gestures. This synthesized data added to the origi-
nal samples notably improved the gesture recognition detection rate, false positive score,
and Jaccard index. We demonstrated the utility of augmentation not only for segmented
gestures, as shown in previous studies [119,120] but also in the domain of continuous recog-
nition, where reducing false triggers is paramount. This is critical in high-stakes real-time
applications that leverage gestural interactions, such as operating heavy machinery in indus-
trial environments, surgeon operations, and even video games. Our research informs future
directions and applications of data augmentation in the context of online gesture recogni-
tion.
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Chapter 6

Practical Applications of Gesture Recognition in
Industrial XR Environments

The research and development of gesture recognition methods, as detailed in Chapter 4, focus
on bridging the gap between theoretical advancements and practical applications. My work
leverages robust, real-time algorithms designed for use in realistic scenarios, as showcased
in two application domains: industrial environments and AR.

In [15], we highlight the deployment of an advanced gesture recognition system using
a lightweight 1D convolutional neural network trained under the On-Off deep Multi-View
Multi-Task framework [10] (see Section 4.4). This system supports the real-time recognition
of diverse gestures, including dynamic and fine-grained hand motions, enabling effective
interaction in augmented workplaces. The app was evaluated with minimal latency and
demonstrated its ability to execute gestures from the SHREC’22 dictionary in industrial
setups, proving its usability for controlling machines in augmented environments.

In [12] we presented a virtual environment that integrates real-time data from indus-
trial machines into a detailed digital twin. Using gesture-based interactions, such as pinch
gestures for navigation and data retrieval, the application facilitates efficient control and
monitoring of machinery. This integration showcases the potential of gesture recognition
in enhancing human-machine symbiosis in Industry 4.0 and 5.0 environments, providing a
human-centric approach to industrial operations.

Within the study [11], T worked on integrating mixed reality technologies to improve
worker safety and enhance interaction in collaborative environments. My role included in-
corporating HoloLens 2 into human-robot interaction tasks, creating intuitive gesture-based
commands for collaborative robots, and developing safety-compliant interaction models us-
ing mixed reality. This work also addressed challenges in human-machine collaboration by
ensuring the seamless interaction of physical and digital twins. These contributions have
provided valuable insights into the potential of gesture-based and immersive technologies
for practical, industrial use.

This chapter is adapted from [12], and we explore the complete integration of
eXtended Reality (XR) technologies within a demonstration laboratory that simulates Indus-
try 4.0 and 5.0 compliant machinery. Our work highlights the design and implementation of
augmented and virtual reality applications that enhance real-world tasks through advanced
gesture-based interaction. We’ve developed a sophisticated communication architecture to
synchronize data between the physical factory environment, its digital twin, and the XR
replicas, enabling seamless interaction.

By transforming a manufacturing plant into a Cyber-Physical Factory, workers can
benefit from smart visualizations and advanced interfaces, while remote operators can mon-
itor and control processes in real-time. Our laboratory setup at the University of Verona is
a cutting-edge testbed for this technology, allowing us to study and improve XR applica-
tions in a realistic industrial setting. Though current XR technology is ready for practical
use, challenges still need to be addressed, such as device comfort, battery life, and field of
view limitations. Our future work will address these issues and further enhance the system’s
capabilities. [14]
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INDUSTRIAL XR ENVIRONMENTS

6.1 Integration of Extended Reality with a Cyber-Physical Factory
Environment and its Digital Twins.

Virtual Reality (VR), Augmented Reality (AR), and, more in general, eXtended Reality
(XR) are fundamental enabling technologies for Industry 4.0. As pointed out in [177], "the
accessibility and accelerated progress in technological devices, incorporating advanced al-
gorithms, ergonomic features, built-in cameras, and sensors, have encouraged a massive
adoption and extensive application development in a wide spectrum of industry 4.0 do-
mains.". They are also important for the more recent Industry 5.0 paradigm, focused on
sustainable, resilient and human-centric solutions, as they can be considered "Individual-
ized human-machine interaction technologies that interconnect and combine the strengths
of human and machines" [178]. Thanks to the new interaction paradigms leveraged by XR,
workers can be supported by assistive tools enhancing their safety and adapting to their
needs and diversity [179)].

If a manufacturing plant environment is transformed into a "Cyber-Physical Factory"
(CPF) [180], with all the processes monitored and synchronized between the physical factory
floor and the cyber computational space, workers can be helped in their tasks with smart
visualization and advanced interfaces, and remote operators can monitor in real-time the
status of the production process and possibly perform actions on machines.

The concept of "Digital Twin" (DT) [181] is used to indicate the creation of a nu-
merical representation (and simulation) of a production plant. Specific software tools are
available in the industrial domain to support the organization of the work, allowing the dig-
ital control of production recipes, process monitoring and analytics, predictive maintenance,
etc.

The integration of these tools with XR technologies, allowing immersive visualization
and advanced interaction is, however, still limited and requires both the development of new
interaction paradigms, tools and a careful user evaluation.

One of the problems limiting the research on these aspects is related to the lack of
Cyber-Physical Factory demonstrators where the combination of all these technologies can
be tested and evaluated.

In this chapter, we present the design of a complete framework to test applications
of XR in a realistic industrial context. The framework has been created within the Indus-
trial Computer Engineering Laboratory (ICE laboratory) of the University of Verona, an
advanced demonstrator for Industry 4.0 and 5.0 technologies.

The laboratory is a functional replica of an advanced manufacturing environment with
specialized hardware devices and software tools, allowing students and researchers to work
with up-to-date instruments in different technological areas. In this environment, the use of
XR technologies to develop and test novel Human-Centered interaction design solutions can
be studied in a realistic scenario, interfaced with a complete cyber-physical factory provided
with state-of-the-art industrial digital twins. We already presented a brief analysis of the
literature on the integration of XR technologies with CPF/DT in Section 6.2.

In the following sections of this chapter, In Section 6.3, we describe the main features
of our laboratory. In Section 6.4, we discuss the creation of the 3D model of the plant
reproducing the environment and all the machines. Section 6.5 describes the VR application
allowing users to navigate in the laboratory, visualize real-time information on its equipment,
and possibly trigger actions on the production management. In Section 6.6, we describe the
AR application that allows users to walk in the physical environment, visualize information
superimposed on the different machines, operate on them with simple gestures, and have
feedback and alerts related to the production processes.

6.2 State-of-the-Art Surveys on eXtended Reality Integration with
Digital Twins and Cyber-Physical Factories

Many research papers describe the integration of Augmented Reality and Digital Twins/Cy-
ber Physical factories, and several literature surveys have already been published in the field.
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Kiinz et al. [182] reviewed selected literature on AR applied to DT, finding that the main
research topics considered are the visualization of information and data, the guidance of par-
ticipants through given tasks, and the interaction with DT through AR. A clear weakness
in the literature surveyed is that it focuses mostly on technical aspects neglecting human
factors, and more than half presents only descriptions of the proposed implementation or
concept as results.

Yin et al. [183] also conducted a state-of-the-art survey from the AR-assisted DT
perspective across different sectors of the industrial field. They reviewed 118 papers and
identified three levels of AR-assisted DT: Virtual Twin, Hybrid Twin, and Cognitive Twin,
with only the latter including effective integration of machine and human intelligence and
high-level support of human work. They considered the readiness level of this kind of DT as
low. They also pointed out several implementation challenges, related to the limited use of
human interaction with AR for DT control, the difficult adaptation of CAD-based 3D models
to the AR environments, the problems in the management of real-time data communication
in the integrated AR-assisted DT system.

Another literature review of papers discussing augmented reality and DT was pre-
sented by Bohm et al. [184]. Their survey focuses on how cybersecurity could benefit from
the combination of the two technologies. AR can, in fact, provide situational awareness,
including the actual physical situation, allowing insights derived from DT data and simula-
tions to be visualized together with the physical assets. They also discuss on how AR and
DT can be integrated with existing security mechanisms.

The use of Virtual Reality simulation integrated with smart manufacturing environ-
ments has been investigated in [185], who developed an early prototype of a VR application
visualizing the data of the real-time operations of a forklift for a user equipped with a VR
headset and performed preliminary evaluation of delays and acceptability.

Chandra et al. [186] surveyed papers on the usage of virtual reality (VR) in simulating
a digital factory gathering recommendations for developing effective tools. They highlighted
that although "VR provides the best visualization, interaction, and immersion, it still lacks
in becoming a high-fidelity, industrial-grade digital factory tool".

Pirker et al. [187] reviewed recent papers on immersive VR applied to Digital Twins.
They identified various applications fields for digital twins combined with VR that is not
limited to industry, but has been extended to other domains like health, automotive, BIM,
education, or even gastronomy. They found that primary use cases for VR associated to DTs
are remote operation, remote collaboration or guidance, training. However, a particularly
interested case where VR can play an important role is related to evaluation and to the pos-
sible use of virtual environments as safe spaces for user studies. The surveyed papers pointed
out also the issues related to the usability of VR (cybersickness, user acceptance, ergonomy),
to the network efficiency and security) and the specialized hardware requirements.

Many of these surveys reveal that, despite the amount of literature in the field, it
seems that VR and AR technologies are still not as exploited as they could in the cyber-
physical factory domain. In this context, the development of a demonstrator where different
solutions are integrated with standard industrial software solutions and a rich set of machines
can be a relevant contribution that can stimulate the implementation of new research for
the improvement of the instruments themselves and show the potential of the technology to
the industries.

6.3 The ICE lab of the University of Verona: a complete Industry
4.0/5.0 technology demonstrator

The Industrial Computer Engineering laboratory (ICE lab) is a research facility of the Uni-
versity of Verona, designed to serve as a demonstrator for a wide set of computational tech-
nologies applied to industrial manufacturing within the frameworks of the Fourth and Fifth
Industrial Revolutions (Industry 4.0 and 5.0). Fig. 6.3 shows two views of the environment.

The main feature of the laboratory is a complete and reconfigurable production line
equipped with an assortment of heterogeneous devices grouped into manufacturing cells:
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Fig. 6.1: (a) Fig. 6.2: (b)

Fig. 6.3: Two views of the ICE laboratory: (a) shows the milling machine close-by with the
feeding arm in the forefront, the polyjet and stereolitographic printers in the middle, the
autonomous ground vehicles and the vertical automated warehouse at the back; (b) shows
the mini-pallet conveyor line on the left and the robotic arms in the middle.

autonomous storage and logistics, robotic assembly, quality control, additive manufacturing,
subtractive manufacturing, and functional testing.

The autonomous storage and logistics cell supplies and circulates materials (parts and
products) between the cells: a vertical automated warehouse (Ferretto VERTIMAG EF),
two autonomous ground vehicles (Robotnik RB-KAIROS 5), a mini-pallet conveyor line
(Bosch-Rexroth) configured as a ring. The robotic assembly cell includes two collaborative
robotic manipulators (ABB YuMi IRB14000 Collaborative Robot, Kuka LBR iiwa 14 R820)
with different end-effectors, such as gripper, suction and screwdriver tools. The quality
control cell includes a set of cameras (optical, infrared, laser scanner) to inspect materials
and products for visible defects. The additive manufacturing cell is made up of a set of
3D printing machines based on different technologies, namely fused-deposition modeling
(Prusa i3 MK3S+), polyjet (Stratasys J826), and stereolithography (DWS Systems XPRO
S) for building product components. The subtractive manufacturing cell has a four-axis
computerized numerical control (CNC) milling machine (EMCO ConceptMill 105). The
functional testing cell has a flying probe testing machine to check the quality of electronic
boards (SPEA 4050 S2).

Moreover, the production line is surveyed by an array of video surveillance and RGBD
cameras mounted all around the room to monitor workers and guests in the laboratory. The
first array feeds a customized neural-network based tracking system that robustly follows
people even if partially occluded by the equipment. The RGBD cameras instead provide
skeletal-based pose estimation to analyze interactions with the machines and the environ-
ment. The laboratory is also monitored by meters in every production cell to measure energy
consumption, and environmental IoT sensors within the room to record temperature, hu-
midity, and brightness.

This set of sensors enable us not only to perform research on the efficient use of
automation in industry (4.0 paradigm), but also on sustainability and inclusiveness of the
factory (5.0 paradigm) that will be particularly investigated in future work.

All the equipment and sensors in the laboratory are managed by a Service-oriented
Manufacturing (SoM) software architecture based on containerization and virtualization,
implemented as a Kubernetes cluster with two main components: the Data Integration Hub
(DIH) and the Automation Manager. The DIH monitors the equipment, stores the gathered
data, and propagates to the machines the commands requested by the Automation Manager.
It acts as a service platform that provides a variety of functionalities: machine monitoring
and control through OPC-UA servers and clients, communication between Kubernetes nodes
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Fig. 6.4: Functional schema of the ICE lab. The AR and XR applications communicate both
with the physical devices and the industrial digital twin, enabling augmented interaction,
monitoring and control.

with Industrial Internet of Things (IIoT) brokers (RabbitMQ, Kafka, MQTT), storage and
retrieval of time series (InfluxDB).

The Automation Manager works between the Manufacturing Execution System
(MES) and the DIH to control the production plant and dynamically execute work orders,
reacting to changes in the plant and in the production plan in real time. It receives from the
Siemens OPCenter Execution Discrete MES the desired production data and the associated
production recipes, and schedules the activities of the production cells by employing the
services of the DIH.

The industrial Digital Twin for the whole production line has been created with
the Siemens Tecnomatix Plant Simulation. Two DTs are actually available. The first is
the Digital Shadow, communicating with the OPC-UA servers of the machines to monitor
their status and visually replicate it in real-time, and allowing real-time control over the
entire system. The second is the Autonomous Digital Twin, designed to simulate the plant
as a whole. The information flow connecting the physical devices, proprietary and custom
software layers, and the DT, is represented in Fig. 6.4. Selected data can flow from the
physical factory to the digital layers and vice-versa to ensure monitoring and control.

The communication between applications and services relies on RPC and events sub-
scriptions that generate a stream of messages managed by IIoT brokers. In particular, Rab-
bitMQ handles the control infrastructure and Apache Kafka the data distribution. These
technologies have a recognised industrial appeal for their scalability and high reliability.
Alongside these systems, a lightweight messaging system based on MQTT allows communi-
cation from outside the laboratory, specifically designed to provide remote monitoring and
control of the production line with mobile devices.
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In the context of the ICE lab, we developed Virtual Reality and Augmented Reality
applications that showcase the different opportunities that the technologies offer to train
and assist workers.

These applications can be considered additional digital twins and directly communi-
cate in both directions with the physical laboratory and the industrial digital twins.

They leverage the creation of an accurate graphical modeling of the laboratory el-
ements, efficient network communication, and advanced interaction design solutions. The
MR application is designed to help workers in the laboratory, while the VR application is
designed for training but also for remote monitoring and control.

The AR and the VR applications currently run on the Meta Quest 2 and HoloLens
2 stand-alone HMDs, respectively. They can be ported easily on different platforms. The
current AR application rely on the Hololens 2 spatial mapping, but, not only similar high
quality inside out tracking capabilities are available on other AR glasses (Magic Leap, Meta
Quest 3, VarjoXR), but it could be also possible to use VIVE base stations mounted in the
lab to provide accurate headset tracking. The interaction in AR and VR is based on gestures,
and also in this case, most of the recent AR and VR headset comes with finger tracking
capabilities, that can in any case added to the setup with a low cost Ultraleap device. The
porting of gesture recognition algorithms based on hand skeleton data needs attention but we
have successfully ported applications from Leap Motion data to the Hololens even without
the need to retrain the recognizer.

In the following sections, we describe the graphical model of the laboratory, the main
characteristics of these applications, and the example demonstrations that have been per-
formed with them and are available for the visitors.

»
¥
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Fig. 6.5: The graphical twin of the ICE lab includes all the laboratory assets modeled as
triangle meshes at different levels of detail to support rendering on low-end devices adapting
the quality to the hardware resources. The full-resolution model is currently composed of
approximately 5.1M triangles.

6.4 The laboratory graphical twin

A 3D digital replica of the laboratory was created to support the realization of the immer-
sive VR tools and the creation of spatially referenced augmentations. The complete model
has been designed and optimized with Blender [188], using the floor plan and on-site mea-
surements to reproduce the room accurately (Fig. 6.5). We modeled most of the machines
starting from the CAD files provided by the manufacturers, exported as surface meshes
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using Autodesk Fusion 360 [189], and put into a hierarchical structure. The meshes had
to be processed to make them manageable in interactive graphical applications running on
low-end hardware, as the single parts often had several millions triangles. Due to the large
diversity in models quality and complexity, the simplification had to be specialized for each
model. The process was organized into two steps: i) removal of internal/non-relevant parts
and possible re-meshing of the external surface; ii) simplification of the mesh with edge
collapse.

With the creation of the room and the generation of the models, we obtained a basic
version of the scene with all the geometric models, totaling 5.1M triangles. This amount is
still very high for interactive applications on several platforms, especially for the stand-alone
VR headset (Meta Quest 2) used as a target platform in our VR app (Section 6.5). For this
reason, we created meshes for the different elements at four different resolutions (100%,
50%, 30% and 10% the original models’ triangles) that can be used changed dynamically
using the Level Of Detail (LOD) mechanism in the rendering step. The LOD mechanism
adapts the resolution to the distance from the point of view. For the most complex piece,
the minipallet conveyor line, which is a unique structure covering most of the room space,
we had to split the model into three segments along its major length, and create a multi-
resolution version of each to optimize the performances of the LOD management. To obtain
a realistic rendering of the scene, we also had to assign reasonable materials to the modeled
surfaces. The original CAD data mostly lacked Physically-Based materials that have been,
therefore, assigned in the modeling phase and still need to be completed /optimized. We plan
to develop specific image-based methods to further improve realism in future work.

Fig. 6.6: (a) Fig. 6.7: (b)
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Fig. 6.8: (c) Fig. 6.9: (d)

Fig. 6.10: The VR application provides a realistic visualization of the simulated environment
on the Head-Mounted display, with physically-based illumination effects and high-resolution
details (a,b). The application allows to navigate inside the ICE lab using instant teleport
by throwing a ray with a gesture and clicking when the ray intersects the floor in the
desired position (c), and the interactive visualization of both offline description and real-
time information on the single machines, as the active tray in the vertical warehouse (d).
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6.5 Virtual Reality application

The app was developed using Unity [190], and is based on the optimized scene created with
Blender. We added the ceiling of the lab with area-based lights simulating the real LED
light sources. A spherical texture representing the external view of the lab has been added
to provide a visually plausible rendering of the scene behind the windows and a realistic
illumination. The materials of the models were fine-tuned along with a Universal Rendering
Pipeline asset to find the best compromise between performance and image quality. Global
illumination has been baked into light maps. The application uses the Unity LOD manage-
ment system, set up with the 4 different resolutions created, and setting distance thresholds
to enable lower LOD models based on a preliminary test with subjects, asking them at which
distance the change in detail seemed negligible. These settings and configurations allow the
app to run at 60FPS on average on the Oculus Quest 2, with the lowest performance reg-
istered at roughly 50FPS with the camera observing the scene facing the full length of the
virtual laboratory. The degree of realism of the visualization is good, as shown in Fig. 6.10.

6.5.1 Interaction Design

The user can navigate the environment by walking in the real space or by changing the
viewpoint with the Point and Teleport technique [191,192]. In this case, they must perform
a pinch gesture that makes the hand cast a virtual ray that can be pointed to the target
destination on the floor (Fig.6.8). The camera movement is performed upon releasing the
hand pose. The users can exploit the same pinch/ray casting action to point at the different
machines spread throughout the laboratory. In this case, they can activate the visualization
of specific information on their status, displayed on a floating panel. We implemented two
modalities for the information panels: Follow or Anchored. In the Follow mode, the panel
follows the user with smooth transitions when the camera rotates or when the user moves
through the environment.

6.5.2 VR Demo: virtual visit with real-time machines’ status visualization

The current version of the application allows remote users to easily navigate in the labora-
tory, learning its layout and visualizing panels with the description of the different "virtual"
machines. Furthermore, these panels can display live information retrieved from the corre-
sponding "real" equipment. The live information update is gathered by an MQTT module
that connects the application to the MQTT broker in the laboratory infrastructure that
exposes data retrieval and command functions to authorized users. In Figure 6.9, the panel
displays the currently active tray in the vertical automated warehouse.

6.6 Augmented Reality application

AR applications can be easily created using a see-through headset with spatial mapping
capabilities like the Microsoft HoloLens 2. By using the mentioned AR headset, we built a
MR system that augments the experience while being in the ICE lab, by showing real and up-
to-date information about the state of the machines. Similarly to the VR app (Section 6.5),
the software is developed using Unity Engine [190], importing 3D models of the machines
created in Blender. Because these 3D models are superimposed over physical machines, there
is no need to render them, but they can be used for visualization purposes in case of specific
application requirements.

The spatial alignment of the virtual and real spaces exploits the Space Pins feature
of World Locking Tools (WLT) for HoloLens 2. WLT provides a stable and reliable world-
locked coordinate system. By scanning with the headset camera QR codes located in the
physical world and corresponding to known virtual world coordinates, the system can recover
the optimal transform matching the 3D model of the lab and the spatial map created by
the headset. For high-quality alignment accuracy, it is recommended to scan two or more
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QR codes, so we placed two QR codes in the physical lab, annotating the corresponding
position in the virtual space. We estimated an alignment error of +5¢m between the virtual
model and the real machines, which we considered to be acceptable given the extent of the
laboratory. The application must be initialized at startup by scanning these QR codes with
the HoloLens 2 camera.

Fig. 6.13: (c) Fig. 6.14: (d)

Fig. 6.15: Example headset views of the basic AR application of the ICE lab. The user
can see augmentations (a) and/or semitransparent models of the selected (b) devices. In the
examples in the bottom row, the operator checks the status of a segment of the conveyor
(c). In case of alarm, a red arrow guides the operator to the critical point (d).

6.6.1 Interaction Design

We designed a set of augmentation options controlled by UI elements realized with the
MRTK 2 toolkit. A hand menu allows the selection of the different visualization options.
The user can select the augmentation panels enabled and hidden. The 3D models of the
machines can be rendered with variable transparency, superimposed on the real ones, or
not displayed (default option). The information panels associated with the machines are
clickable with the local or remote (ray-casting) standard pinch-based interaction of MRTK
to visualize related information, updated in real time.

Furthermore, our AR application features a custom gesture-based interaction system.
This system detects and segments in real-time static and dynamic gestures, captured by
the HoloLens 2 finger-tracking system and can map them to specific actions. The system
exploits a client-server architecture and a neural network recognizer [10] to provide a low-
latency detection and recognition of a dictionary of 16 heterogeneous gestures, including
static (e.g., fixed hand poses) and dynamic ones, including hand articulation (pinch, grab),
or whole hand movement (swipe left and right, circle). The gestures dataset used to train
the network has been released for a recognition contest in 2022 [6]. The related dictionary
includes gestures typically used for interaction and communication (see Fig. 6.16).
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Our network could be, however, trained on different datasets/dictionaries with specific
gestures and non-gestures examples, with classes optimized for the desired task.

By mapping gestures with system actions, it is possible to create easy-to-use control
systems for specific tasks. This allows a touchless control (that is also optimal for hygiene)
and we expect to be faster and less error-prone than clicking in mid-air. We plan to perform
usability tests to verify this, comparing our gesture-based solutions to traditional mid-air
clickable menus provided by the MRTK2 framework in the near future with a user study on
a controlled task, measuring efficiency, errors and fatigue. The preliminary feedback of the
ICE lab visitors testing the gesture-based solutions is really promising, and the fact that
menu item selection with simple gestures can be faster and not less accurate than mid-air
clicking has been already shown in previous work [193].
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Fig. 6.16: The 16 static and dynamic gestures modeled in [6] that are used for touchless
control.

6.6.2 Demo tasks for the AR app

Using the framework developed, we demonstrated different tasks in public exhibitions show-
ing the potential impact of the use of this technology in industrial environments and showing
the effectiveness of the design and implementation choices adopted.

Transport line augmentation

The first demo of the augmented reality application allows the real-time visualization of
the transport line data, as shown in Fig. 6.15. The user can check the status of the pallets
and of the bays. In particular, they can gather general information about the conveyor line,
and inspect in more detail the position, content and destination of each pallet. When the
conveyor is operational, blinking arrows on each bay signal the direction of a pallet entering
or exiting. Moreover, the application warns the user about any ongoing machine alarms
by placing a marker on the conveyor line and enabling the operator to inspect them in a
dedicated panel. At any time, the user can enable and disable the virtual machine models,
information panels, alarms and arrows.

Active monitoring and control of the production workflow with AR and
gestural interface

To demonstrate the integration of the XR interfaces with the production line management
and the use of natural interaction with gestures, we implemented another demo for the
visitors of the laboratory where users wearing HoloLens 2 glasses can control realistic pro-
duction tasks with simple gestures having visual feedback on the effects of the actions on
the system.

The demo simulates the action of an operator that can select pending tasks on a list
(Fig. 6.17), use a gesture (in this case "knob") to start the transport line (Fig. 6.18), select
one of the available actions with a gesture (Fig. 6.19) and monitor the ongoing procedures
(Fig. 6.20).

Remote monitoring/control of single machines

We implemented a specialized XR application based on our framework in occasion of a big
national technology exhibition on Industry 4.0, where the ICE lab staff had the opportu-
nity to display its solutions to the exposition visitors. For obvious reasons, the production
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Fig. 6.21: Demo of the gesture-based production recipes’ management. The boxes in the
figure show the user view. (a) The worker opens the menu of the active tasks with a menu
gesture. (b) They start the transport line operation with a "knob" gesture. (¢) With a
specific gesture, they call pallet ’1” in the local bay for repair. (d) After completing the task,
they can see the updated list of available actions.

line could not be dismantled and re-assembled at the exhibition, and it was replaced with
cardboard cutouts of each equipment, real-time video feeds from inside the laboratory, and
remote monitoring and control of the Automation Manager described in Section 6.3. This ar-
tifice was planned in conjunction with our application to allow our guests to virtually inspect
the machines and retrieve their real-time status updates during the live demonstrations.
Specifically, the cardboards were identified by unique image targets (Fig. 6.22) and
recognized by the Hololens 2 app. By performing distinct gestures in this situation, the users
could visualize a 3D model of the machine with associated information (Fig. 6.23) and check
its real-time status (Fig. 6.25). Similarly to the VR Demo described in Subsection 6.5.2,
the live connection was provided by an MQTT module that exchanged messages with the
laboratory’s broker to command status updates. In the future, we plan to extend these
interactions in order to enable a remote operator to be fully engaged with the production
activities like an in-place worker, or the same worker to enjoy an enhanced experience.

6.7 Discussion

Our results demonstrate the readiness of the current technologies for providing support for
workers in industrial contexts using eXtended Reality. The integration of industrial software,
digital twins, and XR applications allows the creation of specific tools to enhance productiv-
ity and safety in the factories. The use cases of our demos can be extended with many other
tasks, and the controlled environment of the ICE lab would facilitate the design of specific
user tests to evaluate the impact of the technologies and compare different interaction design
solutions.
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Fig. 6.25: (d)

Fig. 6.26: Remote inspection with extended reality. (a) The headset scans an image target.
The pane shows the user’s view. (b) Subsequent user view where the device’s description is
displayed together with the 3D representation of the same machine. (c) The user performs a
command with a gesture (the pane shows the user’s view). (d) Subsequent user view where
the status of the machine, updated in real-time, is displayed.

Examples of the tasks we plan to investigate with specific experiments are the use
of VR to learn the spatial layout of the environment; the effectiveness of different solu-
tions for immersive digital twin analytics visualization; and specific solutions to synchronize
collaborative work of local and remote users based on shared spatial annotations.

Other tasks to be designed will require further improvements of the system, in par-
ticular, related to the accurate simulation of the virtual robotic arms. We plan to introduce
their functional models in our graphical twin soon.

Even if the current XR technology is ready for a practical application, there are still
some limitations that need to be carefully considered for the interaction design. The first
issue is related to potential discomfort due to the use of the headset. Its weight can lead
to different issues and limit its "comfortable wear time" [194,195]. The battery life can be
another relevant issue for practical use. In the case of the HoloLens 2, it is limited to 2-3
hours. The limited field of view of the device can be a relevant problem for the effective
visualization of augmentations. The next generation of see-trough displays (Apple Vision
Pro, Varjo XR3, Meta Quest 3) might remove this issue being based on video see-through
technology, but this kind of display has the relevant drawback of excluding the user from
the real environment in case of system failure.

However, while our work demonstrates the feasibility of integrating XR in industrial
workflows, we acknowledge that a comprehensive evaluation of user experience with real
users is still needed. This remains an essential step for assessing usability, user acceptance,
and the practical impact of these technologies in real-world scenarios. Future work will focus
on designing and conducting structured user studies to address this gap, leveraging the ICE
lab’s environment to gather empirical insights.

98



Chapter 7

Conclusion

This thesis has focused on a specific area of Human-Computer Interaction (HCI), namely
gesture-based interaction, addressing key challenges and exploring its potential in extended
reality environments. In recent years, advancements in sensing technologies, computational
power, and extended reality platforms have significantly increased research interest in gesture
recognition, making it a vital component of modern interaction paradigms.

Despite this growing interest, several critical issues in gesture recognition still need to
be solved. These include accurate and efficient detection of gestures in continuous streams,
integration of human-centric factors, and development of robust systems capable of real-
time adaptation and generalization to varied environments. These challenges underline the
complexity of implementing gesture-based systems effectively in practical applications.

This work has provided a comprehensive review and evaluation of state-of-the-art
approaches, identifying strengths and limitations in the existing literature. Based on these
insights, novel methodologies tailored to online gesture recognition were proposed, addressing
critical gaps in the field.

Significant contributions include the introduction of benchmarks like SHREC’22,
which enable realistic and standardized evaluations of gesture recognition methods in con-
tinuous, interactive scenarios.

Moreover, a critical evaluation of existing methodologies was conducted, leading to
the design of improved gesture recognition approaches that integrate multi-task learning and
feature-enhanced classifiers to achieve better performance metrics, such as detection rate,
false positive rate, and Jaccard index.

Novel data augmentation strategies were also developed to improve the robustness
and training of gesture recognition systems, addressing variability in gesture execution and
environmental conditions.

The potential of gesture-based interactions was demonstrated through practical im-
plementations of our methods in industrial extended reality environments, highlighting their
ability to enhance user interaction and workflow efficiency.

Through these contributions, this thesis has advanced both theoretical understand-
ing and practical applications of gesture recognition technologies. By bridging theoretical
understanding with practical applications, this thesis has advanced the field of gesture recog-
nition, demonstrating its transformative potential in extended reality while addressing key
limitations.

The experience gained in developing methods and applications and the analysis of all
the available benchmarks and the performance of the different methods evaluated on them
suggests some possible research directions for future work aimed at focusing on relevant
problems and improving the quality of the detection results:

e Novel gesture recognition benchmarks are needed, but their creation should follow spe-
cific guidelines. Large numbers of subjects should be involved, covering different user
categories, and related metadata should be collected. Multimodal capture could help
to analyze how much the results depend on input data acquisition and pre-processing
quality. The robustness of the methods against user diversity should be tested. Basic
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research on algorithms should be brought closer to the problems of application domains
by creating specific benchmarks for them.

e The evaluation should be standardized or, at least, specified for each application task
in a way accepted by the scientific community. An effort to reduce the fragmentation
of the community working on this topic would be desirable. We recommend the use of
four primary metrics: TPR (events recognized by a method), FPR (events predicted
poorly), Classification time (to understand the speed of method execution), and, finally,
Temporal delay (to understand how fast an event is recognized). Once evaluation metrics
are unified, one could compare the same method on multiple datasets by understanding
how to improve it and the real difficulties of those benchmarks.

e Optimization of gesture dictionaries could be another goal of the evaluation. A possible
idea could be to develop evaluation benchmarks/metrics for gesture dictionary usability
and also for interactive gestural interface design.

e For skeleton-based classifiers, it would be important to verify the quality of the hand
tracking, separating the errors due to bad tracking from the gesture classification errors.

e A careful comparison of the different continuous recognition approaches (two modules,
sliding windows trained with fixed duration subparts, sliding windows trained with seg-
mented/resampled gestures, recurrent networks) should be performed on different kinds
of datasets to understand better their advantages/disadvantages

e All the methods recently proposed for the segmented task should be evaluated on prop-
erly designed continuous gesture recognition benchmarks, considering the related met-
rics. New research should focus more on solving the issues related to training and testing
for online detection rather than on trying small changes in network architectures to solve
the segmented task on old benchmarks.

e In the case of heterogeneous gestures, specialized classifiers for different gesture types
included in the dataset could be considered.

e New augmentation methods should be proposed, especially for the non-gesture move-
ments, considering the biomechanical constraints.

e Further work is required to address scalability challenges, enhancing system adaptability
to diverse users and contexts.

These directions aim to ensure a broader adoption of gesture recognition technologies
across various domains.
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Chapter A

Evaluation metrics

In this appendix we present the complete definitions of the frame-based, event-based and
efficiency-based metrics proposed for gesture recognition benchmarking.

A.1 Frame-Based classification evaluation

Frame-based metrics compare the strings of the per-frame predicted labels with the frame
labels sequence of ground truth. These metrics are extensively used for continuous action
and gesture recognition benchmarking, even if they are not optimal to tell if a method is
usable in interactive systems, as events trigger interaction. The most common evaluation
metrics are average accuracy, Jaccard Index, Levenshtein distance, and precision /recall.

A.1.1 Accuracy.

Accuracy is the number of correct predictions, which is the sum of correctly recognized
gesture’s frame (True positives TP) and non-gesture frame (True Negatives TN) divided by
the total predictions which are the sum of correct predictions and wrong predictions (WP);
wrong predictions consist of all misclassified gesture’s frame (False Positives FP) and non-
gesture frame (False Negative FN) [196]. It can be defined as a single class:

TP+ TN

. Al
TP+TN+FP+ FN (A1)

Accuracy =

In a multi-class classification problem, Accuracy is calculated as the sum of TP and TN
across all classes divided by the sum of TP, TN, FP, and FN across all classes.

Sce C(TP+TN)
>ceC(TP+TN+FP+FN)’

Accuracy = (A.2)

The accuracy provides an easy-to-understand measure of how well a classifier is perform-
ing. However, in imbalanced scenarios where one class is significantly more prevalent than
the others, the accuracy can be misleading. In such cases, additional evaluation metrics
like precision, recall, or F1 score give a more comprehensive assessment of the classifier’s
performance.

A.1.2 Precision and Recall.

Precision [196] is an evaluation metric that quantifies the number of correct positive pre-
dictions. Precision evaluates the fraction of correctly classified instances among the ones
classified as positive as the ratio of correctly predicted positive examples divided by the to-
tal number of predicted positive examples; precision can be used for binary and multi-class
classification. The formula for binary classification is:
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TP
Precision = m, (AS)

where TP /FP are the true/false positives that were previously defined. The result is between
0 for no precision and 1 for full or perfect precision. In a multi-class classification problem,
precision is calculated as the sum of TP across all classes divided by the sum of TP and FP
across all classes,

Y ceC(TP)
SeeC(TP+FP)

Recall [196] is an evaluation metric that quantifies the number of correct positive
predictions from all positive predictions that could have been made. Unlike precision, which
only comments on the correct positive predictions out of all positive predictions, recall
indicates missed positive predictions. In this way, recall provides some notion of the coverage
of the positive class. Recall can be used for binary and multi-class classification. The formula
for binary classification is

Precision =

(A4)

TP
Recall = m (A5)

The result is between 0.0 for no recall and 1.0 for full or perfect recall. In a multi-class
classification problem with more than two classes, recall is calculated as the sum of TP
across all classes divided by the sum of TP and FN across all classes,

> ceC(TP)
Slce C(TP+FN)’

Recall = (A.6)

These metrics show how much the data is biased towards one class !, allowing us to un-

derstand whether our model performs well in an imbalanced dataset for a minority class .
However, if we aim to increase the recall, our precision decreases because, in addition to
increasing the TP, we increase the FP, and if we aim to increase the precision, our recall

decreases .

A.1.3 F-Score

The F-score (also known as the F1 score or F-measure) [196] is a metric used to evaluate
the performance of a Machine Learning model. It combines precision and recall into a single
score. David D. Lewis first introduced the F-measure in 1992 [197]. It combines precision
and recall into a single score and is calculated as follows:

2 - (Precision - Recall)
(Precision + Recall)

F — Score = (A7)

It is possible to adjust the F-score to give more importance to precision over recall or vice-
versa by assigning different weights to precision and recall; this would lead to F2-Score, which
assigns more weight to recall, or F0.5-Score that assigns more weight to precision ®. While
precision and recall provide valuable insights individually, they don’t always give a complete
picture of a system’s performance. For example, a model could achieve high precision but low
recall, or vice versa. The F1 score combines these two metrics into a single value, providing
a balanced measure of the model’s effectiveness [198].

A.1.4 Area Under the curve (AUC)

To evaluate the temporal detection performance in their study, the MlGesture’s authors [4]
took a unique approach. They combined 50% of the videos from the test set into a single
extended test video. This combined video was manually annotated with the locations of

! https://medium.com/analytics-vidhya/performance-metrics-classification-model-69a5546b118c
2 https://machinelearningmastery.com/precision-recall-and-f-measure-for-imbalanced-classification
3 https://deepai.org/machine-learning-glossary-and-terms/f-score
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hand gesture nuclei. The network was then applied in a sliding-window manner across all
video frames. A single temporal output step of the network produced the prediction output.
The researchers adopted a specific detection metric to ascertain the most suitable output.
They calculated Precision-Recall (PR) curves for each class label (except for the non-gesture
label) and then averaged them to generate a multi-class PR-curve. The mean Average Pre-
cision (mAP), defined as the Area Under the Curve (AUC), was utilized as their detection
metric. Regarding the metric calculation, if the network produced a single detection during
an annotated gesture nucleus, it was classified as a True Positive. However, if there was an
additional detection within the nucleus or detections outside the nucleus, they were marked
as False Positives. Missed gestures were categorized as False Negatives. The preference for
the PR-curve over the Receiver Operating Characteristic (ROC) curve was rooted in the
challenge of determining the correct number of True Negatives required for calculating the
ROC curve, given the erratic nature of the Connectionist Temporal Classification (CTC)
predictions. The spikiness of these predictions made accurately defining True Negatives dif-
ficult, making the PR-curve a more suitable choice for their evaluation approach.

A.1.5 Jaccard Index (JI)

Also known as the Jaccard similarity coefficient [199], it was first introduced in 1901 by Paul
Jaccard [200] under the name of "coefficient de communauté". The JI measures the average
relative overlap between true (ground truth) and predicted sequences of frames for a given
gesture [6]. By quantifying the overlap between the recognized and ground truth gestures,
it captures the degree of similarity, indicating how well the recognized gesture matches the
intended gesture. Let Gg;, and Pg; be binary indicator vectors for a sequence s, in which
1-value corresponds to frames labeled or predicted as the iy, class of gestures. Then, the JI
for the iy, class is defined as:
Jsi _ (Gs,i N Ps,i) )
’ (Gs,i U Ps,i)
where Gg; is the ground truth, and Pg; is the prediction. Next is the Jaccard Dis-

tance (JD), which is the complement of the JI and measures how dissimilar two sets
are, and is defined as *:

(A.8)

JDgs;=1—Jsu, (A.9)

Higher Jaccard index values indicate a higher level of accuracy, as it signifies a greater
overlap between the recognized gesture and the ground truth. In the ConGD dataset [77]
they calculate the mean Jaccard Index .Js , on all testing sequences S = {s1, ..., s, } with
n samples as:

_ 1 <&
= — -, A.].
Js ng;hj (A.10)

A.1.6 Levenshtein Distance (LD)

This evaluation metric was first introduced by the Russian scientist Vladimir Levenshtein
in 1965 [201]. This method arose in speech recognition, where researchers were interested
in measuring sentence-level accuracy rather than ensuring that each word or phoneme was
detected at exactly the right time [202]. The LD [9] is calculated by counting the number
of item-level changes, including insertion (FP), deletion (FN), or substitutions(WP), to
transform one sequence into the other and to measure the distance between sequences. The
LD formula is shown as [203]:

_ WP+FN+FP
_ — ,

LD (A.11)

4 Stephanie Glen. "Jaccard Index / Similarity Coefficient" From StatisticsHowTo.com: Elementary
Statistics for the rest of us! https://www.statisticshowto.com/jaccard-index/
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where each action is treated as a symbol in a sequence, M is the length of the ground truth
sequence, and where FN/FP are the false negative/positives previously defined.

This metric was analyzed in [202], showing that it can be problematic for periodic
gestures with highly variable duration. This metric is not directly used in the benchmarks
surveyed, but it is the basis for computing the Levenshtein Accuracy (LA).

A.2 Event-Based classifier evaluation

The event-based metrics are estimated on the detected events instead of the label strings,
characterized by an event window with start/end frames and labels. They are more directly
linked to the usability of a practical gesture recognizer for interaction as they directly de-
termine how well the system will respond to the user input. As explained in Ward’s 2011
work [75], in event-based classification, there are additional types of errors beyond frame-
by-frame analysis:

e Fragmentation. If several sub-parts recognize an event by the classifier.

e Merge. The recognition method can’t distinguish several gesture executions and label
them as one (the inverse of fragmentation).

e Fragmented and Merged. A recognizer can fragment and merge events at the same
time.

Event-based metrics can assess if a method suffers from these errors, while this is not possible
with frame-based methods. A common problem in continuous hand gesture datasets is the
Timing problem of the frame-based evaluation metrics because if the recognition delay is
too high or the gesture is not anticipated, there would be no recognition. However, by using
the event-based evaluation metrics and also by defining a correct threshold, the gesture can
still be recognized, even though there would be a minimum delay. The main issue in event-
based evaluation is that there are no unique criteria to determine if an event is correctly
detected and classified. The decision of whether a detected gesture event is correct or not
is typically based on specific thresholds that can depend on specific design choices or the
gesture dictionary characteristics. In SHREC ’19 [3], for example, a gesture is considered
correctly detected if the start time is closer than a threshold from the ground truth one, while
in SHREC’ 22 [6], a "gesture is considered correctly detected if it has the same label as the
ground truth annotation, and its time window has an intersection with the annotated one
larger than half the ground truth length". The metrics depending on the detected gesture are
strongly affected by these criteria/thresholds that need to be clearly defined and motivated.
Given a rule to assess gesture detection, several metrics can be introduced for the gesture
recognition benchmarks.

A.2.1 Detection rate (DR)/ True Positive Rate (TPR)/Event-based recall

Since we cannot use a one-to-one comparison in event-based metrics, we can define the
detection rate as a necessary metric to assess the accuracy of a classification method. The
Detection rate, used in [1,3,6] is defined as the number of Correctly Detected gestures (CD)
for a class in the sequence, divided by the corresponding ground truth number (Occurrence

Number ON),
CD

ON’

This metric is similarly estimated in [1] where it is called "Recall" (event-based).

DetectionRate = (A.12)

A.2.2 False Positive Rate (FPR)
To calculate the error rate [3,6,37,79], we first need to calculate the ’false positive score’

which is the ratio between the number of gesture predictions that do not correspond to real
gestures (FP) and the total number of gestures of the same class present in the ON setting.
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P
FalsePositiveScore = —. A.13
ON (A.13)
It is necessary to note that event-based metrics are state-of-the-art evaluation metrics that
are not used in many benchmarks, but it could be beneficial to find and remove the merge
and fragmentation errors that can affect the method used.

A.2.3 Levenshtein accuracy (LA)

In IPNHand [64] and ZJUGesture [7] the Levenshtein accuracy (LA) was used as eval-
uation metrics for the continuous tasks. For continuous hand gestures, the metric measures
the disparity between the sequence of predicted gestures and the ground truth gestures. This
metric employs the Levenshtein Distance (LD) to quantify the distance between sequences
of events by calculating the number of item-level changes (insertions, deletions, or substitu-
tions) required to transform one sequence into another. This LD is divided by the number
of all the events that are in the ground truth (ON). Formally:

LD
LA=1-—. Al4
ON (A.14)
The result of this formula is between 1, which means the two strings are identical, and 0,
where the two strings have no common points.

A.2.4 ATSE, ATSR, Perf

In the ChAirGest benchmark [1], a novel time-based metric called the Accurate Temporal
Segmentation Rate (ATSR) was introduced to assess the efficacy of algorithms in gesture
spotting. This metric gauges the accuracy of temporal segmentation by evaluating how
precisely the start and end events of correctly identified gesture instances are determined.
The computation of ATSR involves the following steps: for each accurately detected gesture
instance, the Absolute Temporal Segmentation Error (ATSE) is calculated. This error is
derived by summing the absolute temporal discrepancies between the algorithm’s output
and the ground truth for both the start and stop events. This sum is then divided by the
total duration of the gesture occurrence, as measured from the ground truth data.

ATSE =

|Startar — Start aig|| — || Stopar — Stopai| (A.15)
Stopgr — Startar 7 .

1 n
AT =1-—"- ATSE(j). Al
SR=1- 3 ATSE()) (4.16)

j=1

The ATSR provides an effective means of quantifying the performance of gesture spot-
ting algorithms in terms of their ability to determine the temporal boundaries of correctly
identified gestures precisely. In the final step, the ATSR metric is computed for a specific
sequence by subtracting the average ATSE from 1. This computation is aimed at obtaining
an accuracy rate. A perfectly precise segmentation would yield an ATSR of 1. To prevent
minor timing discrepancies in the ground truth from resulting in undue penalties during
the ATSE calculation, any temporal error for the start or end event that is less than 10%
of the gesture’s duration is deemed irrelevant and is treated as 0. This mechanism helps
ensure that minor deviations from ground truth timing do not disproportionately affect the
accuracy of the assessment. The Performance Index (Perf) is a single metric performance
that combines F-score and ATSR. The F-score formula used in the paper is the same as we
present in Eq. (A.7). However, the Recall used in this case is frame-based and corresponds
to the Detection Rate Eq. (A.12), while the precision is defined as the number of correctly
detected events (CD) divided by the number of returned events by the method (RE):

. CD
Precisiongyent = RE (A.17)
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These changes lead to a different formula for the F-score:

2 - (Precisiongyent - Recall gyent)

F = . A18
1(Bvent) (Precisiongyent + Recall gyent) ( )
The new F-score is used to calculate the performance index (Perf):
ATSR - Fy(g,
Perf =5 L(Bvent) (A.19)

4 ATSR + Fi(goent)

A.2.5 Temporal delay

In [6], the "delay" metric measures the average difference between gesture start and recog-
nition feedback. In [204], the Responsiveness Score (RS) is the average difference between
gesture end and recognition feedback. This crucial parameter evaluates the temporal delay
when an identified gesture is compared to the actual start/end time provided in the ground
truth. This depends not only on the classification time but also on the detection strategy
and gesture types. Using a sliding window approach for the recognition may depend on the
window size. If the method obtains a result close to zero, it means it can recognize the
execution accurately. If it has a value greater than zero, it signifies that it recognizes it
with a delay. Finally, if the value is less than zero, the recognizer can anticipate the gesture
prediction.

A.2.6 Normalized time to detection

In [205], the authors introduced Normalized Time to Detection (NTtoD) to evaluate the
timeliness of detection; this metric is defined as a fraction of an event that has occurred,
and it’s calculated as:

NTep = L5 (A.20)

e—s+1

where ¢ is the feedback time if the event starts at time s and ends at time e. This metric can
be used in the context of gesture spotting in virtual and augmented reality applications. It
is used to evaluate the early detection performance of key hand gestures, measuring the time
it takes for the system to detect a gesture normalized by the duration of the gesture [137] It
can also be used as a metric to evaluate the performance of systems or algorithms in terms
of early detection or prediction. It measures the ratio of the event duration that the detector
observes before the event prediction [206].

A.3 Efficiency measures

Continuous gesture recognition methods’ usability critically depends on real-time feedback,
and it is mandatory to evaluate the factors influencing the efficiency of algorithms and
implementations. We define Efficiency measures as metrics or criteria used to assess how
effectively a recognizer performs its task while utilizing the least amount of resources. These
measures help evaluate how efficiently resources such as time or computational power are
used for the classification.

A.3.1 Classification time.

It is defined by the amount of time that each method takes to elaborate data for a single
classification attempt. This metric is called differently in different benchmarks: extraction
time in VIVA [41], time in Shrec 22 [6], runtime in Egogesture [36] and interface time in
IPN hand [64].
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A.3.2 Hardware resource demand

Each gesture detection method is also characterized by the corresponding computational
complexity and by the demand of memory that may affect the potential use on different
architectures. The most common metrics used to estimate them are the number of oper-
ations required, the model size and the number of parameters used in the neural network
architectures.

e Floating Point Operations (FLOPSs) [9]; this metric is used to measure the com-
putational complexity or workload of a machine learning model or algorithm. FLOPs
represent the number of floating-point arithmetic operations, such as additions and mul-
tiplications that are performed during the execution of the model.

e Number of parameters is a crucial metric to evaluate a machine learning model. When
a model has a greater amount of parameters, it tends to be computationally heavier to
run. This increased complexity can affect both training time and the computational
resources required during inference. So, while having more parameters can enable a
model to capture intricate patterns in data, it also comes with trade-offs in terms of
computational efficiency. However, a too-large model may overfit the training data and
perform poorly on unseen data.

e Model size refers to the amount of memory required to store all the parameters and
associated data structures of the trained machine learning model. The primary reason for
measuring model size in MB is to understand how much storage space is needed to save
the trained model. This is important because machine learning models can have a large
number of parameters, especially deep neural networks, and saving these parameters in
a compact format is essential for practical deployment.
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Chapter B

Classifiers

In this appendix we quickly introduce the most popular classification models used in the
gesture recognition works reviewed.

e Convolutional Neural Networks (CNNs): are a type of artificial neural network
specifically designed for analyzing visual data such as images or videos, and they are
widely used in the gesture recognition field. They consist of multiple layers of intercon-
nected artificial neurons arranged hierarchically. Each layer learns to extract increasingly
complex features from the input data. The core component of a CNN is the convolu-
tional layer. It applies a set of learnable filters, also called convolutional kernels, to the
input. Each filter detects a specific pattern or feature. The filters are slid over the input,
performing convolutions to produce a set of feature maps highlighting the presence of
the learned features in different spatial locations. Typically, a CNN architecture con-
sists of alternating convolutional layers and pooling layers. Pooling layers reduce the
spatial dimensions of the feature maps, making the network more robust to translation
and increasing its computational efficiency. Common pooling operations include max
pooling and average pooling. After several convolutional and pooling layers, the network
typically ends with one or more fully connected layers, which perform high-level reason-
ing and produce the final classification or regression output. The fully connected layers
combine the features extracted by the preceding layers to make predictions based on the
learned representations.

e Graph-Convolutional Network (GCN): This neural network architecture [207] is
designed to learn from graph-structured data and can operate on graph data. GCNs are
based on CNNs, and while CNNs operate on a grid of pixels, they operate on irregular
graphs. There are two main algorithm categories of GCN, spatial and spectral graph
convolutional networks; Spatial graph convolutional networks operate directly on the
graph structure, while spectral graph convolutional networks use the graph’s Laplacian
matrix to perform convolutions.

e Transformers: This neural network architecture [144] is based on an encoder-decoder
structure without any reliance on recurrence and convolutions for output generation.
This model uses a self-attention mechanism that allows attendance to different parts of
the input sequence for computing a representation of the input. In this architecture, the
encoder takes an input sequence and generates a sequence of hidden representations,
while the decoder takes the hidden representations and generates an output sequence.
These two components are composed of multiple layers, each of which contains a self-
attention mechanism and a feed-forward neural network; this self-attention mechanism
allows the model to attend to different parts of the input sequence to compute a rep-
resentation of the input, while the feed-forward neural network applies a non-linear
transformation to the output of the self-attention mechanism.

e Recurrent Neural Network (RNN): Is a type of artificial neural network designed
to process sequential data in various tasks, including gesture recognition. Unlike feed-
forward neural networks, which process input data in a single pass, RNNs have a feedback
connection that allows them to persist information across time steps. The key feature of
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an RNN is its ability to maintain a hidden state that captures information from previous
inputs in the sequence. At each time step, the RNN combines an input with the previous
hidden state to produce an output and update the current hidden state. This process
is repeated for each time step, allowing the network to capture temporal dependencies
and context within the sequence. The basic building block of an RNN is the recurrent
neuron, which takes an input and the previous hidden state as inputs and produces
an output and the updated hidden state. The hidden state is updated using a set of
learnable weights, similar to other neural network architectures.

Long short-term memory (LSTM): This architecture [208] is a type of RNN, and is
used to learn, process, and work with sequential data. This architecture was introduced
to address the RNNs’ problem for learning long-term dependencies (Vanishing gradient
problem), the dependencies are learned between time steps of the data through utilizing
extra gates such as memory cells, input gates, output gates, and forget gates. These gates
control what information in the hidden cell is exported as output to the next hidden
state.

Gated Recurrent Unit (GRU): This architecture [209] is another type of RNN, and is
designed as a simpler alternative to LSTM architecture with the same goal of addressing
the vanishing gradient problem. GRU is easier and faster to train than LSTM because in
GRU, there are only two gates available with lower parameters, and there is no output
gate. The two gates are a reset gate and an update gate, where the reset gate helps the
model decide how much of the past information to forget, and the update gate helps the
model decide how much of the current state to keep.

Hidden Markov Model (HMM): Is a statistical model that is used in machine
learning and pattern recognition. There are two types of hidden variables in this model,
where a probabilistic relationship between a sequence of observations and a sequence of
hidden states is described. These hidden states refer to the underlying model or process
that can be unknown or hidden observations and states. This model is based on two key
assumptions, the first assumption is that the current state of the model depends only
on the previous state, a property known as the Markov property, the second assumption
is that the observations are conditionally independent given the state, meaning that the
features depend only on the current state. The parameters of an HMM are of two types:
transition probabilities and emission probabilities. Transition probabilities represent the
likelihood of transitioning from one hidden state to another, while emission probabilities
describe the probability of observing an output given a hidden state.

Residual Neural Network (ResNet): Is a deep learning model that uses skip con-
nections and residual blocks to improve training efficiency and accuracy [210]. The main
idea behind ResNets is to learn residual functions with reference to the layer inputs,
allowing the network to fit the residual mapping instead of the initial mapping, helping
to address the vanishing gradient problem. In this model, skip connections connect the
activations of a layer to further layers by skipping some layers in between. The output of
the previous layer is added to the output of the layer after it in the residual block, which
helps preserve the information and gradients during training. Also, a residual block in
this model is a sub-network comprising one or more layers responsible for learning the
residual function. The output of a residual block is the sum of its input and the output
of its layers, which is then passed through an activation function.
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