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Abstract. Using an interactive display, such as a touchscreen, entails under-
taking a pointing gesture and dedicating a considerable amount of attention to
execute a selection task. In this paper, we give an overview of the concept of
intent-aware interactive displays that can determine, early in the free hand
pointing gesture, the icon/item the user intends to select on the touchscreen. This
can notably reduce the pointing time, aid implementing effective selection
facilitation routines and enhance the overall system accuracy as well as the user
experience. Intent-aware displays employ a gesture tracking sensor in con-
junction with novel probabilistic intent inference algorithms to predict the
endpoint of a free hand pointing gesture. Real 3D pointing data is used to
illustrate the usefulness and effectiveness of the proposed approach.

Keywords: Interactive displays � Finger tracking � Bayesian inference � Target
assistance � Endpoint prediction

1 Introduction

The proliferation of touchscreen technology and its use in wide range of consumer
products, such as hand held devices and control modules in vehicles, is motivated by
the ability of such displays to effectively accommodate large quantities of information,
facilitate intuitive interactions via pointing gestures, particularly for novice users, and
offer additional design flexibility through a combined display-input–feedback module
[1–3]. The display can easily be adapted to the context of use via a reconfigurable
Graphical User Interface (GUI). For example, in modern vehicles, there has been a
notable move towards replacing conventional control units in cars (e.g. buttons, knobs
and switches) with interactive displays [2, 3] and thereby minimising clutter in the
vehicle interior due to mechanical controls; e.g. see the Volvo concept car in [4].

However, using an interactive display, such as touchscreen, entails undertaking a
pointing gesture and dedicating a considerable amount of attention to successfully
select the intended icon on the touchscreen. Additionally, with situational impairments,
such as using a touchscreen on a moving platform (e.g. cars and boats), the user input
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can be perturbed leading to erroneous selections [1, 5, 6]. Adapting to the noisy
environment or repeatedly undertaking the same selection task ties up even more
visual-cognitive-manual attention that might be otherwise available to perform a pri-
mary task, such as driving or maintaining adequate level of situational awareness. This
can have serious safety implications and undermine the user experience.

In this paper, we give an overview of the concept of intent-aware interactive
displays that can determine, early in the free hand pointing gesture, the item a user
intends to select, e.g. a GUI icon displayed on a touchscreen, by employing suitable
Bayesian prediction algorithms. This yields significant reductions in the pointing time
and therefore effort (visual, cognitive and manual) required to accomplish the selection
task, helping the user to remain focused on the primary task and improve the overall
user experience. Here, we consider the scenario where the touchscreen is placed within
a reaching distance from the user, e.g. an in-vehicle touchscreen mounted to the car
dashboard. We do not treat applications that involve selecting a target on the display of
a handheld device where the pointing distance/time is minimal and intent inference can
have limited benefits, if any. In noisy environments, such as pointing in a vehicle
driven over harsh terrain, the correlation between the accelerations and vibrations
experienced by the touchscreen and the movements of the recorded pointing
hand/finger is weak-ambiguous as shown in [7]. This is attributed to the human
complex nonlinear behavior in perturbed environments, user seating, screen position,
etc. Hence, vibration-acceleration-compensation routines and stabilizing the display to
aid the interactive display usability, e.g. see [5], can be ineffective.

Figure 1 depicts the proposed intent-aware interactive display system (for more
details on the system and the various introduced prediction models see [7–11]). It uses
a gesture tracker, which captures, in real-time, the pointing hand/finger location(s), in
conjunction with probabilistic inference algorithms to determine the intended desti-
nation on the touchscreen. The prediction results for each of the GUI selectable icons
are subsequently used to decide on the intended endpoint and accordingly alter the GUI
to assist the selection process. The Inertia Measurement Unit (IMU) is employed to
establish whether the user input is subject to perturbations due to situational impair-
ments. The objective of the prediction module is to infer the user intentionally as early
as possible, i.e. well before the user’s pointing finger touches the display, given the
available partial pointing trajectory. Due to the notable recent interest in gesture-based
interactions in the gaming industry and the Human Computer Interaction (HCI) com-
munity, several 3D vision sensory devices have emerged, such as Microsoft Kinect and
Leap Motion (LM) controller that allow accurate gestures tracking and recognition
[12]. In this paper, a LM sensor is utilised to record trajectories of a free hand pointing
gestures [13]. Figure 2 shows 3D pointing trajectories collected in a vehicle under
various conditions. It can be noticed from the figure that perturbations due to the harsh
terrain are clearly visible in the pointing gesture compared with the smooth tracks
recorded whilst the vehicle is stationary.

A pointing task can be simplified and expedited by using a pointing facilitation
technique, such as increasing the size of the target icon, altering its activation area,
dragging the cursor closer to the target [14], etc. However, such strategies can be
effectively applied only if the intended GUI item is known a priori. Thus, the advan-
tages of predicting the destination of a pointing task are widely recognised in the HCI
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field, e.g. [14–21]. Such studies focus on pointing via a mouse or mechanical-device in
a 2D set-up to select a GUI icon(s); a common mode of human computer interaction
over the past few decades. In this paper, however, we consider free hand pointing

Fig. 1. The proposed intent-aware touchscreen system; gesture-tracker and IMU data are
processed by the analysis/prediction module. The GUI Response module dynamically alters the
display to facilitate the selection task, based on the prediction results.

(a) Vehicle is stationary. (b) Vehicle driven over harsh terrain.

Fig. 2. Full pointing finger-tip trajectory during several pointing gestures aimed at selecting a
GUI item (white circles) on the touchscreen interface surface (blue plane) [9]. Arrows indicate
the direction of travel over time, starting at t1 < tk (Color figure online).
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gestures based interactions in 3D with a touchscreen. Additionally, majority of the
destination predictors for a mouse cursor endpoint in the 2D set-up rely on the premise
that the cursor always travels in the direction of the intended destination. Possible
endpoints of the pointing task are therefore collinear and inferring the track length
predicts the intended destination. Whilst this assumption makes intuitive sense for 2D
GUIs, it does not apply to free hand pointing gestures in 3D as shown in [7–9]. Instead,
the direction of travel of the pointing finger varies dramatically throughout the pointing
task, even in unperturbed scenarios.

The introduced intent-aware displays utilise destination-reverting probabilistic
models that capture the characteristics of free hand pointing movements and thereby
provide superior prediction results. These models permit calculating, in real time, the
likelihood of each of the GUI selectable icons being the intended destination. Hence,
the proposed Bayesian prediction is a belief-based approach. It promotes flexibility in
relaying the prediction results to the user depending on the application requirements
and requested level of prediction certainty, unlike the classification-based techniques. It
is noted that a small improvements in pointing task efficiency, even reducing pointing
times by few milliseconds, will have substantial aggregate benefits on the overall user
experience since interactions with displays are very prevalent in a typical scenario, e.g.
using the in-vehicle touchscreen whilst driving to control the car infotainment system.

The rest of the paper is organized as follows. In Sect. 2, the adopted Bayesian
inference framework is described and the modelling problem is highlighted. In Sect. 3,
a concise overview of a number of prediction models are described. They are subse-
quently tested in Sect. 4. Conclusions are drawn in Sect. 5 and planned future work is
outlined.

2 Bayesian Intent Inference

Assume that the GUI displayed on the touchscreen includes N selectable items, i.e.
D ¼ Di : i ¼ 1; 2; . . .;Nf g. The pointing task starts at the time instant t1, i.e. when the
user pointing finger/hand starts moving towards the display. Let mk ¼ x̂tk ŷtk ẑtk½ �T be
the location of the pointing finger-tip in 3D as recorded by the gesture-tracker at time
tk > t1; x

T is the transpose operation. The predictor aims to establish the likelihood of
each of the selectable GUI icons being the intent of the pointing gesture given the
available partial trajectory m1:k ¼ m1;m2; . . .;mkf g captured at t1, t2, …, tk. The pri-
mary objective, within the adopted probabilistic framework, is to calculate

P tkð Þ ¼ P Di ¼ DI jm1:kð Þ; i ¼ 1; 2; . . .;Nf g ð1Þ

at the arrival of each new observation of the pointing finger location. The intended
destination, which is unknown a priori, is notated by DI such that DI 2 D. It is noted
that the 3D Cartesian coordinates of the items in D are known to the inference module
where di ¼ dxi dyi dzi½ �T denotes the location of Di. However, no assumptions are
made on the distribution-layout of the GUI. Both mk and di are defined with respect to
the gesture-tracking sensor position and orientation (see Fig. 1).
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After evaluating P tkð Þ in (1), a simple intuitive approach to establish the intended
destination at tk is to select the most probable endpoint via

Î tkð Þ ¼ arg max
Di2D

P Di ¼ DI jm1:kð Þ; ð2Þ

which is the Maximum a Posteriori (MAP) estimate. A more general decision
framework is discussed in [8]. Assuming that the total duration of the pointing task is tT
(i.e. from the start of the pointing gesture at t1 until the user finger reaches the intended
destination displayed on the touchscreen), a successful intent inference at tk can achieve
a total reduction of tT - tk in the pointing time. Clearly, an early correct prediction that
maximizes such savings is pursued here.

Following (1) and using Bayes’ rule, we have

P Di ¼ Djm1:kð Þ / P Di ¼ DIð ÞP m1:kjDi ¼ DIð Þ ð3Þ

for each of the selectable GUI items. The priors P Di ¼ DIð Þ; i ¼ 1; 2; . . .;N; which are
independent from the current pointing trajectory/task, can be learnt from contextual
information, usage history, GUI layout, etc. Henceforth, all possible endpoints are
presumed to be equally probable, i.e. P Di ¼ DIð Þ ¼ 1=N for i = 1, 2, …, N. Given the
Bayesian nature of the adopted framework, if priors become/are available, they can be
easily incorporated to guide the inference process as per (3). Therefore, determining
P tkð Þ and Î tkð Þ depends solely on calculating

L tkð Þ ¼ P m1:kjDi ¼ DIð Þ; i ¼ 1; 2; . . .;Nf g: ð4Þ

To summarize, the proposed Bayesian approach consists of the following four steps:
Step 1: Wait for a new gesture-tracking measurement to arrive, i.e. mk,
Step 2: With the new measurement at tk, calculate P m1:kjDi ¼ DIð Þ, for

i = 1, 2, …, N, depending on the utilised probabilistic model
Step 3: Determine P Di ¼ Djm1:kð Þ, for i = 1, 2, …, N, given the available priors, if

any, using (3) followed by normalisation to ensure that
PN
i¼1

P Di ¼ð

Djm1:kÞ ¼ 1
Step 4: Infer the intended destination using the MAP estimate in (2)

The system repeats Steps 1 to 4 as long as it is operational.
In the next section, we outline a class of probabilistic models, dubbed destination

reverting models, that allow the sequential calculation of P m1:kjDi ¼ DIð Þ, for
i = 1, 2, …, N, using the available partial pointing trajectory at tk. The performance of
such predictors along with other benchmark methods is assessed in Sect. 4 using real
pointing data collected in an unperturbed environment, i.e. pointing at the in-vehicle
touchscreen whilst the car is stationary.
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3 Linear Destination Reverting Prediction Models

Destination-reverting-based predictors model the pointing gesture movements as a
stochastic process that is driven by the intended destination on the touchscreen; it has a
dominant endpoint-reverting term. The utilized stochastic differential equations capture
the salient features and characteristics of a pointing gesture, e.g. velocity profile. In this
approach, we assume that the observation mk at tk, is derived as a noisy measurement
from a true, but unknown, underlying pointing finger position ck ¼ xtk ytk ztk½ �T and
_ck ¼ _xtk _ytk _ztk½ �T is the true finger velocity vector; higher order motion dynamics such
as accelerations along each axis can be similarly represented. This true state is defined
by the following linear Gaussian dynamic model

si;k ¼ Fi;ksi;k�1 þ ji;k þ wk; i ¼ 1; 2; . . .;N ð5Þ

where si,k-1 and si,k are the hidden model state vectors at two consecutive time instants
tk-1 and tk. The state si,k can include the true pointing-finger location and other higher

order motion dynamics, e.g. si,k = ck or si;k ¼ cTk _cTk
� �T

. Whereas, Fi,k is the state
transition and κi,k is a time varying constant; both are with respect to the ith destination
Di. The Gaussian motion model dynamic noise is wk �N 0;Qkð Þ.

The state in (5) is dependent on the endpoint and thus N such models are created,
one for each nominal destination. The model that best matches the observed pointing
movements produces the highest probability of its endpoint Di being the intended
destination and vice versa. On the other hand, the linear observations model that relates
the hidden state to the measurements collected by the gesture-tracker is given by

mk ¼ Hksi;k þ nk ð6Þ

where Hk is the observation matrix and nk �N 0;Rkð Þ is the measurement noise.
Dimension of Hk depends on the dimensions of si,k.

Two such linear destination reverting models are described below:

– Mean Reverting Diffusion (MRD): models the pointing hand movement as being
attracted to the intended destination Di such that si,k = ck . This can be expressed in
continuous-time by

dsi;t ¼ K di � si;t
� �

dt þ rdwt; i ¼ 1; 2; . . .;N; ð7Þ

where K 2 R
3�3 and r are the reversion rate and noise variance matrices,

respectively. Whereas, wt is a Wiener process representing the dynamic noise.
– Equilibrium Reverting Velocity (ERV): models the pointing movement as

moving/heading towards destination with an attraction force that is proportional to
the distance away from the destination such that ct ¼ xt _xt yt _yt zt _zt½ �T . Each
endpoint has a gravitational-force-like field and the one that exerts the higher
attraction on the current position of the pointing finger is designated a higher
probability. The ERV model can be expressed by
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dsi;t ¼ C li � si;t
� �

dt þ ~rdŵt; i ¼ 1; 2; . . .;N; ð8Þ

where the mean is li ¼ dxi 0 dyi 0 dzi 0
� �T

and Γ = diag{Γx, Γy, Γz} represents the

reversion such that Cx ¼
0 �1
gx qx

� �
;Cy ¼

0 �1
gy qy

� �
and Cz ¼

0 �1
gz qz

� �
; gx; gy

and gz set the reversion strength along the corresponding axis. Each of ρx, ρy and ρz
is the damping factor in each direction, they are essential components in modelling
the pointing gesture velocity profile [8]. The model dynamic noise is set by ~r where
~wt is a Wiener process.

Upon integrating (7) and (8) over the time interval T ¼ ½t; t þ s� and then dis-
cretizing the outcome, both MRD and ERV can be represented by (5); each produce a
distinct expressions for Fi,k and κi,k (please refer to [8] for detailed derivations).

The linear destination reverting models can be implemented using a bank of
N Kalman filters, i.e. each Kalman filter is dedicated to a particular nominal destination.
The sought probabilities in (4) are calculated sequential with the arrival of new
observation mk at tk according to

P m1:kjDi ¼ DIð Þ ¼ P mkjm1:k�1;Di ¼ DIð Þ; . . .;P m2jm1;Di ¼ DIð Þ
� P m1jDi ¼ DIð Þ:

Thus, the Prediction Error Decomposition (PED), at tk, i.e. P(mk|m1:k-1, Di),
suffices to establish P m1:kjDi ¼ DIð Þ in (4). A pictorial representation of the Kalman
filter implementation is shown in Fig. 3; N such filters are needed to assess the like-
lihood of all the nominal destinations in D.

4 Experimental Results

In this section, we demonstrate the performance of the intent-aware touchscreen system
using 52 typical pointing tasks from 23 participants pointing at a touchscreen
mounted to the dashboard of a stationary vehicle, i.e. unperturbed environment.

Fig. 3. Kalman filter implementation for destination-reverting-based predictors [8, 9]. It
produces P mkjm1:k�1;Di ¼ DIð Þ for the endpoint Di and N such filters are used.
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The gesture-tracking sensor provides an observation every ≈ 20 ms. The layout of the
experimental GUI is identical to that shown in Fig. 1, with 21 nominal destinations
(less than 2 cm apart) simultaneously present. Each pointing task requires the partic-
ipant to point at a specified (highlighted) icon on the interface (i.e. the ground truth
intention is known). Sample trajectories (under 20 % of the overall tested ones) are
used to train the MRD and ERV models by choosing appropriate values for their
parameters, e.g. σ, Λ, Γ and ~r. These parameters are then used when applying the
methods to the remaining out of sample trajectories. The parameter training criterion is
the maximization of the model likelihood for the true destination in the training set.
This procedure is suitable for an operational on-line system where parameter training is
performed off-line. For example, a “training-stage” is introduced where the user is
asked to undertake a set of pointing tasks when using the system for the first time.

In addition to the destination reverting models, we examine the following
two benchmark methods that allow calculating P m1:kjDi ¼ DIð Þ; i ¼ 1; 2; . . .;N,
according to

– Nearest Neighbour (NN): measures the distance to the nearest neighbour and
allocates the highest probability to the icon closest to the pointing finger current
position. Therefore, P mkjDi ¼ DIð Þ ¼ N mkjdi; r2Ið Þ obeys a normal distribution
with a mean equal to the location of the ith nominal destination.

– Bearing (BA): measures the change of angle to the target, hence P mkjð
mk�1;Di ¼ DIÞ ¼ N hi;k; 0; r2I

� �
. It assumes that the intended item is along the

heading direction of the pointing finger, i.e. icons that are along the direction of
travel of the pointing finger are allocated higher probability and vice versa.

Prediction performance is assessed based on the ability of the algorithm to suc-
cessfully establish the true intended destination DI , i.e. the prediction success is S tkð Þ ¼
1 if true destination is predicted and S(tk) = 0 otherwise. Figure 4 displays the clas-
sification success versus the percentage of completed pointing time tp = 100 × tk/tT to
illustrates how early in the pointing gesture the predictor can correctly infer DI .
Whereas, Fig. 5 depicts the aggregate prediction success, i.e. proportion of the total
pointing gesture (in time) for which the algorithm correctly predicted the true endpoint.
It can be noticed from Fig. 4 that the proposed Bayesian algorithms can infer the
intended destination remarkably early in the pointing gesture. MRD and ERV notably
outperform the NN, especially in the first 15 %-70 % of the pointing task (in time). This
is the critical time period for which enabling pointing facilitation regimes can be most
effective. Destination prediction towards the end of the pointing gesture (e.g. in the last
third of the pointing time) has limited benefit, since by that stage the user has already
dedicated the necessary visual, cognitive and manual efforts to execute the task. For
example, the ERV model has a successful prediction rate two to three times that of NN
for tp ∊ [15, 40]%. The performance gap between the ERV and NN diminishes towards
the end of the pointing task as the pointing finger becomes inherently close to the
endpoint on the touchscreen. The equilibrium reverting velocity model consistently
outperforms the NN and BA. However, NN prediction success surpasses that of the
MRD algorithm for tp ≥ 65 %, after which changes in the pointing position become
minimal rendering the reverting effect in (7) ineffective. Additionally, the bearing angle
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performance drastically deteriorates with the increase of tp since the reliability of the
heading angle as a measure of intent declines as the pointing finger gets closer to the
touchscreen. In terms of overall prediction success, Fig. 5 demonstrates that the linear
destination reverting models deliver the highest overall correct predictions across the
pointing trajectories; ERV has the highest aggregate correct predictions exceeding
70 % of the pointing time. Both NN and BA deliver comparable performance.

In Fig. 6, we display the log uncertainty, e tkð Þ ¼ �log10 P Di ¼ DI jm1:kð Þð Þ as a
function of the pointing movement duration where Di is the true intended destination. It
should be noted that the inference success metric does not necessarily imply high
prediction certainty. Nonetheless, a reliable prediction will have e tkð Þ ! 0 as tk → tT.
This figure shows that the destination reverting models successfully predict the
pointing gesture endpoint with substantially higher confidence levels compared to

Fig. 4. Mean percentage of destination successful prediction as a function of tp.

Fig. 5. Gesture portion (in time) during which the correct destination is inferred.
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benchmark techniques for the majority of the trajectories. As intuitively expected, the
NN method, is highly uncertain early in the pointing task and its uncertainty e tkð Þ
decreases towards the end of the pointing task, i.e. as tk → tT. Nearest neighbour
prediction certainty inevitably becomes higher than that of the MRD and ERV methods
near tT as the pointing finger becomes very close to the endpoint dI.

Overall, the above results from real pointing data demonstrate the ability of the
proposed intent-aware displays to predict, remarkably early, the destination of a
pointing gesture. For example, in over 70 % of the cases, the ERV model can make
successful destination inference after only 30 % of the gesture, potentially reducing
pointing time and effort by 70 %.

5 Conclusions and Future Work

Intelligent intent-aware displays can notably expedite and simplify interacting with
touchscreens whose use is very prevalent nowadays, i.e. small improvements, in
pointing task efficiency, even reducing the pointing time by few milliseconds, will have
substantial aggregate benefits on the overall user experience. Such technology is par-
ticularly beneficial for users who are performing another primary safety critical task
whilst interacting with a touchscreen, e.g. vehicle drivers. The introduced Bayesian
framework constitute an effective approach to the endpoint inference problem where
various state-space models of the 3D pointing movement can be devised and any
known priors on the selection pattern-preference-frequency can be easily incorporated.

For scenarios where the user pointing gesture is mildly perturbed due to situational
impairments, the results of the N Kalman filters utilised in the destination-reverting-based
predictors can be combined to remove any unintentional noise-generated movements in
the pointing finger track as shown in [8]. Hence, the introduced inference methodology
combines the prediction and pointing trajectory online filtering or smoothing operations.

Fig. 6. Average log prediction uncertainty.
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However, this approach is not applicable to highly perturbed scenarios, e.g. using a
touchscreen in a mobile platform that is subject to high accelerations and/or vibrations.
The unintentional perturbations-generated pointing hand movements in such cases take
the form of jumps that cannot be captured by a linear model, see Fig. 2b. In [10], a
pre-processing stage is proposed to remove any perturbations generated movements in the
pointing trajectory using a variable rate particle filter [22] with a jump diffusion model.
The filtered pointing track is then utilised to achieve superior prediction results, i.e.
smoothing followed by prediction. Further work is currently being carried out to devise
novel sequential Monte Carlo filtering techniques that merge the filtering-smoothing
operation with the endpoint prediction for highly perturbed pointing tasks.

An important aspect of the intent-aware display system is the form of feedback
offered to the user based on the prediction results. As depicted in Fig. 1, the prediction
results are employed to alter the GUI on the touchscreen to assist the successful
selection of the intended destination. Various pointing facilitation techniques can be
applied, e.g. changing the sizes of the selectable GUI items depending on their like-
lihoods or selecting the most probable icon on behalf of the user (i.e. prior to the user
pointing finger reaching the touchscreen); many other assistive strategies exist in the
open literature. A full human trial is currently underway to identify the most effective
feedback scheme based on the impact of the intent-aware touchscreen concept on the
overall user experience in a number of usage cases.
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