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ABSTRACT
Access to speech-language therapies that promote optimal communication outcomes is a fundamental 
right outlined by the United Nation’s Article 19 of the Convention on the Rights of Persons with Disabilities 
as well as the Communication Bill of Rights of the National Joint Committee on the Communication Needs 
of Persons with Severe Disabilities. For many individuals, augmentative and alternative communication 
(AAC) offers an important set of supports for realizing this critical human right. Yet despite a strong evidence 
base, many AAC systems are not tailored to the support needs of individuals with visual and/or motor 
impairments. In this paper we explore the potential for artificial intelligence to interpret body-based 
communicative movements (including gestures) into speech output. The team, which includes individuals 
with motor impairments, developed and tested a prototype application that shifts the burden of access off 
the AAC user and onto the application, through the use of body-based sensors. The effort demonstrated 
proof of concept that the prototype could learn meaningful idiosyncratic gestures and ignore unintentional 
ones. Movement sensors interpreted the gestures regardless of the user’s or communication device’s 
position, reducing constraints on its usability, potentially increasing the flexibility of AAC access. Dedicated 
research is needed to confirm this possibility.

As noted in the National Joint Committee’s Communication 
Bill of Rights (Brady et  al., 2016, p.1), “All people with a dis-
ability of any extent or severity have a basic right to affect, 
through communication, the conditions of their existence.” 
Access to speech-language therapies that promote optimal 
communication outcomes is also noted to be a fundamental 
right by the United Nation’s Article 19 of the Convention on 
the Rights of Persons with Disabilities (Article 19, 2016). Yet 
many individuals with physical or intellectual disabilities have 
language limitations that prevent them from using speech as 
their primary mode of communication. For these individuals, 
assistive communication technologies (augmentative and 
alternative communication; AAC) offer an important set of 
supports for realizing this critical human right.

Although AAC is widely-used and evidence-based 
(Beukelman & Light, 2020, pp. 11–23, 325, 667), there are 
particular challenges in designing AAC for individuals with 
visual and/or concomitant motor impairments. Unlike spo-
ken language, in much of aided AAC the vocabulary items 
are visual (letters, words, symbols) and only a limited num-
ber of items can be displayed at a time, since they must be 

presented on an external device (such as a tablet or a ded-
icated AAC device). To maximize available vocabulary, clini-
cians often place many symbols onto the small display. 
Although this strategy can be useful for some people, it is 
a substantial problem for individuals with visual impair-
ments who cannot either see (ocular) or process (cortical) 
the visual information (Wilkinson et  al., 2023). In addition, 
access to these vocabulary items often involves use of a fin-
ger or eye gaze to select a symbol or a limb to activate a 
switch. These types of repetitive selections may be difficult 
and fatiguing for individuals with motor disabilities (Sowers 
& Wilkinson, 2023). As a consequence, traditional methods 
of accessing AAC that are relatively simple for other individ-
uals are selectively more difficult for those with visual 
impairment and motor disabilities. There is an urgent need 
to develop AAC technologies that reduce the visual and 
motoric burden for such individuals.

In this paper, we propose substantially increasing the flex-
ibility of aided AAC access in part through a reconsideration 
of the traditional distinction made between aided (i.e., low or 
high- technology assisted) and unaided (i.e., body-based) 
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communication modes. As described in Beukelman and Light 
(2020), aided communication modes offer the power of sym-
bolic communication that is readily understood by many 
communication partners, even those who are unfamiliar with 
the individual using AAC. However, aided modes can be 
quite limiting in terms of the vocabulary available, speed of 
message preparation, environmental constraints, and ability 
to support natural conversations. Unaided communication 
modes, on the other hand, can involve a diverse range of 
natural movements that are well within the skill set of the 
user, and can be rapidly produced with low physical effort. 
The drawback of unaided modes is that they are often diffi-
cult for unfamiliar partners to understand, limiting the range 
of potential communication partners and necessitating the 
proximity of a communication partner to the AAC user.

We propose that given contemporary technology, it is 
both theoretically and practically possible to substantially 
increase access to aided AAC by leveraging the ability of 
technology to sense and interpret natural, unaided commu-
nicative movements1 – which we consider to include both 
conventional gestures like waves or a thumbs up sign, as 
well as idiosyncratic movements that the user and familiar 
partners both understand. Virtually all individuals, including 
those with disabilities, use such communicative movements 
during daily interactions with familiar partners. On our team, 
community advisor Emma Elko has cortical (brain-based) 
visual impairment and uses high-tech aided AAC mounted 
on her power wheelchair. Emma has a specific unaided  
“I want” movement that her family understands, but that is 
hard for unfamiliar partners to interpret. Emma also has a 
very different unaided movement to indicate excitement that 
family and close friends understand, but that can be worri-
some to unfamiliar partners who may interpret it as indica-
tive of negative emotion or overstimulation. Both of these 
natural movement patterns carry unique meaning to Emma’s 
familiar partners, and both are ones that her AAC technology 
could be trained to read and translate into speech output. 
Doing so would essentially create a “movement-to-speech” 
translation akin to existing text-to-speech applications that 
would expand the range of partners who could understand 
those specific body-based movements.

By no means are we arguing that this movement-to-
speech translation application would replace traditional aided 
forms of AAC. Rather, the movement-to-speech function 
would both supplement existing aided AAC and also offer 
unique additional power for situations in which the tradi-
tional aided AAC might not work optimally (that we describe 
later in this paper). Harnessing unaided inputs as a supple-
mental means for access to AAC technology will marry the 
power of the aided symbolic communication with the ease, 
speed, and unique movements employed by individual users. 
In so doing, it will shift the burden of access from the user 
(at least in part) onto the aided AAC technologies them-
selves. Building flexible technologies that are tailored to the 
motor and visual skills of individuals with disabilities is well 
within the capabilities of modern devices and is an active 
area of research in Human-Computer Interaction (HCI) and 
accessible computing (Ehtesham-Ul-Haque & Billah, 2023; 

Harrison et  al., 2011; Kane et  al., 2008; Ruiz et  al., 2011; 
Zhang et  al., 2020).

Limitations of traditional aided AAC access 
methods for individuals with visual and/or motor 
disabilities

Individuals with motor disabilities and/or visual impairment 
may have difficulty accessing traditionally-presented, visual 
aided AAC displays either because of movement restrictions 
or because of difficulties processing visual information. In 
particular, one challenge of aided AAC relates to the fact that 
aided AAC largely relies on the presentation of visual sym-
bols on a physically limited space, that is, on the assistive 
technology screen. Sizable vocabulary offerings are accom-
plished by large grids filled with symbols, maximizing the 
number of symbols available on each display. This type of 
display, however, risks introducing what is called “visual 
crowding” (van den Berg et  al., 2007). Visual crowding occurs 
when a visual stimulus that might be distinguishable to a 
viewer when presented alone becomes non-distinguishable 
when placed close to neighboring symbols (called “flankers” 
in the vision sciences literature: Whitney & Levi, 2011). Visual 
crowding can impact access for individuals with either ocular 
or brain-based visual impairments.

The presence of a motor disability compounds challenges 
of access. This can in part be due to the reliance of many 
current AAC systems on access methods that either require 
precise control of a digit (a finger for selection) or laborious 
and/or repetitive movements of other body parts (a limb, the 
head, the eyes) for activation. As noted, precise finger selec-
tion is not possible for all persons, and communication via 
switch control is exceptionally slow and is typically fatiguing 
due to the need for repeated motor movements (Cook & 
Polgar, 2015; Wagner & Jackson, 2006; see also Dittmann, 
2014). Other direct selection methods include eye or head 
tracking, but often these alternative methods present con-
straints due to their design. For example, by design typical 
alternative access systems have positioning and orientation 
constraints which require visual attention shift (i.e., to gener-
ate a message using eye tracking, the individual must shift 
their gaze away from the conversational partner to system) 
to create a message, and may not work well in bright or low 
light situations (e.g., Elsahar et  al., 2019) or outdoor lighting 
situations (e.g., due to the constraints of eye tracking tech-
nology; Binaee et  al., 2021).

When challenges with a person’s AAC system are present, 
individuals will often naturally defer to body-based commu-
nicative movements that familiar partners can interpret 
(Blackstone et  al., 2021). As mentioned earlier, this necessi-
tates the communication partner be familiar with the mean-
ing behind the movements and also be in close enough 
proximity to see those movements. Developing technolo-
gies that allow someone to use their natural movements to 
gain attention, express wants or needs, or promote social 
closeness has the potential to foster engagement and inter-
action both with familiar and with unfamiliar communica-
tion partners.



Augmentative and Alternative Communication 3

Our proposed approach differs from traditional direct 
selection or switch access in two important ways. First, it 
responds to diverse movements that are already part of the 
individual’s unaided communication methods. Body-based 
communicative movements often occur naturally by the indi-
vidual, and are not explicitly taught to them. Individuals use 
these movements in real time to convey meaning when with 
familiar communication partners. Our prototype artificial 
intelligence algorithms will allow this wide range of existing 
movement patterns to be interpreted for their intended mes-
sage, to aid unfamiliar partners in interpreting them. Second, 
each message is tied uniquely to a single movement or ges-
ture that itself conveys specific meaning. Enabling AAC to 
interpret movement patterns could allow for expanded use 
of the voice output of the AAC system in varying positions 
(e.g., side lying) and environments (e.g., outdoors) that cur-
rent methods do not readily provide, and for individuals to 
easily alert someone that their AAC system is not set up 
properly (e.g., the calibration is off ).

Artificial intelligence for interpreting natural 
communicative movements

Current technologies have begun to incorporate artificial 
intelligence. For instance, there is some natural gesture rec-
ognition capability built into the Android platform via the 
Project Activate Application (Research at Google, 2021). This 
application allows the built-in camera to use a person’s natu-
ral facial gestures (e.g., smile, raised eyebrows, wink) to per-
form a number of tasks, including phrase generation such as 
“Hi, how are you?” Furthermore, these technologies can iden-
tify movements as specific as a single finger lift or as broad 
as a left-to-right motion. Uniquely, they can also learn idio-
syncratic movements and map user-preferred commands to 
these movements. When the system adjusts to the individu-
al’s intentional movement patterns, rather than the individual 
having to conform to predetermined actions on screen, the 
potential for error is reduced, along with the demands placed 
on the individual (Higginbotham et  al., 2007).

However, the utility and user experience of these artificial 
intelligence algorithms remain unexplored. Additionally, there 
are gaps in the understanding of how these algorithms are 
developed, how they can be adapted for AAC users with 
diverse disabilities, and how they can be seamlessly inte-
grated into existing AAC solutions.

This paper aims to begin to address these knowledge 
gaps. We present an end-to-end prototype that was informed 
by three community advisors with motor disabilities and/or 
CVI over a period of more than eight months. Our prototype 
enables AAC users to communicate via natural communica-
tive movements. Users wear a small motion sensor, similar to 
a smartwatch, to make their preferred movements, which our 
prototype records. Next, it allows users to inspect their 
recorded movement pattern and interactively create artificial 
intelligence algorithms with ease. Furthermore, it enables 
users to fine-tune the algorithm and deploy it into a proto-
type AAC system running on their smartphone. Importantly, 
the prototype was deliberately developed to “learn” the 

individual, unique communicative movements produced by 
each communicator, rather than relying on patterns banked 
from some larger group of people. A communicative move-
ment that might produce the message “I want” for one user 
might be a very different pattern for that same message pro-
duced by a different user. The power of the algorithm is that 
it can learn the unique movement patterns of each individual.

Co-creating an adaptive prototype for  
movement-to-speech translation

We divided the co-creation of our adaptive AAC prototype 
into four phases. First, we created a team with domain 
experts and target users and chose a starting point. Second, 
we identified challenges in recognizing unaided input for 
AAC users based on feedback from the first trial by one of 
our community advisors. Third, we addressed these chal-
lenges through human-centered artificial intelligence prac-
tices. Finally, we reflected on the development process. Each 
phase built upon the previous one, allowing us to develop 
and refine our prototype iteratively while maintaining a focus 
on the needs and experiences of AAC users.

Creating a team representing the three pillars  
of evidence-based practice

Wilkinson et  al. (2023) synthesized existing research on visual 
characteristics in individuals with brain-based (cortical) visual 
impairment (CVI). That paper incorporated the three pillars of 
evidence-based practice, in which suggestions about AAC 
system design were informed not just by scientists and clini-
cians, but by the lived experiences of two of the authors, 
that is, a young woman who has CVI herself as well as her 
parent/advocate. The aim of that paper was to provide guide-
lines for how these perspectives might specifically guide 
design of traditional aided AAC approaches in which direct 
selection is the method for access.

The current effort shifts gears to focus on supplementing 
traditional forms of aided AAC, through development and ini-
tial field testing of artificial intelligence algorithms that allow 
AAC technology to interpret diverse natural movements that 
are already part of individuals’ communication repertoire. The 
team in the current effort again represents the three pillars 
of evidence-based practice, that is scientific evidence, clinical 
expertise, and the lived experiences of individuals with motor 
impairments. The team for the current paper reflects external 
and internal expertise across a wide range of scientific, clini-
cal, and first-person experiences regarding critical aspects of 
the project. Authors Billah and Namdeu bring expertise in 
programming of smart technologies that are accessible for 
individuals with low vision (Billah et  al., 2018; Momotaz & 
Billah, 2021). Authors Wilkinson and Sowers bring scholarly 
and clinical expertise in designing AAC that is responsive to 
the unique visual processing skills of users with developmen-
tal and/or intellectual disabilities (Sowers & Wilkinson, 2023, 
2024; Wilkinson et  al., 2023; in press). Author Redmon brings 
extensive experience with applications of assistive technol-
ogy within educational settings. Authors Elko, Williams, and 
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Case bring first- or second-person lived experiences regard-
ing the supports that promote successful outcomes for indi-
viduals with diverse motor disabilities; these authors represent 
a range of profiles of skills and will henceforth described as 
“community advisors.” As will be described, each team mem-
ber/coauthor has contributed from the initial conceptualiza-
tion of the priorities of algorithm development to the 
methods for accomplishing those goals.

Choosing a starting point, on the basis of community 
advisor recommendations

At the outset, the team discussed two possible avenues for 
testing the potential of artificial intelligence for detecting 
natural communicative movements; first, the use of the 
built-in camera on virtually all hardware (both dedicated 
devices or general-purpose ones like iPads) to detect move-
ments, and second, the use of a sensor placed somewhere 
on the body that would send movement information  
via Bluetooth to the sensor detector, using a dedicated 
smartphone.

The community advisors were unanimously excited about 
the second avenue, specifically, the use of the sensor, as the 
starting point. Their enthusiasm related to the enhanced 
power a sensor would have not just to detect the movement 
itself (which a camera could also do) but to do so at a dis-
tance from the smartphone that receives the input and gen-
erates the intended spoken message. This is important 
because it allows the communication to occur without the 
voice output technology being directly next to the AAC user, 
a point we return to later.

Each of our community advisors contributed their per-
spectives on the potential for this application within their 
own lives. Coauthor Williams is a wheelchair user who com-
municates via traditional aided AAC using direct selection. He 
states this about the potential role of incorporating the pro-
posed type of technology within his active lifestyle:

I have been a long-time AAC user starting from manual systems 
on paper to the tablet based systems I am speaking to you today 
on. Each system takes a lot of engagement from me and other 
users, to where we are speaking, that is not only the primary 
focus of what we are doing, but the methods we use limit us to 
a single task at a time, which is using my communication device. 
I am an active person who likes to do activities that are adven-
turous like water skiing, swimming, and taking care of my infant 
daughter. Like many people I need to be able to communicate 
some quick needs during tasks, where my device is either not 
feasible to use or is not safe to use (I have yet to see an AAC 
device that is not affected by coming into contact with water). 
Anyway, I joined this project to expand my communication tool-
set to include a way to speak without having to focus on a 
screen, and do it in places where I can literally communicate with 
a flip of my wrist.

It is important to note that our proposals are not (yet) 
that the sensor could be used in the midst of an activity like 
waterskiing. We do not know if the sensor would be able to 
transmit reliable movement information while an individual is 
actually on the waterski in the wake of the traveling speed-
boat. However, that limitation is just as true of users of 

natural speech as well – when a person who uses speech is 
skiing in the wake of the speedboat, even shouted speech 
will likely not be adequate to be heard by listeners on the 
speedboat. Rather, our argument is that the sensor would 
allow communication during pauses in any activity, to request 
help with something (adjusting the line) or signaling readi-
ness to start the boat moving. This point is reinforced by 
coauthor Elko, who comments on how the sensors could 
augment the low-tech partner-assisted scanning that is the 
current mode of communication during breaks in snow ski-
ing for Emma:

Emma is a snow skier. I usually have to bring paper pages of her 
talker and do partner assisted scanning when we take breaks 
from skiing. But with the system, she would be able to communi-
cate on the fly…

Coauthor Case brings the perspective of an individual 
who has used a wheelchair his whole life. Though Case uses 
natural speech for communication, he represents the per-
spective of an advocate who has experienced the challenges 
of accessing support services for individuals with physical 
disabilities. In an early meeting, Case pointed out one of the 
potential applications of the sensor on a practical level: When 
the AAC technology can interpret the movement patterns, 
the need for aide-by-aide onboarding of personal care aides 
in understanding the meaning of an individual’s unique and 
specific gestures or movements is essentially removed, as the 
aide can learn from the voice output of the technology. As 
he notes:

For those of us with motor impairments who have a lot of per-
sonal care aide staff turnover… the sensor technology is able to 
make the onboarding process, in … training a new staff member, 
much easier and smoother because [it] will enable us to commu-
nicate what our needs and our routines are in such a way that for 
somebody who is new, they will become more familiar with what 
our movements mean…. This is particularly salient in terms of 
how this artificial intelligence-based technology can be employed 
because nationally, the statistics say that the staff turnover rate 
for personal care aides in the US is 77–100 percent. (Friedman, 
2021; Rollinson et  al., 2023).

Identifying challenges and solutions in recognizing 
unaided input

In the published AAC literature, there are several conceptual 
or research development discussions of the potential of vari-
ous forms of gesture recognition to support AAC users with 
multiple disabilities (e.g., Boster & McCarthy, 2017; Fager, 
et  al. 2019; Higginbotham, et al, 2007; Sennott, et  al., 2019). 
It appears that while the concept of using natural movement 
patterns to supplement AAC systems has been considered, 
the current developments in technology suggest that now is 
the time to move forward in putting them to use in AAC 
systems.

Outside of AAC, smartphones offer some unaided input 
recognition as accessibility features. However, the usefulness 
of these techniques and their potential integration into exist-
ing AAC solutions remain largely unexplored (Boster & 
McCarthy, 2017). Our analysis of existing techniques and 
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unaided input recognition algorithms revealed four key chal-
lenges in developing personalized artificial intelligence for 
AAC. In this context, artificial intelligence refers to real-time 
gesture recognition algorithms that can interpret and trans-
late a user’s natural communicative movements into spoken 
outputs. We outline the challenges here and then describe 
how we addressed them in the following section.

The first challenge is designing personalized artificial intel-
ligence with limited data. The algorithm must adapt to 
user-specific movements using only a few training samples, 
unlike generic movement recognition systems trained on 
large datasets (Wobbrock et  al., 2007). It must also differen-
tiate between intentional and unintentional movements, 
effectively “delimiting” the start and finish of intentional com-
municative movements. Additionally, the algorithm should be 
flexible, capable of fusing data from multiple sensors when 
available. For instance, users might wear sensors on their 
wrist or upper arms of their dominant hand, non-dominant 
hand, or both. They could place sensors on nearby surfaces 
like a wheelchair headrest. This flexibility allows the system 
to adapt to user needs and preferences while maintaining 
efficient performance.

The second challenge is developing a low-compute algo-
rithm for real-time operation. To be effective, the system 
must recognize communicative movements as quickly as 
they are made. This requires the algorithm to run directly on 
the AAC device, such as a smartphone or iPad, without con-
suming excessive battery power. This process is described 
later in this section.

The third challenge is creating user-friendly interfaces to 
promote users’ agency in developing the algorithm. The 
interface must be easy to use and designed for non-technical 
users, enabling them to record their preferred communicative 
movements (i.e., the template movements), mark the begin-
ning and ending of the recorded templates, and recognize 

that the sensor data is representing the templates movements 
in a meaningful way. The interface should also allow users to 
create, test, and iteratively improve the algorithm’s perfor-
mance until its movement detection accuracy reaches an 
acceptable threshold.

The fourth challenge is integrating artificial intelligence 
into AAC technology. The algorithm must seamlessly inte-
grate with users’ AAC devices, allowing them to create multi-
ple movement patterns and contexts, and map each 
movement to an intent based on their situation. For example, 
a wave in a public space might translate to “Hi, how are you?” 
while the same movement in a private setting could mean 
“No, I don’t want it.”

Designing human-centered personalized movement 
pattern recognizer and user interfaces

To address the aforementioned challenges, we broke down 
the process of communicating through unaided hand  
movements into four phases: (1) Initial Setup; (2) Recording 
Template Gestures/Movements; (3) Gesture/Movement 
Visualization, Annotation, and Model Creation; and 4) Real 
Time Gesture/Movement Detection and Model Deployment. 
Figure 1 illustrates these phases with a step-by-step break-
down, showing how we distributed the workload across the 
sensor device, smartphones, and PC. Some steps are exclu-
sively performed by users (Steps 1, 3.a, 10.a), while others 
can be completed by either users or their aides. Throughout 
each phase, we consulted with our community advisors and 
refined our approach based on their feedback.

Initial setup: the IMU sensor
Figure 2 illustrates the setup. The AAC user (shown in Panel 
C) wears a generic Inertial Measurement Unit (IMU) sensor. 

Figure 1.  A flow diagram illustrating the step-by-step process from sensor setup to the final use of our prototype AAC application for unaided communication. 
Note: The term “gesture” in this figure refers to any communication movement, including both conventional gestures (thumbs up, wave) and the idiosyncratic 
communication movements that are understood to have specific meaning by an individual communicator and their familiar partners.
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We used a Movesense2 sensor (shown in Panel A), though 
any comparable IMU sensor could be used. It provides 9-axis 
movement: accelerometer readings along X, Y, and Z axes; 
gyroscope readings along the 3 axes; and magnetometer 
readings along 3 axes. We only used accelerometer and gyro-
scope readings, ignoring magnetometer readings due to 
noise. The sensor is water and shock-proof and connects to 
the smartphone via Bluetooth Low Energy (BLE). It weighs 
9.4 g with battery, has a diameter of 36.6 mm, and a body 
thickness of 8 mm. Panel D shows the Bluetooth screen to 
connect to one or more sensors. It displays a list of previ-
ously connected devices for quick reconnection. Users can 
also scan for new devices, ensuring the app can connect to 
various sensors as needed.

Recording template gestures/movements
In this phase, the user wears the sensor and makes the 
movement patterns that they want the algorithm to recog-
nize and interpret. Panel B of Figure 2 shows an aide, in this 
case a family member of the AAC user (who can be a layper-
son), recording the user’s preferred movements using our 
app on the smartphone. Depending on their abilities, users 
can record themselves by tapping the record button on the 
app and placing the smartphone on a stationary surface or 
holding it with their other hand.

Panel E of Figure 2 shows the Data Recording screen. This 
interface resembles a camera, enabling simultaneous record-
ing of video and sensor data. This dual recording capability 
is essential for creating a comprehensive dataset. The video 

Figure 2. I llustration of sensor placement and operation. Note: Panel A: The Movesense sensor used in our system; Panel B: An aide (in this case, a layperson) 
recording the movement/gesture data of an AAC user wearing the sensor on her wrist; Panel C: The AAC user; Panel D: Bluetooth screen on our prototype AAC 
app for connecting to one or multiple sensors; Panel E: Recording screen on the app for collecting sensor data (accelerometer and gyroscope) as well as the 
associated video.
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data serves as an important visual reference for later gesture/
movement annotation. During recording sessions, the appli-
cation captures sensor data at a rate of 52Hz. This frequency 
is suitable for recognizing human activities; it ensures that 
the captured movement patterns have fine granularity while 
being efficient enough to avoid causing app lag or excessive 
battery consumption.

Users begin by recording template gestures/movements, 
which include at least one “idle” movement to indicate their 
default state that the algorithm should ignore. For unaided 
communication, they must also record one or more “non-idle” 
communicative movement patterns they intend to use (as 
shown in Table 1). To account for natural variability in execu-
tion, users perform each template movement three times, 
with each repetition lasting approximately two seconds. This 
approach helps the algorithm capture slight differences that 
may occur when making the same movement at different 
times. Recording these templates can be accomplished in a 
variety of ways. One of our advisors prepared a list of move-
ments they use and performed each three times in one ses-
sion. For another advisor, their aide, who is a familiar 
communication partner, identified natural communicative 
movements that were often used for intentional communica-
tion. Those movements were then elicited via natural means 
as they occurred. For example, the three template recordings 
were made over a snack time where the individual readily 
uses their movement pattern repeatedly to indicate that they 
wanted another bite of food. The ability to trim the record-
ings (see section below) allow for the recording to be active 
to “catch” the natural occurrence of the movement pattern as 
it happens.

We limited the number of trials to three, striking a balance 
between gathering sufficient data and minimizing user 
fatigue. This user-centered approach stands in contrast to tra-
ditional deep learning techniques, which often require mil-
lions of data points for training. Indeed, our data requirement 
is insignificant by comparison. We prioritize users’ abilities 
and comfort, and collect just enough information for effec-
tive gesture or communicative movement recognition.

Gesture/movement visualization, annotation, and model 
creation
The specifics of the visualizer, annotator, and model builder 
are described in detail below. As mentioned above (the third 
challenge), it was critical to create a user interface that could 

be readily manipulated and accessible for users or aides at 
any level of technical background, meaning that it would be 
easy to understand and use. As will be described later, field 
testing with our advisors is indicating that the interface is 
readily understood and usable in real-world conditions.

The workflow begins after the recording of the movement 
pattern on a smartphone is completed. Users or their aide 
then export this raw data to a PC, where they utilize our 
integrated gesture/movement visualizer and annotator, illus-
trated in Figure 3, along with the interactive model builder, 
illustrated in Figure 4. Note that we used a PC because it has 
larger display and higher computing resources. It is possible 
to perform all operations on the smartphone app with the 
sacrifice of some features.

The Integrated Gesture/Movement Visualizer interface 
(Figure 3) displays video recordings (Panel A) alongside cor-
responding accelerometer and gyroscope readings in three 
axes: X in red, Y in green, and Z in blue (Panel B). This inte-
grated display enables users to correlate hand movements 
with sensor readings, recognize patterns, and pinpoint the 
start and end of movement patterns. For instance, the accel-
erometer readings along the Z-axis in panel B are substan-
tially lower (−10.0 m/s2 or below) compared to X or Y axes. 
This is because the Z-axis reading represents the gravitational 
force, which is close to −9.8 m/s2 when the sensor is at rest. 
The negative value indicates that gravity acts in the opposite 
direction of the positive Z-axis. Moreover, X and Z readings 
show more variation than Y, as the rotation, in this example 
(a circular movement shown in panel A), primarily occurs 
around the Y-axis. The Y-axis, in this case, is aligned with the 
long axis of the user’s forearm. This alignment means that 
when the user rotates their wrist, the sensor experiences 
more change in the X and Z directions than in the Y direc-
tion. This graphical display of the sensor data in relation to 
the video of the physical movements enhance users’ under-
standing of how their communicative movements translate 
into data patterns. Consequently, it increases their confidence 
in interpreting the data and in the process of algorithm 
creation.

The Gesture/Movement Annotation interface allows users 
to segment the video and mark beginnings and endings of 
movement patterns, illustrated in Panel D of Figure 3. Users 
annotate different trials of template movements, saving 
them with identical prefixes (template name) but unique 
suffixes (trial ID). For instance, Panel C of Figure 3 shows 
three circular movement template trials annotated as cir-
cle_1, circle_2, and circle_3. This annotation process enables 
precise definition of each movement’s temporal boundaries, 
crucial for accurate model training. Annotating multiple tri-
als of the same movement pattern accounts for natural vari-
ations in performance, enhancing the recognition model’s 
robustness. The interface also supports editing of previously 
annotated movements, so that users can refine annotations 
after initial reviews or correct mistakes to improve the qual-
ity of the templates. Thus, our interactive process can 
enhance users’ understanding of movement variability and 
increase their engagement in data preparation and their 
confidence in creating the gesture/movement recogni-
tion model.

Table 1.  A set of template communicative movements used by one co-designer 
who uses AAC

Template communicative movements (intent)

Circular hand motion (contextual) Fist open, then up and down 
(contextual)

Covering the ears with both hands 
(dislike)

Thumb between the fingers and 
waving (washroom)

One finger up and down (contextual) Waving hands while showing the 
palm (greeting)

Rubbing a hand on the chest 
(contextual)

Both hands in the air (happy)

Cross hands up and down (contextual) Extending hand outward (contextual)
Extending hand and calling (want) Hands over the head (contextual)
Push away (disagreement) Hands over the ears (contextual)
Hands over the lap (idle) Resting hand (idle)
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After completing the annotation, users employ an interactive 
model builder (Figure 4), to build and refine the gesture/move-
ment recognition model. This interface allows users to load 

gesture pairs for comparison: typically, an instance of a template 
movement (Panel A) and an instance of another template ges-
ture, henceforth called the candidate movement (Panel B).

Figure 3. I llustration of the integrated communication movement visualizer. Note: Panel A: Play/pause control for gesture video; Panel B: timeline of sensor data 
(accelerometer or gyroscope in 3 axes) representing a gesture; Panel C: movement/gesture annotation with beginning and ending timestamps; Panel D: save 
annotations function.

Figure 4. I llustration of interactive model builder. Note: Panel A: template gesture/movement; Panel B: candidate gesture/movement; Panel C: adjustable attri-
butes, filters, and weights for model building; Panel D: model performance (i.e., the confusion matrix) shown as a heatmap; Panel E: the similarity score between 
two gestures/movement loaded in A and B.
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Users start by visually comparing the video and the line 
graphs of their sensor readings (Panels A and B). Next, they 
construct the model by applying various features and filters 
(Panel C). These include raw sensor data (accelerometer or 
“acc” and gyroscope or “gyro”), a difference filter or “diff”  
(calculating the difference between current and immediate 
past readings), and a moving average filter (computing the 
average of a feature over N timestamps). We chose these 
computationally inexpensive yet powerful filters to capture 
both instantaneous variations in gestural patterns and 
long-term trends.

As users apply these features and filters, they can visualize 
the resulting transformations (Panel B) and similarity scores 
(Panel E). Similarity scores, ranging from 0 to 1 (1 being most 
similar), are calculated using the longest common subse-
quence (LCSS) metric. The primary goal is to select or unse-
lect features and filters, and adjust their weights, to maximize 
similarity within the same template movements while mini-
mizing similarity between different templates.

The model’s performance is displayed as a color-coded 
confusion matrix (Panel D) for easy interpretation. Each row 
and column represent a template movement, with cell (i,j) 
indicating the similarity score between template movements 
i and j. High similarity appears as bright yellow, low similarity 
as purple blue. Diagonal cells are brightest, representing 
identical movement patterns. Rows or columns with many 
bright cells indicate potential misrecognition. Users can itera-
tively adjust the model parameters to reduce these misrecog-
nitions, or in some cases, remove overly similar templates. 
Once satisfied, users save the best-performing model.

This interactive process helps users understand the chal-
lenges in recognition of communicative movement patterns. 
For example, one of our advisors attempted to produce 
movements that were distinguished only by differences in 
thumb placements (index-middle fingers versus middle-ring 
fingers). These subtle movements proved difficult for the 
algorithm to differentiate using only accelerometer and gyro-
scope data. Through such interactions, this advisor learned to 
avoid movements with such subtle distinctions, increasing 
their confidence in model building and demonstrating the 
interface’s empowering nature.

Finally, a scoring function can be used to measure the 
similarity between any two movement patterns. We applied 
the Longest Common Subsequence (LCSS) algorithm, a 
dynamic programming technique widely used in various 
domains including DNA sequencing, text correction, and ges-
ture recognition (Nguyen-Dinh et  al., 2012). LCSS identifies 
the longest sequence of matching elements between two 
sequences, allowing for gaps while maintaining order. This 
algorithm is suitable for our model as it can handle variations 
in movement speed and small interruptions between slightly 
different trials of the same template movement.

The key challenge in applying LCSS is converting continu-
ous time series sensor readings (e.g., acc, gyro) into a 
sequence of discrete symbols. To achieve this, we employed 
a k-Means algorithm with the number of clusters, k, equal to 
20 (empirically determined). This algorithm assigns the sensor 
readings (e.g., acc readings along three axes) at a given time 
to one of 20 clusters, labeled C1 to C20. Figure 5 illustrates 

this process. Panel A illustrates the 2-second sliding window 
(red rectangle) that increments by 1 second (dotted rectan-
gle). This results in approximately 50% overlap between  
consecutive windows, sufficient for maintaining temporal 
continuity across windows. Panel B provides an illustration of 
the k-Means algorithm converting continuous time series 
sensor data into a discrete symbol sequence. Each symbol 
denotes a cluster ID (C1 to C20). The X-axis represents time, 
while the Y-axis shows sensor readings along three axes 
(color-coded). Note that sensor readings at 0.16s and 0.22s 
are slightly different but fall within the same cluster, C7. 
Ultimately, sensor readings are converted to a sequence of 
cluster IDs: C3C4C1C2 …C12C7.We precomputed the cluster 
sequences for all template movements following this process. 
These sequences are then used during real-time gesture/
movement recognition, described next.

Real time gesture/movement detection and model 
deployment
Once the model is exported to a smartphone and the AAC 
screen is active, the application receives a continuous data 
stream from the sensor in real-time. This is illustrated in Panel 
A of Figure 6. The model runs in the background to recog-
nize any template movements. This process is challenging 
because users can make a movement at any time. To reduce 
computational cost, we invoke the gesture/movement recog-
nition algorithm at 1 second intervals on a sliding window of 
length 2 seconds., as was illustrated in Panel A of Figure 5.

We convert the sensor data within the current sliding win-
dow into a sequence of cluster IDs using the k-Means algo-
rithm with 20 precomputed clusters. We then compute the 
LCSS scores between this sequence and all precomputed 
template sequences. This comparison generates an array  
of similarity scores, indicating how closely the incoming 
sequence matches each stored template. To recognize a 
movement, we select the highest score from the array and 
compare it against a pre-set threshold (0.4, empirically deter-
mined). If the highest score surpasses this threshold, the cur-
rent movement is considered successfully recognized.

Future direction: template movements across contexts
A key lesson is allowing users to map the same template 
movement to different communication messages depending 
on their current context. For example, users can map the 
“waving hands” communicative movement to “Hi” in public 
settings but “No” in private settings. Figure 6 shows our cur-
rent interface. Users can edit the message associated with 
each movement pattern (Panel B). These messages are auto-
matically inserted into the AAC app’s text box and read out 
by a Text-to-Speech (TTS) engine when a registered move-
ment pattern is recognized (Panel C). Users can select a 
model from the dropdown menu labeled “Model.” This fea-
ture enables users to choose from different models designed 
for various contexts, rather than the system automatically 
determining the user’s current context. Although this func-
tionality is not yet implemented, the intended mechanism is 
as follows: when a user selects a different model, the system 
will update both the registered communicative movement 
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patterns and their associated predefined text for readout. 
This implementation is incremental, and we have already 
developed the foundational components necessary to achieve 
this feature.

Computational efficiency of the gesture/movement 
recognition system

As noted earlier, a challenge we addressed was allowing the 
system to operate rapidly on a smartphone without consum-
ing excessive battery power. The gesture/movement recogni-
tion system is computationally efficient by design. We use 
k-Means clustering (k = 20) to reduce 6-axis IMU data to inte-
gers, minimizing memory use and simplifying computations. 

It needs only 90 seconds of training data for 15 movements, 
far less than deep learning methods. Our LCSS algorithm per-
forms 10,816 integer comparisons per 2-second window, ver-
sus 64,896 floating-point operations for similar algorithms 
like Dynamic Time Warping (DTW). With a 10KB memory 
footprint, it is s far leaner than traditional neural networks. 
This enables real-time processing of 104 data points per rec-
ognition, allowing responsive, near realtime performance.

Preliminary proof of concept evaluation and summary

Our advisors assisted with the development by trialing our 
prototype, which encompassed the sensor, smartphone app, 
visualizer and model creation tools, and the gesture/movement 

Figure 5. I llustration of sliding window (Panel A) and conversion of continuous sensor data to discrete cluster ID sequence (Panel B).
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recognition model/algorithm. Our advisors used the proto-
type at each different phase of its maturity, offering insightful 
feedback that guided our iterative development process.

Changes made over the development process

Initially, we only recorded sensor data for each communicative 
movement, but quickly realized after coauthor Case tested it 
for us that interpreting this data without visual reference was 
impractical. This led us to incorporate video recording using an 
external camera. However, this approach introduced new chal-
lenges when tested by community advisor Emma: lack of syn-
chronization between the camera’s frame rate and the sensor’s 
sampling rate, and difficulties in annotation due to manual 
video manipulation required to align with sensor data.

We addressed these issues by improving the movement 
recording process. Our app now simultaneously records both 
video and sensor data with perfect synchrony. The integrated 
gesture/movement visualizer and annotator resolves the chal-
lenge of manually aligning movement pattern data with 
video frames to identify the start and end of movements. 
This improvement also eliminated the need for sensor cali-
bration for each user - a process that involved asking users 
to make canonical movements along X, Y, or Z axes, which 
proved challenging for both of our advisors who tried it. This 
preliminary evaluation has been crucial in refining our proto-
type but also highlights its potential to meet the practical 
needs of AAC users It also highlights the importance of 

user-centered design in developing assistive technologies, 
where real-world testing and user feedback drive continuous 
improvement.

Preliminary field testing of the prototype

The current prototype is being used by our advisor Emma in 
home and field-based communication situations. Figure 7 illus-
trates this real-world application, showing a community advi-
sor expressing “I want” during a physical therapy appointment 
within which she was not in close proximity to her AAC sys-
tem due to the nature of the activity. The sensor is mounted 
on her left hand, with speech output produced by a phone 
(not visible in the image). Wearing the sensor, she was able to 
communicate to her physical therapist that she wanted an 
item that was out of her reach. Her physical therapist was able 
to respond to the voice output that interpreted the body-based 
communication movement and respond to the request.

Another example occurred during an outing to the AAC 
user’s local pickleball courts. As coauthor Elko describes it:

I play pickleball, and Emma loves to spectate…Typically, I try to keep 
a line of sight to Emma so that if she needs something, I can recog-
nize her need, because we don’t take her volume all the way up on 
her talker because it’s inconsiderate to other players. So this day, I 
was able to move around the courts on typical play. I had the cell 
phone with me, and Emma had her body-based sensors, and she 
was able to communicate with me without my having to be able to 
see her, and I was able to be far away from her on the court.

Figure 6. I llustration of unaided movement/gesture integration into existing AAC applications. Note: Panel A: A prototype AAC app that receives sensor data 
continuously and runs the movement/gesture detection algorithm in the background for a potential match. Panel B: The app allows users to edit communication 
messages associated with communication movements. Panel C: The message (e.g., “I want it”) is automatically selected in the AAC textbox when the user makes 
the associated movement (e.g., extending one hand and calling movement) and the app correctly detects it.
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Importantly, at all times Emma still had access to her tra-
ditional aided AAC, with which she could communicate with 
partners who were proximal to her. As Emma is a regular on 
the pickleball courts, everybody knows her and her forms of 
aided AAC-based communication. Thus, Emma still had her 
traditional AAC to communicate with the partners who 
remain proximal to her, but now had an added level of  
independence from her mother – which is appropriate for a 
young woman of her age (early 20s).

Summary

We have discussed development of artificial intelligence algo-
rithms that are capable of interpreting individual-specific 
unaided gestures or idiosyncratic communicative movements. 
We offered proof of concept of the operation of demonstration 
algorithms developed by our team, including our community 
advisors (and coauthors) with motor disabilities who were an 
integral part of system development from conceptualization 
through implementation. Our system is intended to be 
human-centered, use-inspired, and readily-programmed, to 
empower both the user and their communication partners who 
may be involved in AAC services. It is designed specifically to 
capitalize on movements that are already in each individual’s 
repertoire and that already communicate specific messages. The 
sensor is worn by the individual communicator, so message 
production is independently authored by that individual and 

thus is not facilitated in any way by the partner. The very next 
step is to conduct research on how well the prototype operates, 
with individuals with a wide range of motor and visual impair-
ments, to ensure that the algorithms can operate across a wide 
range of motor abilities and for individuals with CVI.

Notes
1The team had a lively discussion over whether to use the term “gesture” 
or “movement pattern.” The liveliness of that discussion reflected the like-
lihood that the term “gesture” is interpreted differently in the fields of 
speech-language-pathology (and associated fields) and human-computer 
interaction. In the main text, we have sought to define that the patterns 
we are focusing on here include both conventional gestures, such as 
waves or thumbs up, but also the idiosyncratic movement patterns that 
many individuals who use AAC employ with familiar partners. For the 
remainder of this paper, we have settled on “communicative movements” 
and “movement patterns” as our preferred terms, but also use “gesture/
movement” in cases where the text is referring specifically to the labels 
common in human-computer interaction.
2https://www.movesense.com/product/movesense-medical-mdr/
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