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p(lk|l′k) is large if lk and l′k are similar and close to zero for
physically unrealistic cases, e.g. if the arm position changes
dramatically within only one frame. We automatically learn
a histogram representation of p(lk|l′k) ∝ p(lk − l′k) for each
part, using a signing sequence where the background is static
and the sleeves and the torso are of a different colour—for
such a setting our approach gives very reliable results with-
out the temporal term. Note that the motion model uses only
first order (velocity) information; in contrast to specific ac-
tions such as walking or golf swings studied in previous
work on pose estimation, the arm motion in sign language is
much less predictable hence more complex models are not
applicable.

Tracking the arms from frame to frame is greedy in the
sense that we maintain only a point estimate of the pose
rather than the full distribution over pose. This can poten-
tially result in losing track by propagating incorrect poses.
However, in practise this is not a problem since two distinc-
tive frames are seldom more than a few seconds apart. The
sustained human tracking method of Sheikh et al. (2008)
also demonstrates the success, and gives a fuller Kalman fil-
ter treatment, of combining first order motion models with a
distribution over pose detection.

5 Results

In this section we evaluate our method against ground truth,
and compare it to a method which employs detection and
tracking of the hands alone.

5.1 Datasets

All evaluations were performed using a continuous sequence
of 6,000 frames taken from BBC footage1 with challenging
image conditions and a changing background (see Fig. 1).
The corner of the image containing the signer was cropped
and down-sampled to 100 × 100 pixels. We concentrate on
the more difficult case where the signer has sleeves with
a similar colour to the torso—when the signer wears short
sleeves identification of the hand shape is difficult, but esti-
mating the pose of the arms is considerably simplified.

Ground truth was manually labelled for 296 randomly
chosen frames from this sequence. As shown in Fig. 14,
each image was manually segmented to give masks for torso,
head, upper and lower arms, and hands.

5.2 Overlap Measure

Quantitative evaluation was performed using an overlap
measure defined as o(T ,M) = T ∩M

T ∪M , where T is the ground

1Images and ground truth available at: http://www.robots.ox.ac.uk/~
vgg/data/sign_language/index.html.

Fig. 12 Overlap evaluation measure. The estimated pose is shown
in (a); (b)–(d) illustrate the overlap measure for the left upper arm. The
overlap between ground truth (b) and estimated segmentation (c) is de-
fined as the ratio of the intersection over the union (d). In this example,
the overlap is 0.63

Fig. 13 Qualitative accuracy as a function of overlap measure.
(a)–(d) show estimated poses for a range of overlap measures o. An
overlap of o = 1 implies perfect segmentation of the image into the left
arm, right arm and the hands. Note that the pose is qualitatively correct
for overlap measures exceeding around 0.2

truth segmentation and M the mask generated from an esti-
mated pose (see Fig. 12). We evaluate the overlap separately
for the left arm, the right arm and the hands. The overall
overlap is then defined as the mean over the overlap for each
body part. Note that this measure takes occlusions into ac-
count i.e. the overlap is high only if the model and the true
(not just the visible) area overlap.

We consider an overlap to be correct if it is ≥ 0.5, which
corresponds to a very good agreement with ground truth;
overlaps between 0.2 and 0.5 are considered to be partially
correct; and overlaps below 0.2 are considered incorrect.
Furthermore, we define the true arm configuration as the one
with highest overlap score, and consider an arm configura-
tion as close to the true configuration if their difference in
overlap is less than 0.1 (see Fig. 13 for examples).

5.3 Evaluation of the Complete Cost Function

As noted in Sect. 2 our approach uses a “complete” cost
function which explains all pixels of the image (both signer
and background). We first evaluate the effectiveness of the
cost function i.e. the correspondence between an accurate
estimated pose and low cost. Ideally, we would like to eval-
uate this by exhaustive evaluation over the parameter space
of both arms. Since this is computationally infeasible we il-
lustrate the correlation between cost and overall overlap by
fixing the right arm at the optimal position and evaluating
over the left arm. Figure 14 demonstrates the relationship
between cost and overlap with ground truth. Note the good
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