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Abstract. It is desirable to automatically classify data samples for the
assessment of quantitative performance of users of haptic devices as the
haptic data volume may be much higher than is feasible to manually an-
notate. In this paper we compare the use of three k-metrics for automated
classifaction of human motion: cosine, extrinsic curvature and symmetric
centroid deviation. Such classification algorithms make predictions about
data attributes, whose quality we assess via three mathematical methods
of comparison: root mean square deviation, sensitivity error and entropy
correlation coefficient. Our assessment suggests that k-cosine might be
more promising at analysing haptic motion than our two other metrics.
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1 Introduction

The number of devices that interface between user and computer using differ-
ent sensory modalities are continuously increasing as is their applications, in-
cluding gaming entertainment, intelligent impairment assistance, and training.
Haptics enabled virtual reality simulators are becoming a key adjunct to tra-
ditional methods of surgical training, providing trainee surgeons with the ’feel’
of a procedure as well as its visual aspects by combining visual, haptic, and
auditory interfaces. Within our domain of interest there exist a number of visuo-
haptic simulators for temporal bone surgery [T2IBJABI6I7], which purport to
imitate real-world interactions between surgical instruments and temporal bone
anatomy whilst providing appropriate visuo-haptic feedback to surgical trainees.

Aside from developing simulations of surgical procedures, researchers have
also developed ways to evaluate trainee performance on these simulations [§].
The simulators by Sewell, Morris et.al. [2[9] produce a number of metrics that
facilitate evaluation of the trainee’s ability to remove the correct amount of bone
using the correct drilling tools and drill speed while drilling at a safe distance
from sensitive anatomical structures. However, we know of no prior work in
analysing haptic motion in the way we describe in this paper.
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In temporal bone surgery, the technique used to remove bone is to sweep the
surgical drill across the bone in a motion that is often referred to as a stroke. The
choice of stroke is critical to the success of a procedure. For example, an expert
will shorten their strokes as they drill in proximity of a sensitive anatomical
structure such as the facial nerve, and lengthen their strokes when they are
certain that are in an area in which they can work quickly.

This papers evaluates three methods for the automatic annotation of streams
of haptic data into strokes. It is organised as follows. In Section 2] we describe the
factorial design for our experiment and in SectionBlwe discuss the specific metrics
that we use to automatically annotate strokes. In Section [l we discuss several
methods to assess the predictive performance of our algorithms. In Section [l we
apply the metrics to ten data, assess the metrics, and present the results of this
comparison. Subsequently there is a brief discussion and conclusion.

2 Experimental Design

What exactly is a stroke? Our haptic tool constantly streams out positional
information, which is essentially a time series T of three dimensional points P:

T:{Pj:(mj7yj7zj)\j:172,37...7m}; (].)

where P; denotes a temporal neighbour of P;_; and Pji1, and (z;,y;, z;) is the
Cartesian coordinate of P;. We would consider the vector from P; to Pj41 to be a
micro-stroke. On the other hand, it is also possible to describe T as a set of subsets:

T= {Sz = {(xij,yij,zij)\j = 1,2,3,...,m}|i = 1,2,3,...,7?,} (2)

where S; is a stroke. As a sub-sequence of T it also has temporal relations to

other strokes; it follows stroke 5;_1 and precedes stroke S; ;1. To identify strokes,

we require a classification function F. (see Equation 3) for points.
0: P;eS; Py €S,

F.(Xp,) = T I 3

C( Pb) {1: Pj ESZ', Pj+1 €S¢+1} ( )

Given the unpredictability of the deterministic relationship between strokes, we
used two statistical thresholds for F,., STy = u+o (weak filter) and STy = pu+20
(strong filter), assuming a normal distribution [I0]. The reason that the param-
eter for Equation 3 is not simply P; is because an isolated point in 3D space
doesn’t contain enough information to determine to which stroke it belongs. So
we need an information-rich attribute Xp, for each P;; one which has been heav-
ily used in pattern recognition and artificial vision is high curvature [TT/I2]. We
chose to use a mature approach for measuring curvature known as k-cosine [13]
(still popular due to its simplicity [14]) and two other methods that are similar
in conception. The basic idea of this method is to take any point P; then pick
only two points, Pj_j, and Pj4 (k points away from P;). These three points are
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Fig. 1. Experimental Design

input to a boundary characterisation function Fj which produces the required
information-rich attribute Xp;:

Xp; = Fy(Pj—i, Pj, Pjyk) (4)

We use a factorial design (see Figure[Il) for our experiment. We input 10 data
sets (seven benchmark images and three realistic haptic data streams) which are
then processed by Fj (our three k-metrics, with and without moving average
[-k..k] ala [T5]), then filtered using F,. (statistical thresholding). The predictive
power of these automatic annotation algorithms is then analysed by several
methods of mathematical comparison with a manually constructed ground truth,
which we explore later in this paper.

3 K-Metrics

In this section we describe the three k-metrics for F}, we used in our investigation:
cosine (k-cos), extrinsic curvature (k-irad), and symmetric centroid deviation (k-
scd) (shown below for k=2)

k-cos k-irad k-sed

Since all of our methods were based on the general idea of k-cosine (k-cos),
we describe it first. In this method, the boundary characterisation function Fj
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is related to the cosine of the angle between the vectors (see Equation [l [16]).
The metric Xp, = 180 — 0. It accounts for point co-linearity: if P, = P. then
Xp, = 180, otherwise if P, lies directly between P, and P. then Xp, = 0.

T-9
)y 8

Our second method, k-extrinsic curvature (k-irad), does more than consider
the angle between three points - it also factors in the distance between the three
points. The so-called circumradius (see Equation [ [I7]) can be trivially calcu-
lated between any three points that are non-colinear as shown below (also for
k=2). The boundary characterisation function Fj is the extrinsic curvature (the
inverse of the radius). This method accounts for point co-linearity in a slightly
different way than k-cosine. If P, = P, then the radius is half the distance from
P, to Py, which is unbounded (as opposed to k-cosine). On the other hand, if P,
lies directly between P, and P, then the denominator of Equation [ is zero so
our algorithm uses an early check to set Xp, = 0.

cost) =

abc
Vie+b+e)b+ec—a)(ct+a—b)a+b—c) (6)

Our third metric, k-symmetric centroid deviation (k-scd), simply calculates
the centroid C} between P, and P, then Xp, is simply the distance between the
centroid and P, (see Equation[7]). This method accounts for co-linearity similarly
to k-extrinsic curvature. If P, = P. then Xp, is simply the distance from P, to
Py. Else if P, lies directly between P, and P, then C, = P, so Xp, = 0.

X = /(e —pi)? (7)
In this section we described the three basic boundary characterisation func-
tions Fj that will be investigated both with and without a moving average.

R:

4 Assessing Predictive Performance

Which of our six methods makes better predictions than another? There are
three popular mathematical methods for comparing predicted values with ob-
served values: root mean squared deviation (RMSD); true-positive ratios; and
mutual information measures. RMSD (see Equation[§) is a widely-used statistical
measure of the difference between values predicted by a model D and the nearest
values actually observed from the thing being modeled or estimated G [I§].

RMSD(D,G) = \/Z?:ﬂffi ~zai)? (8)

However, perspective differences exist, depending on the parameters of this
equation. For example, if the algorithm predicted every point as a stroke bound-
ary, the RMSD from the perspective of the ground truth would be zero, but from
the perspective of the prediction it would be very large. Thus we use:

e =max{RMSD(D,G), RMSD(G, D)} (9)
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RMSD is certainly a useful measure, a low RMSD means that predictions are
accurate. However a high RMSD is ambiguous; it can mean that predictions gen-
erally are bad, or that predictions generally are reasonable but can be skewed by
outliers. So, rather than just looking at averages, we considered other statistical
measures relating accurate to inaccurate predictions (e.g. Equation [a).

No. of true positives

" . 1
No. of true positives + No. of false negatives (10)

Sensitivity =
However we avoid such measures directly because they rely on choosing on a
distance e from the ground truth within which a prediction is considered true.
Instead, with Equation [[I] we calculate the maximum (e) between all ground
truth points and the corresponding closest data point which would give sensitiv-
ity = 1. Calculating the sensitivity error is the same as calculating the furthest
outlier which would impact the RMSD, so a low sensitivity error means greater
prediction stability.

Sensitivity Error = max{VGVD min{Ps(t) — Pp(t)}} (11)

Finally, there are several information-theoretic methods able to compare how
dependent G is on D considered as distributions. In the medical imaging lit-
erature a very popular method for comparing dependence is mutual informa-
tion [20], we prefer a related measure called entropy correlation coefficient (ECC)
[21] because ECC=0 means no dependence and ECC=1 means full dependence.
In order to construct ECC we first find the entropy of D and G singly (see
Equation 12), then find the joint entropy (see Equation 13).

H(D)=~-> pplog,pp (12)
D

H(D, G)=- Z Pp.c 10g2pD,G (13)
D.G

Subsequently, we create a ratio measure relating the single and joint entropies
called normalised mutual information (see Equation 14 [22]) then scale NMI into
the range 0 to 1.

NMI(D, ¢) =1 %7()5 %G) (14)
ECC(D, G)=2— NMI(2D7 G) (15)

Thus we have three methods for comparing algorithms, RMSD, sensitivity
error and entropy correlation co-efficient.

5 Results

We test our algorithms on two data sets (3D haptic and 2D benchmark) with
our six k-metrics: K is distance from point of interest and ST is filter strength.
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The haptic data set consists of three stroke types: fast (magnified), slow and
wavy (non-overlapping thus amenable to screen-grab).

RMSD S-Error ECC

Haptic K ST Mean StD Mean StD Mean StD

k-cos 6 1 1.378 0.656  5.333 2.517 0.259  0.255
k-cos (av) 8 2 1.403 0.6 7 3.606 0.293  0.285
k-scd 4 2 6.367 0.777 85 19.16  0.01 0.004
k-scd (av) 5 2 6.817 1.268 94 26.85 0.009  0.005
k-irad 3 2 1.707 1.005 12.67 15.14  0.098  0.086
k-irad(av) 8 2 1.706 0.455  9.667 9.292  0.249 0.171

The four columns below show: hand motion, ground truth, then two example
predictions made by the best performing methods for both data.

Haptic Path Manual k-scd(av)5,2 k-cos:6:1

The 2D benchmark data set consists of seven images used for testing corner
detection methods [I4]. These images were adapted to our temporal domain in
the following way. First, the images were morphologically eroded by one pixel to
shrink the original image I; by one pixel to make a new image I». Then I, was
subtracted from I; to produce the image outline I3. We then developed a simple
edge crawling algorithm to convert I3 into a time series of 2D points (which is
exactly the same as T from Section [l but all Z=0).
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The algorithm that made the best predictions of the haptic data on average
was k-cos, with a k value of 6 and a statistical threshold of p+ o, which produced
a good average RMSD of 1.378 and a competitive ECC of 0.255. Visual com-
parison of the manually constructed haptic ground truth with k-cos:6:1 shows
good face validity. With respect to the 2D benchmark images, k-cos:6:1 had com-
paratively poor face validity, often generating high numbers of false positives.
K-scd:4:2 and k-scd(av):5:2 both had low RMSD on the 2D benchmark images
(2.448 and 2.454 respectively), which we considered a tie. However k-scd(av):5:2
had a higher entropy correlation coefficient (0.475 as opposed to 0.408), so we
considered it to be superior in the 2D case. Visual comparison of the manually
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2D Outline Manual k-scd(av)5:2 k-cos:6:1
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constructed ground truth for the 2D benchmark images shows good face validity
for k-scd(av):5:2. Note that in this analysis we ranked RMSD above sensitivity
error and ECC because of the greater meaningfulness of the magnitude of this
single measure.

6 Conclusion

This paper presented and compared six k-metrics for classifying haptic data,
in our case, motion recorded from a user of a virtual drill in a haptic-enabled
temporal bone drilling simulation. OQur preliminary results suggested that k-cos
might be a competitive method for the automatic annotation of haptic motion in
terms of strokes. Thus, this metric seems well suited for implementation in haptic
simulations which require quantification of the relation between hand motion
and performance. However, other experimental results showed that k-symmetric
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centroid deviation was superior for the 2D benchmark images, thus perhaps for
other two dimensional and relatively smooth data like sound waveform sampling
and classification it would be preferable to use this method.

The ability to correctly identify strokes is beneficial for several reasons. Firstly,
it allows hypotheses about differences between experts and novices with respect
to stroke differences to be investigated within thousands of lines of haptic tool
tracking data which would be infeasible to annotate manually. If such differences
can be modelled, it should be possible to automatically assess surgical trainee
performance, both for giving trainees feedback (realtime and otherwise) and also
as part of a suite of trainee assessment tools.
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