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ABSTRACT 5
O
We propose a novel probabilistic inference approach that per- ® .«é‘*%%ﬁ 0
mits predicting, well in advance, the intended destination of 0 0O O"’“ex‘x
a pointing gesture aimed at selecting an icon on an in-vehicle o 09 % X (X4, V1,021,
interactive display. It models the partial 3D pointing track as oo ¢ *
a Markov bridge terminating at a nominal destination. The — X o (X1, V1, 21)

solution introduced leads to a low-complexity Kalman-filter-
type implementation and is applicable in other areas in which

early detection of the destination of a tracked object is bene- N v

ficial. Data collected in an instrumented vehicle illustrate that —— Sy

the proposed technigue can infer the intent notably early in Predicti < Ponting Data_| X
z

the pointing gesture. This can drastically reduce the pointing
task time and visual-cognitive-manual attention required.

Likelihoods

Fig. 1. System block diagram with a complete pointing track

Index Terms— human computer interactions, intent in- (qotted line) to select the highlighted GUI ica; > ;.
ference, Kalman filter, bridging distributions.

of the observed partial pointing trajectory being drawn from
a particular bridge, the probability of each possible destina-

tion is evaluated. A gesture tracking sensor, e.g. Leap Motion

Interactive displays such as touqhscreer)s are becoming an Q_—M) [6], is used to produce the 3D track of the pointing fin-
tegrated part of the modern vehicle environment due to thel : Lot . o .
ger as depicted in Fig. 1. This system is instrumented in a car

ability to present large quantities of data associated with In: . ;
Vehicle Infotainment Systems (IVIS) [1, 2, 3]. They are alsoto collect data that is used to demonstrate the effectiveness

A S of the inference method. It is noted that in other application
easy to use via instinctive pointing gestures. However, us:-

) . ) o . eas, such as surveillance and defence, establishing the des-
ing such displays entails dedicating a considerable amount . . -

. . : L .._TInation of a tracked object (or the likelihoods of several pos-
attention that would otherwise be available for driving, with

serious safety implications [4, 5]. Additionally, due to driv- sible destinations) can be valuable since it constrains the tar-

ing or road conditions the user input can be highly perturbe et trajectory and/or offers information on intent or possible

. . . ! hreats [7, 8, 9]. Thus, the proposed framework is applicable
leading to erroneous selections, which compromises the sys- " .

. : X ) outside the Human Computer Interactions (HCI) area.
tem usability and results in further distractions.

In this paper, we propose a Bayesian intent inference ap-
proach that allows prediction, early in the pointing gesture, 2. PROBLEM STATEMENT AND RELATED WORK
of the intended destination on an in-vehicle interactive dis- . . L
play. This can significantly reduce pointing time and effort, -€t {Di: L= 1,2, N} be th? set ofV nominal destlna.tlon's, .
Here, the pointing track is modelled as one of several Marko§-9: GU! icons on an in-vehicle touchscreen. The objective is

bridges, each incorporating one of the possible destination!? dtermine the probability of each of these items being the

e.g. selectable icons on a GUI displayed on a touchscreelfitendeddestination/ OZ a pointing gesture, given a series of
The path of the pointing finger, albeit random, must end at thé& mea;uremenftsnlzk :,{ml’ M2; s m’“g "2; to calculate
intended destination, i.e. it follows a bridge distribution fromP( =@ | mux) foreachi = 1,2, ..., N. Thek™ observation

A~ ~ A~ / . . . . .
its start point to the destination. By determining the likelihood”* = [t Ju 21, attimet, is the pointing finger 3D co-
ordinates recorded by a gesture-tracker. It is derived from a

This work is supported by Jaguar Land Rover (JLR), Whitley, UK. true, but unknown, underlying finger positiep; its velocity
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978-1-4673-6997-8/15/$31.00 ©2015 IEEE 5585 ICASSP 2015



at timet;, is notated ag;. The most probable intended des- Henceforth, we assumgl = i) = 1/N, although any avail-
tination att, is given by the Maximuna Posterioriestimate  able priors can easily be used. The objective, then, is to estim-

i = arg max p(I =34 | ml:k)- (1) ate the integraJAi = fp (ml;k | ST = b,) p(T | 1= Z) dT
=1,2,...,N for each of thelV possible destinations. A simple quadrature
With 7" being the total duration of the pointing task, the intentapproximation of4; is given by
inference at; can reduce the pointing time [y — ¢. N s iy
The benefits of inferring the intended item on a GUI early Ai ~ ;p(mm [ sm, = b)p(Tn [T = DAz, (3)
in a pointing task are widely recognised in HCI, e.g. [10, 11, .
12, 13, 14, 15]. Most existing prediction algorithms focusWhereATn = Tn — Ty and th.eT." are quadrature_ pomts,
on pointing via a mouse in a 2D set-up. They aim to reducédeally chosen to cover the r.“?lo”ty of the probability mass
the pointing time and enable a facilitation strategy such alll (T | I = 4). More sophisticated quadrature or Monte-
increasing item size, adjusting activation area, etc. In [16],Carlo estimates could also be employed. Here, we assume

2D-based predictors are shown to be unsuitable, or comput‘L:{UiformIy arrival time§ prigrs within a time windpw determ-
tionally demanding, for 3D pointing. For instance, the Iinear-!m':'d from the completion time of 57 collected pointing tracks,

regression methods in [13, 14] assume that the the destinatidff- p(T | I = i) ~ U(a,b). For simplicity, the finger velo-

is always located along the path followed by the pointing ob Sty vi at the destination is assumed to be zero forialh

ject, which is rarely true in pointing gestures [16]. An intent More reaIisFic_formuIatiop is to integrate over possible values
inference approach that models the pointing movement as%{ vi, but this is not considered here.

Mean Reverting Diffusion (MRD) process was introduced in . .

[16, 17]. The technique proposed in this paper delivers su3-1. Motion and Observation Models

perior prediction results and is robust against changes in thgy state of the user's fingey, = |

¢, ¢’ at timety, is as-

model parameters, unlike the MRD-based method. sumed to follow the linear Gaussian motion model
Several destination-aware tracking algorithms exist, e.qg.
[7, 8, 9], where a conventional tracker estimates the target sk = Frsp—1 +ex 4)

statefollowed by an inference filter to determine its destina-yith ¢, ~ A/ (0, Q). This general form permits many useful

tion. In[9], the monitored spatial area is discretized and a grignotion models, the simplest of which is the (near) constant
of regions is defined. The tracked object can pass through a fjz|ocity model, which is the solution of the continuous-time
nite number of the predefined zones. In the 3D pointing tasksiochastic differential equation

considered here, hand movement is free and there are infin- .

ite possible paths to the destination, making discretization a ds, = [03 13] sydt + {03} dW,

burdensome task. Instead, in this paper we introduce a simple 03 03 o

low-complexity technique that does not impose trajectoriesvheredWV, is the instantaneous change of a standard Brownian

the user’s hand or any tracked object ought to follow. motion at timet, 05 is a3 x 3 zero matrix I3 is a3 x 3 identity
matrix and0j is a3 x 1 zero vector. The correspondirig,
3. PROPOSED BRIDGING MODEL and@Q; matrices in equation (4) are given By, = M(Ay)

andQr = R(Ag), where the time stef\, = tx — tx_1
The location of the tracked object, i.e. the pointing finger-(which can vary, allowing asynchronous observations), and
tip, at the end of the pointing task is that of the intended I, pl 131, 1p2]
destinationD;. The hidden state of the pointing finger-tip M (p) = {03 13] ,  R(p)=o° {? 213 2 I 3} , (5)
at timeT (i.e. at the end of the pointing task) is given by 8o Pl P
st = [ ]’ = by whereer andér are the true finger pos- With o setting thg motion model state 'Fransition nois_e level.
ition and velocity afl’ respectivelyh; = [, v!]’ such thab; The movements in the, y andz dimensions are considered

denotes the known location of thé& GUI icon in 3D andy; 0 be independent from one another.

is the finger velocity upon contact with the destination. Thus, ~OPServations are assumed to be a linear function of the
the probability ofD; being the intended destination is current system state with additive Gaussian noise, such that

1

P = i | ma) o plma | T = plI = i) e = M ©
A with n, ~ N (0,V}). For the LM pointing finger-tip data,
=p(I =1i) [ p(maix | sr =b)p(T | I =14)dT, (2) we haveH, = [Is 03] for all k, since LM sensor makes
direct (noisy) observations of the true finger positign It is
sincep(my. | sT = Ei) =p(mix | I =4,T);T isunknown. noted that other motion models suitable for intent inference
The priorsp(I = i), i = 1,2,..., N, in (2) are independ- that could be utilised in this framework. Those include the
ent of the current trajectony.;.;, and can be learnt from con- destination-reverting models in [16] and the linear portion of

textual information such as selection history, GUI design, etcthe perturbation removal model in [18].
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3.2. Hidden State and Likelihood Evaluation whereuy, = ,u;;JrKk(yk—Hku;), Y= (IG—Kka)E’,g and

Ky = SiH) (H,X3H], + Vi)~'. This can also be seen by

analogy with the ‘correct’ step of the Kalman filter [19] noting

thatp(si | m1.x, s7) x N (my; Hesw, Vi) N (sk; i, Xf)-
Together with the standard KF, the above predict and cor-

Without conditioning information, the distribution of the hid-
den states;, given observations:,.; in equations (4) and (6)
can be calculated by a standard Kalman Filter (KF) as per

p(se | mig) =N (Sk;/t;’iﬂ, Zm) ’ rect steps allow the congiitional distribution of finger posfiFion
to be calculated at the time of each observation, conditional
with (using the ‘correct’ step of the Kalman filter), on the destination and arrival time. It remains to calculate

KF KF KF k
Wy = MUpp_ —|—Kk.(mk.—Hk,u _ ) (7) .

],z::k Hle KE Hlk plmyg | I=4,T) = [[p(mi | maa,s7) (15)
2k‘|k = (I — Kka)ka—l (8) =1

Ky = SipHj (sz;fk_lH,; 4+ Vk) , where it can be shown that

Here,uklk_1 andX, , _, are derived from the inferred system p(my, | my.x_1,57) = /p(mk | sk)p(sk | mik—1,s7)dsk
distribution att — 1, given by the prediction step of the KF:

= N (my; Hypy,, He X3 Hy) - (16)
#Erkq = Fk#ziukq ) N | o g g o
This is equivalent to the prediction error decomposition in the
EEEH = Fk2z51|k71FIQ+Qk~ (10) q D P

KF [19]. Note that if likelihood calculation is the objective of
Whenk = 1, these quantities are given by the priors, so thafiltering, the corrective step in equation (14) is not required.
M'leO = Liprior andz'leO = Yprior. They represent prior know- Using the likelihood in equation (15), the probability of
ledge of track start position, i.e(s1) ~ N (prior, Sprior)- each nominal destination can be evaluated via equations (2)

In order to condition on the system state at the destinatioAnd (3) upon arrival of a new observation. Algorithm 1 gives

arrival time, sz, it is necessary to evaluate the dengity; | @ Sequential implementation of the proposeethod.
sy ) for the current tracked object state (and arrival time). Fot
motion models derived from continuous-time processes, suchlgorithm 1 Sequential Inteninference
as the near constant velocity model used here, this is possibleSetL;" = 1 for all i (targets) T, (end times)
by direct integration of the motion model (which is possible in  for (each observatior) = 1, ..., kmax do
the linear time-invariant Gaussian case). For the near constant for (each possible destination)= 1...V do

(In the following calculationssz,, = [b; v;])
p(st | sk) = N (s7; Mgsk, Ry) , — Calculateuy), ,, X, via equations (9), (10)

— Calculate and stor;ef"’}c, 4/ via equations (7) and (8)
— Calculateu, "™, ;""" via equations (12), (13)
— Calculate likelihood using equation (15):

L™ = L N (s Hip " Hy S )

whereM;, = M (T —t) andRy, = R(T —t;,) from equation
(5), andT —t,, is the time step between thd" andt;, ™ obser-
vations. Alternatively, forward or backward recursions can be
formed in terms offy., andQs., which can be used with

end for
discrete models without a continuous-time interpretation. Approximate integration oveF via equation (3):
Subsequently, the conditionadedictivedistribution ofs;, Ly = S mmex L0 (T = Tl T = i) (T — Tre1)
given thek — 1 observations and the intended destination Let P} = Li x p(I = 1)
(which specifiesr) can be shown to reduce to end for
- Calculate target probabilitieg(I = i | mi..) ~ Pi/s, B}
p(sk | mig—1,57) = N (si; 13, 2fp) (11) end for '
pho= pgge1 + Kii(s7 — Mipgge—1), (12)
o= (e — K Mu)Sf, - (13) 4. RESULTS
« -1
Kp = Zpe-1My (M//czklkflMl/f + Rk) : Here, we assess the performance of the proposed Bridging

This can be seen by analogy to the ‘correct’ step of the Stampistributions (BD) predictor for 57 pointing tracks collected
ard Kalman filter [19]. in an instrumented car driven over various road types. The

data pertains to four passengers undertaking pointing tasks
to select highlighted GUI icons displayed on the in-vehicle
touchscreen. The layout of the GUI is similar to that in Fig. 1
p(sk | mik, sT) = N (sk; g, L) (14)  with 21 selectable circular icons that are less than 2 cm apart.

By taking the latest observation into account, toerec-
tion stage (taking account ofi;) can be shown to be
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Fig. 2. Mean percentage of destination successful prediction. Fig. 4. Average log prediction uncertainty.

Fig. 2 shows that the introduced bridging-distributions-
based inference achieves the earliest successful intent predic-
tions. This is particularly visible in the first 75% of the point-
ing gesture where notable reductions in the pointing time can
be achieved and pointing facilitation regimes can be most ef-
fective. The performance gap between the various predict-
ors diminishes towards the end of the pointing task. An ex-
ception is the BA model where the reliability of the heading
angle as a measure of intent declines as the the pointing finger
gets closer to the target [16]. Fig. 3 shows that the BD ap-
proach delivers the highest overall correct predictions across
The predictor performance is evaluated in terms of its abiliN€ Pointing trajectories (NN and BA performances are sim-
ity to successfully establish the intended icowia the MAP  1ar OVer the relatively large data set considered).
estimator in (2), i.e. how early in the pointing gesture the pre- "19-  illustrates that the proposed BD model makes cor-

dictor assigns the highest probability to the intended GUI icof€Ct Predictions with significantly higher confidence through-
1. This is depicted in Fig. 2 against the percentage of comout the pointing task, compared to other methods. Overall,

pleted pointing gesture (in time) and averaged over all point_'-:igs' 2,3and 4.demonstr§1te that the BD inference apprqach
ing tasks considered. Fig. 3 shows the proportion of the totdptrqduced' p'red|cts, well in advance,othg intent of an n-
pointing gesture (in time) for which the predictors correctly VENicle pointing gesture, e.g. only 20% into the gesture in

established the intended destination. To represent the level §p% ©f cases, which can reduce pointing time/effort by 80%.
average prediction uncertainty, Fig. 4 displays the mean of the

=N W H DN O
o O O O o

o o o o o

Average Correct Predictions (%)

NN BA MRD BD

Fig. 3. Gesture portion (in time) with successful prediction.

uncertainty metric given by(t;,) = —log,op (I =i|my.) 5. CONCLUSION
wherei is the true intended destination; it is expected that
9(ty) — 0 ast, — T for a reliable predictor. This paper introduces a novel framework for low-complexity,

In addition to the MRD model in [16], the Nearest Neigh- eliable intent inference. The early prediction of tracked
bour (NN) and Bearing Angle (BA) benchmark methods arePbiect (pointing finger) destination, can notably reduce the
also examined. In the former, tH; closest to the point- Pointing time and attention required to interact with in-vehicle
ing finger position is assigned the highest probability andlisplays. As display interaction becomes increasingly preval-
vice versa; i.e. p (mg|I =i) = N (my;b;,0%y) Where ent in modern vehicles, small improvements in pointing task

o2 is the covariance of the multivariate normal distribu- €fficiency such as reducing the pointing time by a few milli-
tion. In BA, P (my|my_1,1 =) = N (gk;O’U%A) where Seconds V|a|mpr_oved prediction quality, will he}ve substan_thl
O, = Z (mx — my_1,b;) is the angle to target anef, , is a aggregat.e benefits and enhanc_e safety, especially for a driving
design parameter. It assumes that the cumulative angle to thg€r- This study serves as an impetus to further research and
intended destination should be minimal. To ensure fair com@@lls for a full experimental study to identify pointing facilit-
parisons, design parameters that produce the best predicti§Hon techniques that best leverage the prediction results and
performance for the considered models are applied. quantify the benefits on the overall user experience/safety.
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