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Abstract
This study is a computer vision analysis of 4.5 hours of video data from 40 signers in the Swedish Sign Language
Corpus, aiming to evaluate the reliability of classifying 1) who the main signer is at any given time during dyadic
conversation, and 2) the dominant hand (i.e., handedness) of each signer. First, the distance moved by the hands of
each signer is used to compare the manual activity between a) the two signers to determine whose hands are more
active, and b) the hands of each signer to determine which hand is more likely to be dominant. Second, the height of
the hands is used to compare their prominence in signing space between a) the two signers to determine whose
hands are more prominent, and b) the hands of each signer to determine which hand is more likely to be dominant.
The results show that while both distance and height approaches can reliably classify — individually or combined — the
main signer in any segment of a conversation, the height approach is better at determining the overall handedness
(right- or left-dominant) of signers. For the handedness classification, the optimal method turns out to be a two-step ap-
proach, first classifying the main signer per segment, then using only signer-relevant segments to classify handedness.
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1. Introduction of signed conversation. Turn-taking practices have
been studied in several sign languages to date,

Signed language is produced through simultaneous ~ @nd concern the switching of the “main signer” in
movements of manual and non-manual articulators, @ conversation —i.e., a transfer of who holds the
of which the two hands are generally seen as the ~ floor — which may involve more or less overlap
main articulators of the lexical items (i.e., the signs).  Petween participants’ signing (Baker, 1977; Van
While the two hands are symmetrical articulators, Herreweghe, 2002; Groeber and Pochon-Berger,
most signers display some handedness-preference, ~ 2014; de Vos et al., 2015; Manrique and Enfield,
generally signing with either right or left hand as 2015; Ferrara, 2022). Conversational feedback
their more dominant hand (Papadatou-Pastou and  (backchanneling) may lead to overlap in signing,
Safar, 2016). The dominant hand is the one used ~ Whether by manual or non-manual means, with-
for most one-handed signs, and is the more active out necessarily involving a switch of main signer
hand in unbalanced two-handed signs, for which ~ (Mesch, 2016; Bauer et al., 2024; Borstell, 2024;
the other (non-dominant) hand acts as a place of Lutzenberger et al., 2024). Using a computer vision
articulation (Sandler, 1993; van der Hulst, 1996;  analysis of Swedish Sign Language (STS) conver-
Crasborn, 2011). However, in natural discourse, sational video data, Borstell (2024) demonstrated
the dominant hand can switch, a concept known as ~ that manual backchanneling — more specifically
dominance reversal. Dominance reversal can hap- ~ continuers, signals that encourage the conversa-
pen for multiple reasons, ranging from articulatory tional partner to proceed — are articulated lower in
ease to discourse and information structure (Cras-  Signing space and with less movement relative to
born and Safar, 2016). For instance, a hand may other signs. Borstell (2024) argued that these prop-
retain a fragment of a previous sign or establish a  ©rties may decrease visual prominence, signaling
referential anchor (known as buoys) to structure dis-  that the signing is not an attempt to claim the floor.
course (Liddell, 2003; Liddell et al., 2007; Nilsson, Borstell's (2024) study on continuer backchan-
2007; Kimmelman et al., 2016), which canalsolead  nels involved computer vision to analyze some
to dominance reversal (Crasborn and Safér, 2016).  phonetic properties of backchannels. The use of
While a signer’s hand dominance is often assumed  computer vision for processing sign language data
to be the same as their general handedness (right-  directly from videos has proven useful for analyz-
or left-handed), this is not always the case, and  ing phonetic and spatial properties of both manual
some signers may be referred to as mixed-handed,  (Ostling et al., 2018; Bérstell and Lepic, 2020) and
exhibiting a high degree of ambidexterity in their  non-manual articulation (Kimmelman et al., 2020;
signing (see Papadatou-Pastou and Safdr, 2016).  Bauer et al., 2024; Kuznetsova and Kimmelman,

Just as one of a signer's two hands may be  2024; Sargano et al., 2024). However, while signer
more dominant at a given point during signing, one  handedness has been estimated on the basis of
signer may be more dominant during some stretch  distance or velocity of hand movements as a pre-
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processing step for further analysis (e.g., Ostling
et al., 2018; Fragkiadakis et al., 2020; Fragkiadakis
and van der Putten, 2021; Akamine et al., 2026),
it is rarely evaluated in its own right. An excep-
tion to this is Bérstell (2023), who used computer
vision estimates of manual movement distances
to predict signers’ dominant hand from individual
dictionary sign videos, compared to their known
handedness in the lexical database metadata as
ground truth. Borstell (2023) reports around 80%
accuracy overall, although there were large dis-
crepancies between one-handed signs, which the
method predicted with high accuracy, and balanced
two-handed signs, in which both hands move in
a similar/symmetrical fashion, hence were much
more difficult to classify in terms of handedness.
In this study, | evaluate whether classification
of main signer and hand dominance can be done
accurately from conversational video data using
computer vision. The research questions are:

+ Using a computer vision analysis of Swedish
Sign Language (STS) dyadic, conversational
corpus video data, is it possible to determine

1. ...who the main signer is at a given time?
2. ...which hand is a signer’s dominant one?

2. Methodology

2.1. Data

For the goals of this study, 40 dyadic, conversa-
tional texts were sampled from the Swedish Sign
Language (STS) Corpus (see Oqyist et al., 2020).
The dataset used here consists of 80 MPEG video
files (Mesch et al., 2012), each showing the (slightly
angled) frontal view of each signer in the dyad,
as well as the accompanying EAF annotation files
(Mesch et al., 2014), all retrieved from The Lan-
guage Archive." The texts range from about 30
seconds to 8 minutes in duration (about 3.5 min-
utes on average), comprising over 2 hours and 15
minutes of conversation, or about 10% of the STS
Corpus. The texts were selected with two main
goals in mind: first, they should all involve both
signers engaging in signing; second, they should
cover as many signers as possible and involve dif-
ferent text types. From these criteria, two specific
tasks were selected: a) the presentation texts in
which each signer provides a short self-introduction
to their addressee; b) the elicited narratives in which
the signers retell short comic strips. Thus, each
text should have at least one switch of main signer,
and the texts include both free and narrative-type
conversation. There was comparative data avail-
able for 40 out of the 42 signers in the STS Corpus

"https://archive.mpi.nl/tla/
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(across 20 pairs of signers) for these texts, and
these were all selected to maximize signer diver-
sity. Table 1 shows the sampled signers and texts,
using the labels found in the corpus itself, with each
row representing a single pair of signers and their
associated texts.

Signer Text type
S1 S2 Presentation  Elicited narrative
S003 S004 SSLCO01 020 SSLC02 028
S005 S006 SSLCO01 040 SSLCO02 049
S007 S008 SSLCO01 060 SSLCO02 070
S009 SO010 SSLCO01_080 SSLC02 089
S011 S012 SSLCO01_100 SSLC02 117
S013 S014 SSLCO01_120 SSLC02 132
S015 S016 SSLCO01_140 SSLCO02 149
S017 S018 SSLCO01_160 SSLCO02 169
S019 S020 SSLCO01_180 SSLC02_ 190
S021 S022 SSLCO01_200 SSLC02 214
S023 S024 SSLCO01_220 SSLC02 229
S025 S026 SSLCO01 240 SSLC02 250
S027 S028 SSLCO01 260 SSLC02 275
S029 S030 SSLCO01 280 SSLC02 295
S031 S032 SSLCO01_300 SSLC02 310
S033 S034 SSLCO01_320 SSLC02 333
S035 S036 SSLCO01 340 SSLC02 352
S037 S038 SSLCO01 360 SSLCO02 372
S039 S040 SSLCO01 380 SSLCO02 394
S041 S042 SSLCO01 400 SSLCO02 411

Table 1: The sampled texts by signer pair and text
type with the STS Corpus signer and file labels.

2.2. Analysis

In total, 80 video files (40 signers x two texts),
about 4.5 hours in total duration, were analyzed us-
ing the MediaPipe pose estimation model (Lugaresi
et al., 2019). This model outputs coordinates of
33 landmarks of the body, shown in Figure 1. The
coordinates used for this study are the so-called
world landmarks, which reconstruct the landmark
coordinates in three-dimensional space, using the
middle of the person (around the hips) as the origin
to which all other landmarks are positioned (see
Figure 1). For the purposes of this study, the move-
ment of the hands in space was the relevant mea-
sure, and thus the landmarks for the wrist of each
hand (Figure 1) are used for measuring manual
activity. The reason for using the wrist rather than
finger landmarks is that the wrists tend to be more
visible and thereby have higher reliability for pose
estimation of the hands compared to the fingers.?

2In the current dataset, the visibility of the wrists (A =
.95; SD = .11) is indeed higher than that of the index
fingers (M = .91; SD = .13).
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Figure 1: The 33 landmarks in the MediaPipe pose
estimation model. The red circles mark the wrist
landmarks, used for calculating both distance and
height. The dashed red line indicates the vertical
origin of the pose estimation model coordinates.

The two objectives of this study were to evalu-
ate whether a computer vision analysis of sign lan-
guage conversations can identify 1) who the main
signer is at a given time in a conversation (i.e.,
the current main signer), and 2) which hand each
signer uses as their overall dominant one (i.e., the
handedness of each signer). The two approaches
to attempt such classifications use distance moved
by the hands and their height in signing space.

For the first approach, the distance moved by
the hands was calculated as the Euclidean dis-
tance between each wrist position across sequen-
tial frames.® Thus, when the coordinates of one
wrist in a frame are measured as (p1, p2, p3) and in
following frame as (q1, ¢2, g3), the distance moved
between those two frames can be calculated as:

a(p,a) = /(o1 — )% + (92 — @2)° + (s — a6)?

Distance was calculated across frames per text,
signer and wrist and then summarized across the
two hands per frame and signer, since the signer’s
handedness is unknown for this task and we do not
know which movements are actual signing (rather
than grooming/adjusting), nor which signs are one-
vs. two-handed (cf. Borstell, 2023).

For the second approach, the height of the hands
was calculated as the maximum and mean height,
across the two wrists of each signer.*

SApproximately .01% of MediaPipe pose estimation
frames had a (mostly single-frame) gap compared to
video frames. Due to the low frame-drop rate, gaps were
disregarded and frames were treated as consecutive.

*The y coordinates were inverted in the height cal-
culations, as MediaPipe outputs y coordinates that are
vertically inverted as per standard image processing.

44

In both approaches, texts were cut into 5-second
segments, resulting in many individual data points
per text. The 5-second duration was chosen some-
what arbitrarily, but estimated as a unit that should
span multiple signs but preferably not multiple turns
(see Borstell et al., 2024; Borstell, 2024). In the
classification of main signer, distance is taken as
the fotal across frames per segment and signer,
while height is taken as the maximum and mean
per segment and signer. Each segment is then
assigned a main signer for each method: distance,
maximum height and mean height, respectively.
Each method allowed for ties (i.e., no main signer),
although no such cases were ultimately observed.
In the classification of handedness, distance and
height are kept separate for each hand, and the
two hands are compared within each signer and
segment. For each segment, signers are assigned
a dominant hand for each method — distance, max-
imum height and mean height — allowing for ties,
although no such cases were observed. Signers
are ultimately classified based on the majority of
left-/right-predicted segments, defaulting to right-
handed in cases of equal prediction counts.

For the classification of main signer, the ground
truth was based on the number of sign glosses
produced by each signer for each text segment, la-
beling the signer with more signs as the main signer
of that segment. Segments in which both signers
had the same number of sign glosses (<1% of all
segments) were removed from further analysis. For
the classification of signer handedness, the ground
truth was given as the handedness label found in
the metadata files of the STS Corpus, which use
the labels right-, left- and mixed-handed. However,
three signers’ handedness were corrected before
applying the labels as ground truth. First, signers
S003 and S004 have erroneously had their handed-
ness swapped, which is obvious from observing the
video data as well as seeing that the annotation file
gloss tiers have the reverse hand dominance com-
pared to the metadata. That is, the annotation tiers
are correctly assigned, but the metadata files have
incorrect handedness labels for this pair of sign-
ers. Second, signer S037 is the only one labeled
as mixed-handed, but has been assigned a right-
handed status in the annotation files, in which the
dominant hand tier is the right hand. According to
Mesch and Wallin (2015, 109), dominant hand tiers
in the STS Corpus files were determined based on
the perceived dominant hand by annotators, which
in undecided cases defaulted to the right hand.

MediaPipe was run in Python v3.10.5. Data anal-
ysis was done with R v4.5.3 (R Core Team, 2026)
and tidyverse v2.0.0 (Wickham et al., 2019),
tidysigns v.0.2.2 (Boérstell, 2025), scales
v1.4.0 (Wickham et al., 2025), gt v1.3.0 (lannone
et al., 2026) and here v1.0.2 (Muller, 2025).



3. Results

3.1.

The first objective of this study was to classify the
main signer for each 5-second segment, using
the annotated sign glosses as the ground truth for
evaluation. Table 2 shows the accuracy of the ap-
proaches: distance vs. (max/mean) height.

Classifying Main Signer

Classification

Method correct incorrect
distance 1,573 (95.3%) 78 (4.7%)
height (max) 1,567 (94.9%) 84 (5.1%)
height (mean) 1,535 (93.0%) 116 (7.0%)
combined 1,600 (96.9%) 51 (3.1%)

Table 2: Accuracy of main signer classification
for each method by number of segments correctly
vs. incorrectly labeled (percentages in brackets).

Based on these results, both approaches ob-
tain a high degree of accuracy, with the distance
method performing the best (95.3% correct classi-
fications), slightly ahead of height, for which max-
imum height (94.9%) performs better than mean
height (93%). The influence of text type appears
insignificant, with the accuracy for the distance ap-
proach scoring equally well for both types, and the
height approach scoring similarly across text types
(max: presentation 95.1% and narrative 94.7%;
mean: presentation 94.1% and narrative 91.6%).

Looking at some individual texts to gauge po-
tential sources of error, it is clear that many incor-
rect classifications occur at turn-taking boundaries,
such as in the example from text SSLC01_020, visu-
alized in Figure 2. Determining who the main signer
is around natural turn-taking points in a conversa-
tion will obviously be difficult, as there may be over-
lapping signing and slightly different classifications
by different methods (e.g., a signer ending their
turn may still be signing more signs, but with low-
ered manual articulators). However, other issues
also exist, such as the text SSLC01_100, in which
a signer is classified as main by the mean height
method while having almost no manual activity, but
having both arms crossed on the chest, giving a
high average height despite not actively articulating
with the hands. Another case can be seen in the
text SSLCO1_180, in which a signer is being incor-
rectly labeled as main by the distance method, due
to several instances of self-grooming (e.g., face
scratching) or occasional manual backchannels,
thus creating sudden bursts of greater distances
moved by the hands from a rest position on the lap.

If the methods fail in different contexts and for
different reasons, a combined approach could be
more accurate. Indeed, combining the three meth-
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Figure 2: Classification of main signer by segment
in one text (SSLCO1_020). Segment colors show
main signer predictions by method. Black triangles
indicate segments with incorrect classification com-
pared to gloss dominance as ground truth.

ods together and classifying main signer based on
the majority label does increase the accuracy to
96.9%, higher than any individual method (see the
bottom row of Table 2).

Since the 5-second segment duration was some-
what arbitrary, different segment lengths were com-
pared in order to explore the effects of this parame-
ter setting on the classification. Figure 3 shows the
main signer prediction accuracy across methods
and the five different segment durations evaluated:
1, 2.5, 5, 7.5 and 10 seconds. As seen in Fig-
ure 3, the distance approach appears to increase
in accuracy when using slightly longer segment du-
rations, whereas the height approach may rather
benefit from shorter durations. However, it turns out
that the combined majority-rule approach across
methods actually performs optimally with the ini-
tial 5-second segment setting, perhaps as the best
trade-off across methods. Since it appears that the
initial 5-second segment length performs well, it
will be used throughout the analyses that follow.

3.2. Classifying Signer Handedness

The second objective of this study was to classify
each signer by their overall handedness, whether
they are mainly right- or left-dominant signers.
Here, the ground truth is the classification in the
STS Corpus metadata files, labeling each signer
as either right-handed (n = 35), left-handed (n =
4) or mixed-handed (n = 1). Upon visual inspec-
tion of the videos and annotation files, it is clear
that two signers in the same pair have had their
classifications swapped (S003 and S004) and that
the mixed-handed signer (S037) has been labeled
right-handed in the STS Corpus annotation struc-
ture (see Section 2.2). Thus, the handedness la-
bels used as ground truth include the corrected
classification of S003 and S004, and classifying
S037 as right-handed.

Since signs are annotated on separate tiers for
each hand in the STS Corpus, we can use the

5 thank an anonymous reviewer for this suggestion.
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Figure 3: Accuracy of main signer classification by
method and segment length. Shapes and colors
denote the method, with the combined approach
using majority rule across the three methods.

distribution of sign gloss annotations across tiers
as a frequency measure of handedness, labeling
whichever hand has more sign gloss annotations
as the dominant one for each signer. Using this
measure across all sampled texts, the classification
is 100% accurate, correctly predicting all 40 signers:
36 right-handed and 4 left-handed.

As for the computer vision approaches, signer
handedness was classified based on the major-
ity of 5-second segments in which one hand was
deemed the more active in terms of a) distance
moved, b) maximum height, and c) mean height.
For each method, if >50% of segments were
labeled right, the signer was classified as right-
handed, otherwise left-handed. All three meth-
ods correctly classify the four left-handed signers
as such, but incorrectly label a number of right-
handed signers as left-handed: distance (15/36
incorrect); maximum height (8/36 incorrect); mean
height (6/36 incorrect) — see classifications in Fig-
ure 4 and F-scores in Table 3. Thus, the height
approach is overall better than the distance ap-
proach, and using mean height performs slightly
better than using maximum height. Unlike the main
signer classification, a combined approach classify-
ing by majority rule across the three methods does
not outperform the best individual approach (see
the bottom row in Table 3).

Figure 5 shows the proportional right hand pref-
erence for each signer as calculated across seg-
ments for each method. As Figure 5 illustrates,
most signers are correctly classified, but seven
right-handed signers are incorrectly classified as
left-handed when basing the classification on ma-
jority rule. Itis noteworthy that signer S037, the only
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Figure 4: Predicted vs. actual handedness of sign-
ers (n = 40) by method.

F-score
Method balanced weighted
distance 0.54 0.70
height (max) 0.69 0.84
height (mean) 0.74 0.88
combined 0.71 0.86

Table 3: Performance of handedness classification
by method as balanced and weighted F-scores.

mixed-handed signer according to the metadata,
is classified as a left-handed signer, despite being
annotated as right-handed in the STS Corpus.
Looking at some of the misclassified signers’
sign gloss annotation frequencies, it becomes obvi-
ous that some (e.g., S021) are among the signers
with the fewest annotations in the dataset sampled
for this study. Since these computer vision meth-
ods are using the entire video files as data, it is
likely that much of the recording will be of the sign-
ers as addressees, with their hands mostly at rest,
apart from the occasional grooming or backchan-
neling (Mesch, 2016; Borstell, 2024). Thus, a two-
step approach was attempted, in which the best-
performing method for determining main signer (i.e.,
distance moved; see Section 3.1) is used to sub-
set the analyzed segments to only those in which
a signer is classified as the main signer — that is,
segments in which they are likely actively signing
— and these segments are subsequently used to
classify the signers’ handedness using the best-
performing method for determining handedness
(i.e., mean height). The classification in this two-
step approach turns out to be 100% accurate, with
all 40 signers being correctly classified according
to their known handedness. The classification for
each signer in this two-step approach is shown in
Figure 6, for which we can also see that signer
S037 — the one originally listed as mixed-handed
in the metadata — is the one closest to the midpoint
between right and left hand preference, whereas
all other misclassified right-handed signers (see
Figure 5) now show a clear right hand preference.
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Figure 5: Handedness preference across signers
according to the three methods: distance, height
(max) and height (mean). Colors show true hand-
edness (blue: right-handed; yellow: left-handed);
shapes represent the method. Xs (x) mark signers
classified incorrectly by majority rule.

4. Conclusions

This study set out to evaluate the applicability of
computer vision in determining 1) the main signer
at any given point in dyadic, conversational signing,
and 2) the dominant hand (or, preferential handed-
ness) of each signer in the dataset. While the sam-
pled dataset is small, it constitutes quite a substan-
tial portion of the entire STS Corpus (=~ 10%) and is
different among computer vision analyses by look-
ing at whole conversations rather than extracted
clips or individual sign videos — e.g., Bérstell (2023),
who also addressed hand dominance, but in indi-
vidual dictionary videos. Despite limited data, both
tasks turned out to be quite reliably solved, whether
through individual or combined approaches.
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Figure 6: Handedness preference across signers
according to the combined two-step approach in
which active signing is determined by distance, and
handedness is determined by mean height for ac-
tive signing segments only. Colors show true hand-
edness (blue: right-handed; yellow: left-handed).

For the main signer classification, both distance
moved by the hands and their height in space as
measures could reliably identify the correct signer
with high accuracy (=~ 95%). These approaches
could thus be used as a first-pass analysis of not-
yet-annotated sign language conversations, to get a
sense of conversational turn-taking patterns. They
could also be applied to already annotated sign
language datasets and corpora, as a way to spot in-
teractions or mismatches between manual annota-
tions and phonetic/visual prominence, and analyze
the connections between kinematics and grammat-
ical and conversational structure.

For the signer handedness classification, it
turned out that the distance and height approaches
both struggled to accurately identify all signers ac-
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cording to their known handedness. Since the
videos contain a lot of segments of manual inac-
tivity, there is a lot of noise in the data, which may
skew the metrics simply based on irrelevant fea-
tures, such as the choice of manual rest position
(e.g., on the lap vs. arms crossed). However, with
the high accuracy of the main signer classification
already established, a two-step approach could be
devised, in which only active signing segments are
identified by looking at the distance moved by the
hands, followed by an analysis of mean hand height
for these segments only. For this dataset, the accu-
racy of this two-step approach was 100%, correctly
classifying all 40 signers according to their known
hand dominance. Employing a handedness clas-
sification analysis could be used during the initial
stages of building a dataset or corpus, automati-
cally classifying handedness for signer metadata
purposes without first having to commit to manual
annotation work. Furthermore, even if sign gloss
annotations have already been added to the data,
or metadata about signers’ self-reported handed-
ness has been collected, an automated classifica-
tion of hand dominance could contribute to a more
gradient view of preferential handedness among
signers, categorizing signers as more or less right-
/left-dominant. Similarly, a hand dominance anal-
ysis could assist in locating relevant segments in
conversations involving dominance reversal or in-
teresting simultaneous use of the two hands.

5. Data Availability

Data and code for this study can be found at:
https://osf.io/3da27
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