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Abstract. Elderly population is growing all over the globe. Novel
human-computer interaction systems and techniques are required to fill
the gap between elderly reduced physical and cognitive capabilities and
the smooth usage of technological artefacts densely populating our en-
vironments. Gesture-based interfaces are potentially more natural, in-
tuitive, and direct. In this paper, we propose a personalized hand pose
and gesture recognition system (called HANDY) supporting personalized
gestures and we report the results of two experiments with both younger
and older participants. Our results show that by sufficiently training our
system we can get similar accuracies for both younger and older users.
This means that our gesture recognition system can accommodate the
limitations of an ageing-hand even in presence of hand issues like arthritis
or hand tremor.
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1 Introduction

According to demographic studies, elderly population is growing all over the
globe. This demographic shift is a by-product of lower fertility and better health
conditions leading to lower mortality among older persons. The number of older
persons aged 60 or over is projected to be 2 billion in 2050, three times the
number in 2000, comprising 22 percent of the world population [1]. It is be-
lieved that population ageing will have significant socio-economic consequences
for which a preparation is needed [2]. The WHO Active Ageing framework [3]
considers health, safety, independence, mobility, and participation as the five
higher level needs of the older persons for a higher quality of life. The important
role ICT can play in this context is widely recognized [4]. For instance, AAL
(Ambient Assisted Living) is a joint European project focused on the usage of
ICT to help older persons in ageing well and is supported by the biggest EU
Research and Innovation program, Horizon 2020.

For the realization of the inclusive society of future in which age and capability
related discriminations are lifted and the older persons have the same opportu-
nities as others, “Design for All” plays a central role. It concerns the design of
products, services, and applications with accessible and adaptable interfaces for
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special users like the elderly [4]. As far as the interfaces are concerned, novel
human-computer interaction systems and techniques are required to fill the gap
between elderly reduced physical and cognitive capabilities and the smooth usage
of technological artefacts increasingly populating their environment.

Gesture-based interfaces have been around for several years and are considered
to be potentially more natural, creative, and intuitive [5]. Gesticulations could
be done with different body parts. [6] states that the hand is the most effective
part of the body for communication through gestures. [7] supports this idea by
analysing the gesturing literature and finding that hand-based gestures are at
the top. [8] lists a set of requirements for effective hand-gesture interfaces which
indicate two major research challenges: one concerns technical issues on the
machine side to guarantee responsiveness, recognition accuracy, gesture spotting,
etc; the other concerns interaction design issues on the human side like the
gesture vocabulary size, learnability, comfort, etc.

Gesture-based interaction design is even more challenging for elderly people
mainly due to their reduced physical and cognitive capabilities. Effects of ageing
on sensory modalities, perception, cognition, and movement control are described
in [9]. One of the challenges of hand gesture-based interfaces for the elderly
lies in confronting the impacts of ageing on the hand. Research and studies in
geriatrics suggest that for elderly people, both men and women, degenerative
changes in musculoskeletal, vascular, and nervous systems lead to hand function
degradation in terms of handgrip and finger-pinch strength, maintaining pinch
force and posture, and dexterity of manual movements [10]. Other challenges
include hand tremor which concerns involuntary shaking of the hand, and joint
pains due to arthritis. These restrictions in hand functionality could impede an
effective interaction with the interface. However, despite these age-related issues,
studies like [11], comparing younger and older participants, suggest that age is
not an exclusion factor for gestural interaction. We think that personalization
could make gestural interaction more accessible and adaptable to some age-
related issues, especially for an ageing hand.

In this work, we propose a vision-based hand gesture recognition system lever-
aging intuitive and natural poses and gestures of the hand that can be person-
alized. This system (called HANDY) is flexible enough to be trained (with a
small number of trainings) for a variety of hand poses and gestures that meet
the user’s specific needs. In order to evaluate the system, we conducted two ex-
periments: the first one on younger adults and the second one on older adults.
We measured recognition accuracy of the system in both cases and qualitatively
evaluated the difficulty of hand pose creation and gesture performance. Our re-
sults show that by sufficiently training our system we can get similar accuracies
for both younger and older users. This means that our gesture recognition sys-
tem can accommodate the limitations of an ageing-hand even in presence of hand
issues like arthritis or hand tremor.

The following parts of the paper are structured as follows. In Sect. 2 we briefly
review the work which has been done in the areas of gesture recognition systems,
gesture interaction design, and gesture interaction and its applications for the
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elderly. Section 3 introduces the different parts of our gesture recognition system
(HANDY). Section 4 is devoted to the description of our two experiments on
younger and older adults. The results of the evaluation are discussed in Sect. 5.
Finally, in Sect. 6, we present our conclusions and our future research path.

2 Background and Related Work

2.1 Hand Gesture Recognition Systems

Gesture recognition methods fall into two broad categories: wearable-based and
vision-based [12]. Data glove is an example of a wearable sensor (e.g., [13])
which can provide accurate measurements of hand pose and movements. How-
ever, wearable sensors are commonly costly and intrusive. Vision-based tech-
niques can be divided into two broad approaches [14]: model-based approaches
that take advantage of a 3D or 2D model of the hand and appearance-based
approaches which are used to extract the features of the visual data for ges-
ture recognition. Model-based approaches usually suffer from high complexity
in implementation and cannot be used in live applications. Appearance-based
approaches use RGB or depth data or both as input. Our framework falls into
this category. In our system, we will take advantage of the body tracking infor-
mation extractable from Kinect SDK, so that depth thresholding (to locate and
segment the hand) can be done regardless of the position of the hand.

Zhu and Pun [15] use Kinect depth data for extracting the trajectory data
sequence of the hand movements, but, do not consider hand postures. In a similar
way, [16] and [17] introduce a gesture recognition approach that considers the
motion and shape information of the hand using depth data. However, the hand
shape is considered to remain the same during the gesturing and pose estimation
is done once at the beginning of the gesture. In another study by Chen et al.
[18] HMM continuous gesture recognition is proposed considering the spatial and
temporal features of the gestures. Yet, a small number of poses is recognized in
this approach and the posture of the hand does not change while performing
the gesture. HMM has been adopted also in the work by Starner et al. [19] for
American Sign Language (ASL) recognition. To recognize the sign language they
have ignored the detailed shape and pose of the hand and have only considered,
coarse hand pose, orientation, and the trajectory of the gesture through time, and
used such information as input for the recognition system. In a more recent work,
Molina et al. [20] proposed an approach for static pose estimation and dynamic
gesture recognition. They successfully recognized the gestures that include the
change in the hand postures. They obtained an accuracy of 90% for recognition
of combination of static hand postures and dynamic gestures.

Differently from these approaches, we consider hand poses and gestures com-
posed of their combinations: hand poses are modeled by their skeleton, and time
series analysis algorithms and HMM techniques are used to recognize sequences
of hand poses. Using these techniques also personalized gestures can be defined
and more flexibility can be added in case of gesture evolution.
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2.2 Gestural Interaction for the Elderly

In general, gestural interaction was recognized as an important form of com-
munication already in early studies (e.g., [21]). There has been a lot of research
studying 3D spatial hand gestures. For instance, [22] studies freehand pose-based
gestural interaction for novice users. [23] conducts a user study to understand
users’ preferences to manipulate digital content on a distant screen. Gestures
represent an important aspect towards Natural User Interfaces. However, ac-
cording to [24] even if gestures represent a useful addition in the interaction,
many gestures are neither natural nor easy to learn or remember. Also [25] be-
lieves that the currently available systems are not natural, since they require
to learn predefined artificial gestures, typically depending on the device or the
application. This makes specific users like elderly reluctant to approach such
applications.

As for the elderly, the very first question to face with is whether gestural
interaction is even suitable for them taking into account their age-related sensory,
motor, and cognitive impairments. In [11], authors describe the results of their
devised experiment in which they compare the performance of younger and older
participants in terms of accuracy and speed for a set of 42 one finger touch
gestures. Their findings show a significant impact of the age only on the speed
and not on the accuracy of the performance. And thus, they conclude that there
is not anything intrinsic to gestural interaction which prevents the elderly from
using it. They mention some motor problems from the literature which could be
potential barriers for gestural interaction for older users: reduced wrist flextion
and extension, less efficient perceptual feedback system, not having enough force
for quick movements, having more submovements, and problems in performing
continuous movements and movement coordination.

There are different application domains that could benefit from gestural in-
terfaces. Gesture-based interfaces in smart homes for elderly with mobility im-
pairment is one of the applications. Authors of [26] present an implemented
gesture-based interface for elderly people for communication with an assistive
robot in the context of a smart house. Defining six word signs (defined based
on baby signs), using a monitor-mounted webcam, colored gloves, and Hidden
Markov Models for gesture recognition, they claim to reach a recognition accu-
racy of 94.33%. Exergame is another potential application of gestural interac-
tion for elderly that mainly focuses on physical well-being and rehabilitation. In
[27], authors have developed two mobile games for the elderly using 3D gestural
interaction for rehabiliation purposes. They concluded that gesture recognizer
performance in terms of spotting quick gestures and ignoring unintended ones
plays an important role in usability measures. Moreover, they consider familiar-
ity and naturalness as two factors important in engaging older users in mobile
gestural games. In another study [28], authors present the results and findings of
two studies concerning gesture set design for a full-body motion-based game for
institutionalized elderly people. They argue that user specific abilities are usu-
ally ignored by game designers. So, considering physical limitations, intuitiveness
of the gestures, and learning easiness, they suggest a gesture set comprised of
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Fig. 1. The HANDY Gesture Recognition System

four static and four dynamic gestures. Discussing the results, they conclude that
adaptability of the interaction is essential because of the heterogeneous partic-
ipant abilities, either physical or cognitive. Finally, gestural interaction could
be used in multimodal interfaces, especially those involving speech and gesture.
In [29], authors describe a user study concerning speech and gesture interac-
tion. The study takes place in an ambient assisted living lab with an intelligent
wheelchair for assisted mobility and smart furniture for device control.

Our work is independent from the applications: it focusses on the possibility
of personalizing the gestures taking into account also the characteristics of the
hands of the elderly.

3 The Handy System

Figure 1 depicts the architecture of the HANDY system for hand gesture recog-
nition. The description of the different parts of the architecture follows. A more
detailed explanation of our gesture recognition system is presented in [30].

3.1 Hand Localization and Segmentation

This part of the system is responsible for locating the position of the hand and
tracking it through time. RGB and depth information are extracted from Kinect
sensors to locate and track the hand. NiTE skeletal tracking is used which gives
the position of the wrist and the center of the hand. This information is used
to perform hand segmentation with depth thresholding. Depth thresholding is
an easy and quick way for real-time hand segmentation and it can be greatly
beneficial for separating the hand from the background to exclude the effects of
cluttered or dynamic backgrounds.
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3.2 Hand Skeleton as Feature

In this part we extract the features of the located hand. We use hand skeletons
as features based on which we define and compare different hand poses. The
skeleton is a graph that summarizes the shape of an object and can be employed
as an efficient shape descriptor for object recognition and image analysis. In order
to obtain the skeleton of the hand, the Voronoi Diagram algorithm [31] is applied
on the boundary points of the segmented hand, followed by a pruning process
to extract the main skeleton. Using this approach, defining new postures can
be as easy as saving a snapshot of the posture into the system. In the HANDY
framework, the user can perform the custom poses in front of the Kinect and
the system saves the skeleton data of the specified poses for later use in hand
pose and gesture recognition.

3.3 Hand Pose Estimation

Extracted features of the hand are analyzed in this part to estimate the hand
pose. Hand pose estimation refers to the recognition of a single posture of the
hand. Hand poses are defined based on their corresponding skeletons. In the
proposed approach, each user is initially required to make a pose bank consisting
of a series of reference hand poses which are used later for pose estimation
based on a similarity measure. Dynamic Time Warping [32], an algorithm for
comparing time series, is used for the similarity estimation of two skeletons.
Skeleton points are ordered as DTW applies on mono-dimensional time series.
Moreover, for a fair comparison, the skeletons are normalized to be transition
and scale insensitive.

3.4 Gesture Recognition

The aim of this part of the system is to analyze the sequence of the hand pose
features to recognize the performed gesture. The HANDY system is able to rec-
ognize generic (dynamic) gestures. Each gesture is represented by a sequence of
hand poses defined in our hand pose bank. A gesture gets sampled during its
performance and each sample frame is analysed and the hand pose is extracted
and mapped to the closest hand pose in the pose bank using our pose estimation
method. Due to the stochastic nature of gesture performance by the users, we
adopted Hidden Markov Models (HMMs) to represent each gesture. It is worth
noting that misrecognition of an intermediate hand pose and assignment of the
closest hand pose from the bank is tolerated by the gesture recognition mecha-
nism thanks to HMMs. Using HMMs for gesture recognition, training is needed
before the system be able to recognize the gestures. In practice, the recognition
system encodes a user gesture into a sequence of hand poses and calculates the
probability that the sequence belongs to one of the trained gestures. The trained
gesture which obtains the highest probability is chosen as the performed gesture.
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4 Methodology

We conducted two studies to evaluate our gesture recognition system regard-
ing its effectiveness for older users. The rest of this section is dedicated to the
explanation of these two studies.

4.1 Experiment 1: Younger Participants

Seven younger subjects without any hand problems participated in the first study
(average age=29, SD=6.3). The study took place in our lab environment. At the
beginning a brief explanation of the system was given along with the necessary
instructions on its use. The participants were guided to record 21 static hand
poses in order to build up the hand pose bank and then train the system with
a set of five more generic gestures. The participants were asked to perform 20
trainings for each gesture followed by 30 test gestures in order to evaluate the
recognition accuracy. Gestures had a fixed length of 1 second, and were sampled
10 times during their performance. Figure 2 depicts a generic hand pose bank
created by a participant. Five generic gestures are illustrated in Fig. 3. The hand
poses in the pose bank and the gestures were designed by the authors. Gestures
contain key point poses in their performance which belong to the hand pose bank.
In [30], we have explained in detail the technical aspects concerning the number
and choice of hand poses in the pose bank as well as for the gestures. Finally,
participants were asked to comment on the difficulty of hand pose shaping and
gesture performance.

The recognition accuracy of the system was evaluated under two scenarios: 1)
the system is trained and used by a single participant; 2) the system is trained
by other participants and then used by another participant, so the training data
of the whole set of participants is used for the gesture recognition.

4.2 Experiment 2: Older Participants

In the second study, 10 elderly people volunteered to participate (7 females,
average age=68.5, SD=4.45). In the first part, they were asked to carry on a
lighter version of the same test which had been done on younger subjects in
order to evaluate how age affects the recognition accuracy of the system. Among

Fig. 2. Hand pose bank consisting of 21 static hand poses
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Fig. 3. Five gestures younger participants were asked to perform

the older participants we had one case of arthritis, one case of hand deformity,
and one case of hand tremor. Like in the previous experiment, after explaining
the purpose and potential applications of such gestural interaction system and
providing the participants with required instructions on how to shape hand poses
and how to perform gestures, they were asked to register 21 hand poses to
create the pose bank, and then perform a set of 3 gestures instead of five with
lower training sets. This was done to lessen the physical burden. In some cases,
particularly hand deformity and arthritis, the final hand pose bank contained
a reduced number of reference hand poses (minimum = 13). The recognition
accuracy of the system was evaluated just for the scenario where the system is
used by single person. In case of hand tremor, the participant was asked to keep
the pose for a certain amount of time (1 second in our tests) and more than 1
sample was taken from the hand pose (10 in our case). From these 10 samples,
the most repeated hand pose was considered as the estimated hand pose. Using
Hidden Markov Models was another alternative to tackle hand tremor: sampling
the hand poses in 1 second and considering the hand pose as a gesture.

5 Results and Discussion

5.1 Experiment 1: Younger Participants

As mentioned before, a total of 7 younger adults participated and completed
the test. No significant change was observed in the results. Table 1 summarises
the obtained results for each participant and for each of the gestures (previously
depicted in Fig. 3) in the first scenario in which the system is trained and used
by a single user as well as for the second scenario where the system is trained
by other participants and used by a new participants. Participants P6 and P7
were asked to use their left hands.

For the second scenario (S2) only the training sets of the 5 participants that
used their right hand were considered. In average, slightly less accurate results
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were obtained in scenario 2 (S2:96%) with respect to scenario 1 (S1:97%). This
suggests that with external training data for some universal gestures, initial
training is not needed. Participants were asked to rank the gestures based on
their difficulty. Gestures involving difficult hand manoeuvres like wrist rotation
(gestures 2 and 3, see Fig. 3) were commented to be the most difficult ones.

Table 1. Recognition Accuracy (%) for Experiment 1 - Younger Participants

Gesture1 Gesture2 Gesture3 Gesture4 Gesture5
S1 S2 S1 S2 S1 S2 S1 S2 S1 S2

P1 100 100 90 90 100 100 96.6 100 100 93.3
P2 100 100 100 100 100 100 100 96.6 100 100
P3 100 100 100 100 96.7 100 96.6 86.6 100 96.6
P4 90 100 100 96.6 100 93.3 100 80 100 90
P5 83.3 96.6 100 93.3 100 93.3 76.6 100 96.6 100
P6 86.6 - 80 - 100 - 100 - 100 -
P7 96.6 - 100 - 100 - 96.6 - 93.3 -

5.2 Experiment 2: Older Participants

For the second study on older participants, 10 older persons volunteered to
participate but only 6 of them completed the test (for reasons which will be
mentioned). One of the participants was left-handed and thus performed the
gestures with his/her left hand. Each test was done in one session. Most of the
tests were done in an institute for elderly education (run by elderly themselves)
and a few of them in our lab environment. Each test started with a general
friendly talk describing the system and its potential applications setting a smooth
start for the rest of the test. At the beginning, elderly participants were asked to
specify their preferred interaction modality with technological artefacts and what
applications they could think of using hand gestures. Five (out of 10) chose voice
as their preferred interaction modality. They argued that this modality is easier
to use and more natural. Three participants preferred traditional (keyboard,
mouse) interaction modality. Having already learned how to use it, satisfaction
of current small needs, and its tangibility and physical interaction were among
the mentioned reasons. Finally, one participant chose touch interaction and one
participant the gestural interaction. It is worth mentioning though that only this
last participant was aware of potential applications of gestures having known TV
sets controllable by hand gestures. When asked if they come up with any ideas for
an application using hand gestures, most of them had a difficult time fantasizing
one. A participant suggested it as a way to facilitate difficult manipulative tasks
(like a door handle requiring much force to be turned). Another one mentioned
mobility problems of the elderly and usage of gestures to issue commands from
a fixed position.

In the next stage, we asked the participant to register the hand poses to create
the pose bank. Required instructions were given orally; they needed to wave to
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draw the attention of the hand tracking mechanism and then keep the hand sta-
ble for a couple of seconds. Some participants (including the participant suffering
from arthritis) mentioned that some hand poses were uncomfortable (specifically
poses 4,20,21,15,17,19, see Fig. 2). The participants with hand deformity (suf-
fering from Dupuytrens contractur) could perform only poses involving the first
three fingers: if it would be possible to choose the input modality, he definitely
prefers voice communication. He was not forced to go on with the test.

Afterwards, older participants were asked to complete a reduced version of
the same gesture performance test done by younger participants. The number of
gestures was reduced to 3 (gestures 1,2, and 5, see Fig. 3). Furthermore, rather
than 50 training and test performances for each gesture, they were asked to do
only 25 performances for training and test. The fatigue caused by the complete
test had become evident in a mini pilot test. However, even with a lower number
of required performances, three participants left the experiment at this point. We
think this happened not only because of fatigue due to gesture performance but
also because of lack of motivation. So, a more cheerful training phase through a
game and/or having several test sessions could be beneficial. For the participant
with hand tremor, the part of the system handling tremor was activated.

An average gesture recognition accuracy of 80% was achieved (compared to
90% range for younger participants). The main factor responsible for the lower
recognition accuracy is less training numbers for elderly participants. Indeed, if
we decrease the training number for younger participants, accuracy drops into
the 80% range (similar to elderly results). Online training (training when the
system is in use) could compensate for the lower numbers of training at the
beginning. It is important to note that although hand problems like arthritis
might lead to less accurate hand pose estimations but using HMMs diminishes
these less accurate estimates at gesture performance level.

6 Conclusions and Future Work

In this work we proposed a vision-based hand gesture recognition system which
is able to estimate user hand poses based on a personalized hand pose bank.
Moreover our system is able to recognize generic hand gestures represented as
stochastic sequences of hand poses modeled by HMMs. Furthermore, we con-
ducted two experiments to investigate the potential benefits of our system for
elderly people.

Our results show that our system is flexible enough to accommodate some of
the physical limitations elderly people suffer from, mainly limitations related to
an ageing hand, like hand tremor and arthritis. This was achievable in our system
mainly thanks to personalizable hand poses and hand gestures. Thus, we think
personalizability is an important ingredient of an effective gestural interaction
system especially for users with specific needs.

There is still a lot to do to fill the gap between the technical requirements and
human factors requirements for an effective, natural and inclusive gestural inter-
action system especially for specific users like the elderly. A gesture recognition
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system with high potentiality for personalization (flexible gesture definition with
no or minimal decrease of accuracy) could be a suitable solution. The strength of
personalization lies in the fact that it is a natural (and sometimes unconscious)
way to adjust the gestural interaction to one’s physical -and even cognitive- ca-
pabilities. This requires further investigation and is what we plan to examine
in the future: evaluating the potential benefits of personalization on gestural
interaction for specific target users like the elderly.
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