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Abstract. Pointing tasks, for example to select an object in an interface, consti-
tute a significant part of human-computer interactions. This motivated several 
studies into techniques that facilitate the pointing task and improve its accuracy. 
In this paper, we introduce a number of intentionality prediction algorithms to 
determine the intended target a priori from partial cursor tracks. They yield 
notable reductions in the pointing time, aid effective selection assistance rou-
tines and enhance the overall pointing accuracy. A number of benchmark  
prediction models are also restated within a statistical framework and their 
probabilistic interpretation is utilised to calculate their corresponding outcomes. 
The relative performance of all considered predictors is assessed for point-click 
task data sets pertaining to both able-bodied and impaired users. Bayesian adap-
tive filtering is deployed to smooth highly perturbed mouse cursor tracks that 
are typically produced by motor impaired users undertaking a pointing task. 

Keywords: cursor movement, target assistance, intentionality prediction,  
Bayesian inference. 

1 Introduction 

With the proliferation of technological devices and their wide use in work as well as 
domestic environments, Human-Computer Interaction (HCI) became an integral part 
of modern life. Pointing at a target is a fundamental task in graphical user interfaces 
aimed at selecting buttons, menus, etc. Its reliability and accuracy is of a key impor-
tance for the design of effective user interfaces. This triggered an immense interest in 
techniques that facilitate the pointing task by reducing the cursor pointing time and 
improving its accuracy [1-14]. The problem is particularly challenging given the in-
creasingly diverse population of users, for example motion impaired or able-bodied 
users, elderly or young users and expert or non-expert users. Accordingly, some users 
can find the pointing task difficult or even overwhelming at times, especially the mo-
tor impaired. In this paper, we introduce probabilistic intentionality predicators to 
determine in advance the intended target from partial cursor movements in a 2-D set 
up. The sought objective is to ease and expedite the target selection process on a 
computer display. 
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The characteristics of the cursor movements have been examined in several studies 
and there is a long history of using Fitts’s Law to describe the pointing operation on a 
computer display and build models of targeting in HCI [1,3,4]. It stipulates that the 
targeting difficulty is determined by the Index of Difficulty (IoD), which is calculated 
based on the size of the target and its distance from the starting location. Additionally, 
the pointing duration can be correlated with the difficulty index. More recently, Kop-
per et al reported that the angular width of a target and the angular amplitude of the 
movement to the target better model the IoD [5, 6]. An easier and quicker target selec-
tion process can be achieved by deploying algorithms that can increase the target size, 
use larger cursor activation regions, move targets closer to the cursor location, drag 
cursor to the nearest target [7, 8, 9], etc. However, interactive systems typically dis-
play several selectable targets in close proximity. Their layouts have an ever increas-
ing complexity and the targets can have varying sizes and shapes. The inability of the 
previously mentioned pointing assistive algorithms to determine the intended target in 
such typical environments was highlighted in [7] as one of their key limitations. It is 
noted that any erroneous selection can demand additional cognitive as well as move-
ments abilities which can be overwhelming for some users. 

As an alternative, researchers have been exploring algorithms that reduce the point-
ing time and facilitate the selection process by dynamically predicting the intended 
target on the screen from partial pointing tracks. One of the first target prediction 
algorithms was proposed by Murata [10], it is dubbed the Bearing Angle (BA) tech-
nique. It is based on the premise that the selectable target with the minimum accumu-
lative angle deviation with respect to the partial cursor trajectory is the intended  
target. It was noted in [11] that BA performs poorly if more than one target is present 
in the cursor direction of travel, particularly when the cursor is far from the cluster of 
nominal targets. Previous results on the kinematics of pointing tasks were applied in 
[11] to show that the cursor movement peak velocity and the distance to the target are 
linearly related; the destination is accordingly predicted using linear regression. A 
more complex motion kinematics technique was proposed in [12] assuming a mini-
mum jerk law for pointing motion and fitting a quadratic function to partial trajectory 
to predict the endpoint(s). However, the cursor tracks for motor impaired users are 
highly nonlinear since they experience tremor, muscular spasms and weakness [13]. 
The trajectories exhibit a high level of perturbations with several stops and erratic 
jumps in rather random directions. This renders the regression-based approaches inef-
fective for motor impaired users.  In [14], a target predictor that is based on inverse 
optimal control within a machine learning framework was introduced. It leverages the 
maximum entropy variant to obtain the probabilities of the selectable target from a 
partial cursor trajectory via Bayes’ rule. The inverse-optimal-control method has a 
high computational cost compared to the considered methods here. It requires a sub-
stantial parameter training routine, e.g. learning the state-action costs, and imposes 
stringent constraints on the trajectories dynamics. 

In this paper, we evaluate a number of probabilistic intentionality prediction algo-
rithms that are characterized by simplicity and low computational complexity. They 
deliver notable improvements to the pointing process by predicting the correct target  
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from a small number of cursor movement points, for example 20% of the cursor track 
can suffice to make a correct prediction on the intended target. Bayesian state space 
filtering, namely Linear Kalman Filtering (LKF), is also deployed to smooth anomal-
ous cursor trajectories. Thus, for users with motor impairments, the substantial 
achieved reduction in the difficulty level of the pointing task can render an otherwise 
inaccessible applications accessible. Even small improvements on the efficiency of 
the target selection process, e.g. saving few milliseconds, can have significant aggre-
gate benefits given the prevalence of interactions through graphical user interfaces.  

The rest of the paper is organized as follows. In Section 2, the tackled problem is 
formulated and the considered probabilistic prediction framework is outlined. In Sec-
tion 3, a number of prediction models are described and their trade-offs highlighted. 
They are subsequently tested in Section 4 and conclusions are drawn in Section 5.  

2 Problem Formulation and Adopted Approach 

The tackled problem is predicting the intended target out of a set of  possible ones :  1,2, … , , from a partial cursor movement track : . The latter is defined 
by : , , … ,   where   denotes the recorded cursor 
coordinates along the x and y axes at time instant ;  is the transpose operation. 
Whereas,  is the total time duration it takes the user to select an item on the screen 
(for example starting at time 0 for simplicity) and the full cursor track is : . 
The locations of the selectable targets in the interface are known a priori where 

 is the position of the “ith” button. We note that the term target and 
button are used interchangeably in the reminder of the paper.  

The intentionality prediction problem is equivalent to calculating the maximum li-
kelihood or Maximum a Posteriori (MAP) for the set of  possible selectable buttons 
from : . It can be stated as  

         arg max, ,...,   |c :              (1) 

and  is the decided target at time . Let  be the time instant at which the 
intentionality prediction algorithm reaches a correct decision, i.e.  is the cor-
rect target such that .  

Following (1) and using Bayes’ rule the objective becomes calculating  

         |c : c : |         (2) 

for each of the selectable buttons. Assuming a uniform prior on all buttons, i.e. 1/  for 1,2, … , , determining (2) and thereby (1) depends solely on 
the likelihood probability c : | . In a general set up, distinct or weighted proba-
bilities can be allocated to each of the target buttons, e.g. based on the buttons layout 
or the user profile.  
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Algorithm 1. Probabilistic MAP Estimator 

Input: A partial cursor trajectory at time , , … ,   
Output: Intended target  
1. Smooth the anomalies in the last logged cursor trajectory; ̂  
2. Calculate the likelihood probability ̂ : |  for 1,2, . . . ,   given 

a chosen prediction model. 
3. Determine the posterior distribution | ̂ :  of the  selectable tar-

gets. 
4. Make a MAP choice using (1). 

 
In a given experiment, it might be desirable to utilise only the last  cursor posi-

tions, i.e. : , , … ,  and 0 , to determine . A 
sliding time window is applied to the data and the window width is a design parame-
ter. The adopted prediction approach at time instant  is depicted in Algorithm 1. It 
gives a generic framework encompassing the set of addressed predictors that model 

c : |  in Section 3. 
It is noted that a practical intentionality predictor should satisfy the following im-

portant requirements [14]: 

• Efficiency: low complexity makes the algorithm amenable to a real-time imple-
mentation. This is a critical factor for facilitating the pointing task in graphical user 
interfaces which are typically completed within a fraction of a second. Off-line 
computationally intensive algorithms that introduce high delays are not practical. 

• Case independent: the technique should be independent of the application, selec-
tions sequence, target layouts, etc. This is due to the fact that interfaces may signif-
icantly vary between different applications and contexts.  

• Adaptability: the nature of the pointing trajectory is greatly affected by the physi-
cal ability of the user, the input device accuracy, level of expertise or experience, 
etc. An intentionality predictor should be able to take such user capabilities into 
account. 

As it will be apparent in the following sections, the adopted approach and all its asso-
ciated algorithms fulfil the above requirements. Calculating the posterior probabilities 
for all the listed algorithms is straightforward and can be case independent. Addition-
ally, the level of performed data smoothing/filtering can be adapted to the user abili-
ties and the level of perturbations in the input data. 

Henceforth, various algorithms that allow calculating |c :  are tested on cur-
sor data collected for able and impaired users. The performance of these algorithms is 
measured in terms of the percentage of time during which the correct button is chosen 
by the applied predictor; the saving in the pointing time or duration is .  

3 Intentionality Prediction Algorithms 

Below, a number of algorithms that enable a MAP decision using (1) are described. 
The objective is achieving performance gains whilst maintaining simplicity and low 
computational complexity. 
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3.1 Nearest Neighbour (NN) 

This is a simple and intuitive model that relies on selecting the button that is closest to 
the current cursor position. It relies on measuring the distance between the position of 
the nominal buttons , , . . . ,  and  at time . It allocates the highest prob-
ability to the button with the smallest Euclidian distance . In a probabilistic 
framework, this can be expressed as 

  | | ,                              (3) 

where  is the covariance matrix. The observation vector  has a normal distri-
bution with a mean equal to that of the selectable target location in question and a 
fixed variance whose value is a design parameter. Assuming that the cursor move-
ments at various time instants are independent for simplicity, we reach 

c : | ∏ | .                        (4) 

For an equal prior on all the buttons, i.e. 1/ , then (4) suffices to determine 
the intentionality outcome as per (1) and (2); movements along the x and y axes are 
reasonably assumed to be independent. It is noted here that the choice of  does 
not alter the MAP outcome. 

3.2 Bearing Angle (BA) 

This algorithm is based on the fact that as the cursor is heading towards the target 
button, the cumulative angle between the direction of travel and the position of the 
target is minimal [10]. The bearing angle from two consecutive cursor positions with 
respect to a target can be assumed to be a random variable with zero mean and fixed 
variance. Hence we can write | , , 0,                                (5) 

where , , ,  is the velocity or heading vector. Op-
erator  ,  returns the angle between the vectors  from  using the dot prod-
uct definition in a Euclidean space. Equation (5) stipulates that a smaller ,  implies 
that the “ith” target is more probable; this reflects the rationale behind BA. It follows 
that                         |c : | ∏ | ,

c :                    (6) 
which incorporates the cumulative sum of the bearing angle depending on the chosen 
width of the applied time window.  

The probabilistic interpretation of BA illustrates that a confidence interval of a 
width set by  is formed along the direction of travel. It is a wedge-like region and 
any selectable target that falls within this region is assigned a relatively high probabil-
ity. With many selectable targets in close proximity from one another, the possibility 
that the BA model leading to an erroneous prediction is high as noted in [11].  
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Additionally, as the cursor approaches the true target, the angle ,  can become arbi-
trarily large leading to small likelihood probabilities and incorrect predictions. None-
theless, BA tends to make early correct decisions as the users tend to typically head 
towards the target in the early stages of the pointing task [6, 7]. 

3.3 Mean Reverting Diffusion (MRD) Model 

In a continuous-time, the MAP estimator is based on modeling the cursor movements 
as a bivariate Ornstein-Uhlenbeck process with a mean-reverting term. It is described 
by the following stochastic differential equation 

                (7) 

where  is a square matrix that sets the mean reversion rate to steer the evolution of 
the process,  is the mean,  is a square matrix that drives the process disper-
sion and  is a Wiener process [16]. By adopting the above mean reverting diffu-
sion model for the intentionality prediction problem, the mean to which the process 
should revert to is defined by the location of a selectable target . Hence,   
for the “ith” button and the target, which the cursor is drifting towards, is chosen. 

Since the cursor positions are available at discrete times, equations (7) should be 
discretised. Upon integrating (7) over ,  and then discretising the out-
come we obtain 

       , ,               (8) 

where ,  and ,  are the state vectors with respect to button  at the time in-
stants  and respectively. Whereas,  is the time step and  ,  is an additive Gaussian noise. Assuming that the cursor move-
ments along the x and y axis are independent, the  and  matrices become  
diagonal, i.e. ,   and , . It follows that the dis-
tribution of the conditional state is given by 

c |c , c , ,                                           9     
such that 

, ,                   (10) 

and                                                                        1 2  .                                         (11) 
The sought posterior probability is calculated for the MRD model via 

          |c : c , , ∏ c , ,
c :            (12) 
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similar to (6). The reversion rates and the diffusion noise are design parameters that 
can be tuned to a given data set. It can be noticed that if the pointing cursor is statio-
nary, the MRD MAP reverts to the nearest neighbour model.  

3.4 Composite (COM) 

The bearing angle model performs poorly when the cursor is moving very slowly 
since there is no well-defined direction of travel. A composite algorithm uses the BA 
model whenever the cursor is moving at a velocity that exceeds a certain threshold, 
i.e. , and switches to the MRD model whenever the cursor speed is below . Se-
lecting the threshold value  is a design parameter that requires setting prior to per-
forming the intentionality prediction. 

 

Fig. 1. Simplified block diagram of the LKF; ,  is Kalman gain 

3.5 Weighted Bearing with Distance (WBD) 

This model is motivated by the fact that as the cursor approaches the target the bear-
ing angle can take arbitrary values. On the other hand, the direction of travel tends to 
be a more reliable indication of the destination when the cursor is relatively far from 
the intended button [1, 5, 13]. Hence, the weighted bearing with distance model fuses 
the bearing and distance information where the likelihood probability for two consec-
utive cursor positions is given by                                               c |c , , 0,  κ Ω , .                              (13) 
Similar to the BA model, the divergence of the bearing from the position of  is 
defined by , , ; Ω , 1⁄  is the inverse of the Euclidian 
norm of distance between the cursor’s current position and the “ith” button. Hence, if 
the cursor is in close proximity to a possible target, bigger ,  values can be tole-
rated due to the resultant Ω ,  and vice versa. WBD can seamlessly circumvent the 
unreliable aspects of BA whilst harnessing its ability to predict the correct target in 
early stages of the pointing process. Similar to (6) and (12), |c :  of WBD 
can be calculated.  
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4 Linear Kalman Filter Based Smoothing 

Kalman filter is an adaptive Bayesian filtering approach that is widely used for track-
ing dynamic signals in real-time due to its robustness and low complexity. It is dep-
loyed here to remove involuntary cursor movements typically manifested by large 
deviations from a direct path between the start point and the target location. Such 
outliners are caused by motor disorders or situational impairments [13]. Based on 
several studies on pointing tasks in 2-D environments, e.g. [1, 5, 6, 13], it is reasona-
ble to represent the cursor voluntary movements by the nearly constant velocity mod-
el. Accordingly, the discretised state dynamics at the time instant  are defined by                                           (14) 

such that         ;   and   are the velocities along the x-y 
axis, 

, 10 1 ,  ,  
/3 /2/2  and   

is a zero mean bivariate additive white Gaussian noise of covariance . Design para-
meters  and  set the level of deviations from the constant velocity path; their 
units is speed2/time. The measured cursor positions are modelled as:   and 1  0 0  00  0 1  0  where ~ 0,  and ,  is the 

observation noise covariance matrix.  Given the Gaussian nature of  and  , 
linear Kalman filter depicted in Fig. 1 is the optimal filter in the minimum  mean 
squared error sense [15];  and  dictate the level of performed smoothing. The 

LKF output ̂     , which is the smoothed cursor location at time , is 
used in the adopted Algorithm 1. Additionally, the resulting smoothed velocity vector ̂   ̂  can be used for the BA, COM and WBD models. Fig. 2 shows two 
cursor tracks for a severely motor impaired user with notable tremor attempting two 
selections on the interface. The effectiveness of the LKF-based-smoothing is clearly 
demonstrated in the figure. 

5 Experiments 

The considered prediction models are tested on two data sets pertaining to: 1) user 1 is 
able bodied and 2) user 2 is severely motor impaired suffering from notable tremor 
(see the tracks in Fig. 2). They undertook selection tasks similar to the ISO 9241 with 
multiple distractors on the screen with a typical layout shown in Fig. 3. Users click 
the button at the centre of the screen Fig. 3a and then the target button appears with 
other distractors Fig. 3b. The performance of the adopted model is assessed in terms 
of the percentage of time the predicator makes a correct decision from a partial cursor 
track, i.e. the accuracy of the prediction. It is noted that at every observation time, e.g. 

, the predictive model uses the available track (e.g. : ) and does not assume  
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 (a) 

 

(b) 

Fig. 2. Two raw and smoothed cursor tracks for a severely impaired user. Start point is the 
black solid circle, target 1 is the dotted blue circle and target 2 is the solid green circle. 

knowledge of how much of the entire trajectory, i.e. : , has been completed. Table 
I exhibits the performance of the considered prediction models with and without the 
LKF smoother for the two participants. The various design parameters, e.g. , , 

, ,  and κ   are obtained from Monte Carlo simulations. This is 
feasible since each model has a maximum of two parameters that alter its MAP out-
come. Design parameters that yield the highest percentage of correct predictions are 
selected.  
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It can be noticed from Table 1 that the performance of the examined predictors are 
drastically affected by the high level of perturbations present in the motor impaired 
cursor tracks (for example see Fig. 2). Nevertheless, the introduced MRD-based pre-
dictor outperforms other methods whereas the WBD and COM models bring notable 
benefits compared to the conventional NN and BA models. With the adopted predic-
tion algorithms, the system can correctly anticipate the target with over 60% accura-
cy, i.e. the pointing time can be potentially reduced by 60% for able-bodied users. 
The achieve gains for the motor impaired user is also significant, particularly after 
introducing the LKF-based smoother. For example, without the filtering operation  
all the evaluated predictors perform very poorly for the motor-impaired user given the 
typical sudden sharp jerks and jumps in the processed trajectories, i.e. neither distant 
nor heading can give an indication of the intentionality. After introducing LKF, the 
success rate of the predictors improves remarkably. With the able-bodied user, the 
LKF has marginal impact on the intentionality prediction results due to the smooth 
nature of the treated cursor tracks in such cases. 

 

 
                      (a)                                      (b) 

Fig. 3. An example of an ISO task. Red circle is the start point and green circle is the target. 

Table 1. Map Estimator Results for Raw and Smoothed Cursor Pointing Trajectories 

 Proportion of Time Correctly Predicting the Target (%)   

Subject NN BA MRD WBD COM 
Able-bodied 53.1 31.2 61.8 45.13 56.19 

Motor impaired 15.3 4.3 18.6 16.4 14.8 

Subject LKF-NN LKF-BA LKF-MRD LKF-WBD LKF-COM 
Able-bodied 53.3 34.7 62.1 47.3 57.9 

Motor impaired 38.4 28.3 44.1 38.8 39.7 
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6 Conclusions 

The adopted probabilistic intentionality prediction approach delivers significant re-
ductions in the pointing durations alleviating difficulties experienced by impaired 
users. This can be particularly beneficial for assistive interfaces by providing visual 
feedback, e.g. highlighting predicted target(s) or magnifying them, increasing the 
movement gain, even making a decision on the user’s behalf, etc. The simple Kalman 
filtering approach is shown to effectively smooth highly perturbed cursor trajectories. 
This study sets a probabilistic framework and serves as an impetus to further research 
into more advanced Bayesian filtering algorithms that can better stabilise the pointing 
movements for irregular position measurements and highly non-linear cursor move-
ment models, e.g. sequential Monte Carlo techniques [17]. Additionally, devising 
more elaborate models that incorporate the target position (similar to MRD) can be 
highly beneficial since the filtering operation can produce the sought posterior proba-
bilities, i.e. circumvent the need to separate the smoother from the predictor. 
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