




Figure 2: Signer marker setup.

who was monitored by another CSE expert during the pro-
cess. The dataset contains 36 weather forecasts. On av-
erage, each such forecast is 30 seconds long and contains
35 glosses. The dictionary contains 318 different glosses.
Those dictionary items are single utterances surrounded by
the posture with loose hands and arms (a rest pose) in order
not to be affected by any context.
Dataset processing is a very demanding work both in terms
of time and demands for expert annotation and MoCap data
postprocessing. MoCap data have to be processed in order
to ensure proper labeling of each marker and to fill even-
tual gaps in marker trajectories. The next step of MoCap
data processing is to solve the marker trajectories (Fig-
ure fig:MarkerSetup) to the form of the skeleton model
shown in Figure 5. Solving provides data in the angular
domain of each body part. Those data can be used directly
for the animation.
Another important step in the processing of the dataset is
the annotation of content. We used the well-known Elan
annotation tool for this purpose, see (Crasborn and Sloet-
jes, 2008). The reference video of data was used for the
annotation as it provides the possibility to annotate the data
without need of rendering the MoCap data but it lacks pre-
cision because of lower frame-rate (120 fps MoCap vs.
25 fps video). This annotation was made by the CSE native
signer. It contains time stamps dividing the data into dif-
ferent signs, transitions between signs and rest pose in one-
tier, see Figure 3. The aim of this annotation is to roughly
capture those moments of change and it will be used as

initialization for a data-driven segmentation/synthesis pro-
cess. Although annotation is still in progress, almost 80%
is already done.

Figure 3: Annotation in ELAN.

6. Data and Synthesis Evaluation
The best way and till now mostly used method for express-
ing the quality or comparing the similarity of two signs is
using subjective evaluating by SL native signers. However,
this evaluation is both time and human resources demand-
ing process and moreover usually more than one person is
needed for the subjectivity of the evaluation, see (Huener-
fauth et al., 2008).
The popularity of automatic and machine learning tech-
niques utilization for data-processing related tasks in-
creased in recent years. An objective criterion in the form
of a cost function is crucial for such techniques but it is
usually not trivial to choose one. The purpose of such a
function is not to replace the human evaluation of the syn-
thesis result, but to provide a proper cost function for ma-
chine learning techniques as they need fast evaluation dur-
ing training process.
The data provided by the MoCap recording are trajectories
of all markers. The advantage of such data is direct infor-
mation of the positions in the 3D space but the human body
topology (skeleton) may not be respected in such represen-
tation. On the other hand, angular trajectories of bones are
bound to the exact human body topology. The topology
of a signer is constant during the time. This can improve
the consistency of the data if signs from single signer are
compared. In both cases, one frame can be considered as a
vector of values and the duration of two similar utterances
can differ, although the meaning is the same. The signs and
utterances are the time-sequences of these vectors.
The usual metrics (among the others) for evaluating
difference/similarity between two single vectors p =
(p0, p1, ..., pi, ...pN ) and q = (q0, q1, ..., qi, ...qN ) of the
same length N are:

• Euclidean distance:

d =

√√√√ N∑
i=0

(qi − pi)2, (1)
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Figure 4: Marker setup (data visualization).

Figure 5: Model visualization.

• Root mean square error (RMSE):

d =

√∑N
i=0(pi − qi)2

N
, (2)

• Correlation coefficients (Corr):

d =

∑N
i=0(pi − p)(qi − q)√∑N

i=0(pi − p)2
∑N

i=0(qi − q)2
, (3)

where p and q are mean values of p and q respectively.

The time component of the data (the time-sequence of the
vectors) can be addressed by the following approaches.
One of them is a time alignment in the form of re-sampling
the time-sequence of two compared components to the
same length and then measure the distance. In (Sedmidub-
sky et al., 2018) they used normalization for motion data
comparison for query purposes in the form of the time axis
movement sequence normalization and Euclidean distance
for each motion.
Dynamic time warping (Berndt and Clifford, 1994) (DTW)
is commonly used algorithm for the time-series compari-
son. This method computes the best per frame alignment in
terms of the chosen distance. It provides us a possibility to
get minimal distance of two time-sequence with different
lengths, for example two utterances with different signing
pace. The computed DTW distance dDTW is a minimal
distance with the optimal time alignment of sequences p
and q, path describes the alignment of the vectors:

dDTW , path = DTW (p, q). (4)

We tested the DTW algorithm with the Euclidean distance
(1) for measuring a distance between two different signs
and between different instances of the same sign. We lim-
ited this test for the signs with meanings ”one”, ”two”,
”three”, ”four”, and ”five”, both from the dictionary and
the continuous signing and compared measured distances
between signs with the same meaning (different instance
of the same sign) and different signs (all instances of other
signs from the same test-set). The DTW distance was mea-
sured between two signs, the distance was normalized to the
vector size and the length of the DTW path, so the distance
is independent on the skeleton complexity and duration of
the sequence. The normalized DTW dnormDTW distance
is defined as:

dnormDTW =
dDTW

M ·N
, (5)

where M is the length of the path from DTW algorithm
and N is the number of channels of the data.

Sign distances [deg] distances [deg]
(same meaning) (different meaning)

”one” 0.84 - 1.79 2.49 - 8.67
”two” 0.45 - 1.29 2.49 - 7.08

”three” 1.18 2.54 - 5.80
”four” 0.33 - 0.85 3.24 - 8.67
”five” 0.33 - 0.85 2.49 - 7.78

Table 2: Normalized DTW distances between signs (hand-
shapes only).

The Euclidean distances of angular trajectories computed
using DTW are summarized in Tables 2 and 3 for hand-
shape only and for the whole body (hand included) respec-
tively. The tested signs (numbers from 1 to 5) were chosen
because they are very similar and differs only in the hand-
shape. The signs are compared to other instances with the
same meaning and to all instances of all different signs (e.g.
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Sign distances [deg] distances [deg]
(same meaning) (different meaning)

”one” 2.30 - 3.25 3.08 - 6.90
”two” 1.04 - 3.59 2.74 - 6.37

”three” 2.58 2.94 - 5.42
”four” 0.89 - 3.28 2.73 - 6.90
”five” 1.10 - 2.07 3.13 - 5.57

Table 3: Normalized DTW distances between signs (whole
body without face).

all instances with the meaning ”one” are compared to all
other instances with the same meaning and to all instances
with different meanings such as ”two”, ”three”, ...). Ac-
cording to the results in Table 3, using normalized DTW
distance for raw trajectories of the angular representation
seems to have the ability to objectively measure the differ-
ence between signs, because the distance is generally lower
for the signs with the same meaning than others.
In case of the hand-shapes (Table 2, there seems to be the
ability to not only measure the distances between signs with
the same meanings but also to distinct different signs com-
pletely.
We suggest some approaches to improve the evaluation of
distances calculated by DTW. We can use different weights
for the distance measure for different bones based on its
corresponding importance for the signs distinction. We
can also use trajectories of different body parts to compare
signs components separately. For example, compare hand-
shapes, palm orientation and location with their counter-
parts respectively to enable more precise modeling of SL
grammar such as classifiers, the co-occurrence of manual
and non-manual, etc.

7. Experiments
7.1. Methods
We propose the following baseline technique for the SL ut-
terance synthesis. The purpose of this baseline is not to
solve the synthesis problem itself but to provide a refer-
ence algorithm and performance for further developed and
more sophisticated techniques. We assemble the utterance
from dictionary item trajectories for each sign. Then we
compute trajectories of transition movement between these
signs. We set the fixed length for all transitions as the aver-
age length of all transitions in our dataset. We interpolated
the transition trajectory for each joint by the cubic spline.
For evaluation, we compared the synthesized utterance with
the utterance captured in the continuous signing by the nor-
malized DTW with Euclidean distance.

7.2. Results
We selected a pair of utterances that have more appearances
in the dataset in order to provide a comparison with a refer-
ence.

• Utterance 1: ”zima-hory-kolem” (literal translation:
cold-hills-approximately). Confusion matrix is shown
in Table 4

• Utterance 2: ”pocasi-zitra-bude” (literal translation:
weather-tomorrow-will be). Confusion matrix is
shown in Table 5

In confusion matrices (Tables 4 and 5), we can see the nor-
malized DTW distances of the synthesized utterance com-
pared to utterances with the same meaning that appear in
continuous signing. For reference, we added a comparison
with the utterance with other meaning.

synth appear1 appear2 appear3 other
synth 0 2.58 2.69 2.82 5.28
appear1 2.58 0 1.03 1.27 6.14
appear2 2.69 1.03 0 1.41 6.19
appear3 2.82 1.27 1.41 0 6.62
other 5.28 6.14 6.19 6.62 0

Table 4: Confusion matrix of normalized DTW distances
for utterance 1. Synthesised data (synth), compared with
real data (appear1-3) and other utterance with different
meaning.

synth appear1 appear2 appear3 other
synth 0 1.51 1.43 1.61 5.28
appear1 1.51 0 0.62 0.71 4.69
appear2 1.43 0.62 0 0.82 4.84
appear3 1.61 0.71 0.82 0 4.60
other 5.28 4.69 4.84 4.60 0

Table 5: Confusion matrix of normalized DTW distances
for utterance 2. Synthesised data (synth), compared with
real data (appear1-3) and other utterance with different
meaning.

The comparison of the normalized DTW distances shows
larger differences between synthesized utterance and ex-
amples from continuous data then among the continuous
data. We can also distinct different utterances from each
other. The difference between synthesized data and exam-
ples from continuous data can be caused by various reasons.
We try to explain some of those in the following discussion.

8. Discussion
There is a difference in the pacing and the method of sign-
ing for signs in the dictionary and the same signs in the
continuous signing. On average, the dictionary signs are
more than twice longer than signs from continuous signing.
The average duration of signs in our dataset is 0.81/0.38
seconds in dictionary/continuous signing. There are also
differences in signs that consist of repetitive moves. Usu-
ally, more repetitions are made in dictionary items than in
continuous signing. Those differences are insignificant in
human understanding of the sign but enlarge the measured
distance.
The transitions are synthesized with a constant length and
such an approximation does not correspond with the ob-
served reality. The cubic spline interpolation is also heavily
dependant on the annotation’s precise selection of the start
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and the end point and also does not respect the nature of the
human movement.

9. Conclusion
We presented a new 3D motion capture dataset of Czech
Sign Language (CSE), which we would like to share with
the community. Its main purpose is to provide the data for
further analysis and data-based automatic synthesis of CSE
utterances. The dataset was recorded using the state-of-the-
art motion capture technology to provide the most precise
trajectories of the motion. The size of the dataset and the
precision of tracked components are comparable to the best
existing datasets for other SLs. The dataset contains trajec-
tories of body, arms, hands and face markers recorded at
once in order to provide consistent data without the need
for the time alignment.
We introduced a baseline for the data-driven synthesis of
SL utterances and suggested a method for objective data
evaluation in the form of normalized DTW algorithm and
Euclidean distance.
In future work, we will focus on improving the quality of
the synthesis by using machine learning techniques and the
normalized DTW distance as an objective function. We
would also like to verify the correlation between objective
and subjective evaluations.
We also would like to further improve synthesis by adding
a non-manual property as well as other more complex SL
grammar concepts. This will require annotations in more
than one-tier. The additional annotation can be done in
semi-automatic or fully automatic mode. It will also be
beneficial to use multiple annotators on the same task to
eliminate human errors and improve the precision of an an-
notation.
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