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Abstract
Despite the rapid advances in Al and its impact on machine translation (MT), when it comes to sign language
(SL) processing and MT, there is a big bottleneck — the lack of substantial quantities of quality signed data
suitable for developing SLMT models. Marker-based motion capturing (MoCap) is a technique for tracing
and recording the body movements (including hands and figures) in 3D space with high precision and has
been widely used in SL research. MoCap data is of high representative accuracy, making it very suitable for
analysing movement patterns and articulatory features. However, it is also very complex — a recording of a
single sign may contain more than 240 entries over 156 features making it difficult for processing. In this paper
we analyse MoCap data aiming to understand which captured features are of high importance. Consecutively,
we optimise the MoCap data representation, reducing the number of features, and assess how this feature-
reduced data impacts sign classification task. We organise MoCap features based on their importance and
show how models trained on feature-reduced representations outperform those developed on the complete feature set.
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1. Introduction and background

The rapid technological and methodological ad-
vances in deep learning, and in Al in general, have
not only improved language modeling and machine
translation (MT), recognition of image, video and
audio signals, the synthesis of life-like 3D avatars,
etc., but have also led to the fusion of interdisci-
plinary research innovations. These advancements
have created a fruitful environment for impactful re-
search in the field of sign language processing and
translation. Initiatives such as the SignON ' and
EASIER 2 consortia, the sign language MT shared
tasks in the WMT conference (Muller et al., 2022;
Mdiller et al., 2023) and, in general, the growth of
number of publications in the field testify for this
trend. Despite this spur of activities, one significant
bottleneck remains. In particular, this bottleneck
is data — high volumes quality data are required
for training models of sufficient performance. Un-
fortunately, sign language (SL) data are scarce
and scattered making training MT systems for SLs
impractical. Furthermore, SL data have not been
collected with MT (and the underlying pipeline com-
ponents) in mind (Vandeghinste et al., 2024). This
challenge can be addressed by either collecting
new data and / or processing existing data to fit the
requirements of an MT (or LLM) framework.
When processing existing video data, it is com-
mon to use a pose estimator, such as OpenPose
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(Cao et al., 2018) or MediaPipe (Lugaresi et al.,
2019) for feature extraction. This facilitates the pro-
cessing of input videos by reducing the complexity
in the video stream, retaining information relevant
to the signer (Rastgoo et al., 2021). However, these
methods suffer from some limitations when it comes
to SL processing. First, they have limited capacities
with estimating depth and with occlusion. Second,
they are not specifically trained on SL data or de-
veloped for SL research use-cases. As De Coster
et al. (2023) shows, the lack of domain-specificity
leads to errors in the (recognition). Existing SL spe-
cific methods (e.g. Forte et al. (2023); lvashechkin
et al. (2023)) have a better ability to process SL
data, but still suffer from limitations related to depth
accuracy and occlusions (Andersen et al., 2025).
Pose estimators are an efficient solution to process-
ing existing data and despite their limitations they
do provide a mechanism to convert a signed video
into a numerical format that can be processed with
existing ML and DL tools.

However, when it comes to collecting new data,
an alternative to first recording video and then pro-
cessing the video data (with pose estimators) is
to use motion capturing. In recent years, data
collection via marker-based motion capture tech-
niques has gained increasing attention for SL lin-
guistics and SL technology purposes (Andersen
et al., 2025). Given their ability to provide fine-
grained 3D information, marker-based motion cap-
ture methods generate highly accurate representa-
tions of what is being signed. In addition, collecting
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data in a 3D setup prevents a number of limitations,
such as those concerning depth accuracy or occlu-
sions previously mentioned, especially when this
setup is tailored towards sign language production.
The recent work by Andersen et al. (2025) and
earlier work by JedliCka et al. (2020) present such
tailored setups outlining alternatives and highlight-
ing limitations and decision points.

Similar to those of pose estimators, MoCap data
are very elaborate — a sequence of spatial data in
3D, i.e. three numerical values for a keypoint, and a
number of keypoints for every captured frame, typi-
cally in a 120 frame-per-second recording. These
data are quite useful when it comes to sign lan-
guage synthesis, i.e. the task of generating an
artificial 3D signer (often referred to as avatar) that
can convey a signed utterance (Bernhard et al.,
2022; Jedlicka et al., 2020; Naert et al., 2020).

While the majority of work using MoCap data fo-
cuses on data-driven synthesis (Naert et al., 2020)
and (Bernhard et al., 2022; Jedli¢ka et al., 2020;
Naert et al., 2020), in this work we analyse the
MoCap data through the lens of sign language
recognition (SLR), the task of processing an input
video (containing a sign or a signed utterance) and
generating a format suitable for a specific down-
stream task. SLR is typically the first step in the
sign language machine translation pipeline (Shte-
rionov et al., 2024). We explore the structure of
MoCap data with the goal of identifying important
features and reducing complexity. MoCap gener-
ates highly detailed and close to realistic motion
data of a signer’s movements and articulations. By
analysing MoCap data, in contrast to video record-
ings (potentially processed with a pose estimator)
aiming at a better understand of which human fea-
tures have highest impact on classification of signs.

We analyse a dataset of 44 isolated signs, each
produced by 3 signers (i.e. a total of 132 signs).
The language is Sign Language of the Netherlands
(Nederlands Gebarentaal — NGT). These 44 signs
were selected because they capture the whole
phonological inventory of NGT. Our investigation
involves feature importance analysis and classifi-
cation of individual signs based on BioVision Hi-
erarchy (BVH) files. This format is widely used
for motion capturing data and for its usability with
avatar-generating softwares (e.g. Animics?®).

Feature importance analysis for sign language
has been previously conducted in the context of
signer identification (among others (Bigand et al.,
2020, 2021b)). Bigand et al. (2020) and 2021b
also employ classification (and use dimensionality
reduction) however their task differs from ours — we
aim at classification of signs rather than of singers.
Dimensionality reduction has also been used in
the context of spontaneous sign language decom-
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position into elementary movements Bigand et al.
(2021a); however, our work specifically looks into
the features native for MoCap and MediaPipe (ex-
pressed in BVH format) rather then of their principle
components.

2. Dataset Creation

The dataset we used is a newly recorded set of
44 signs from the Sign Language of the Nether-
lands (Nederlandse Gebarentaal, NGT). The data
collection took place as part of the CoCoS project
— small-scale project funded by Tilburg University
and executed in collaboration with the Nederlands
Gebarencentrum (NGT). Within this project, we or-
ganised a co-creative workshop which, among oth-
ers, allowed us to record MoCap data.* Three
people participated in the data collection — two fe-
male and one male participants; one of them with
a dominant left hand.

We used a setup with six OptiTrack Flex 13 mo-
tion capture cameras® to record full-body motion
data. All cameras were synchronised with the Opti-
Track Motive software® (version. 3.3). System cali-
bration was performed prior to the capture sessions
achieving <0.3 mm mean residual error. Reflective
markers (14 mm diameter) were placed on an Op-
tiTrack suit; these markers were distributed on the
anatomical regions of the upper body in accordance
to a standard rigidbody marker set, with particular
emphasis on wrists, elbows, shoulders, and torso.
Hand marker placement was in accordance with
the Manus Quantum Metaglove alignment.”

The captured data-three signers signing 44 in-
dividual signs-was exported in BVH format for
post-processing and analysis. Our data process-
ing code is available at: https://github.com/
dimitarshl/CoCoS_dataprocessing.

3. Experiments and results

We used the CoCoS MoCap data (Sec. 2) to train
various classifiers and to assess their performance.

3.1.

Our experiments aimed to assess the impact of
various features on the performance of various
temporal-spacial architectures on the task of
classification of signs based on inputs in BVH
format. The following model families were trained:

Objectives

*In a separate session we also recorded videos of the
same 44 signs to be used with a body / pose estimation
framework. For the scope of this paper, we only focus
on the MoCap data.

Shttps://optitrack.com
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LSTM, BIiLSTM, CNN1D, CNN+LSTM hybrid,
Transformer Encoder, Temporal Convolutional
Network (TCN), and Graph Convolutional Network
(GCN). In particular, we aim to answer the following
research question:

Which features are of high importance (for
MoCap-based inputs) and how they impact the
predictive performance of the models and how
they impact model performance?

3.2. Data preprocessing

The MoCap data from the three participants were
concatenated together to form a larger data set.
This raw data was organised at frame level as a tab-
ular feature matrix X, and a frame-wise label vector
y. To enable sequence-based models, the frame
stream was converted into fixed-length sequences
using a sliding-window segmentation approach.
Sequences were generated using a window length
of 60 frames and a stride of 20 frames. Formally:
X[ty : tx + 60, :] where ¢, € {0, 20,40, ...}.

Importantly, individual annotated sign segments
were not treated as single input sequences. In-
stead, the fixed-length sliding window was applied
over the continuous frame stream irrespective of
sign boundaries. Consequently, a single anno-
tated gesture could contribute to multiple overlap-
ping windows, and sliding windows may cross sign-
segment boundaries, including transitions among
different gestures or between gesture and non-
gesture frames. Therefore, for a given window
X[ti : tx + 60,:], the corresponding frame-level la-
bels y; may contain multiple class identities present
in the same window.

Because labels were available per frame, a
single class label had to be assigned to each
60-frame window. For each window, the final
sequence label was computed using a majority
vote over the 60 constituent frame labels: §(*) =
argmax. > " +°” 1[y; = c]. This choice gives prece-
dence to the class most dominant within the win-
dow and decreases sensitivity to short label noise
or transitional frames.

The resulting dataset of sequences (2248 x 60 x
156) was split into train (72.25% of all data), valida-
tion (12.75% of the data), and test (15%) segments.
This validation split was used for early stopping and
model selection.

For the dataset format, sequences were wrapped
in a PyTorch Dataset and loaded using DatalLoad-
ers with batch size 64. Shuffling was only enabled
for training to reduce ordering bias.

For graph-based models, the feature vector at
each time step was assumed to consist of concate-
nated joint coordinates, to ensure structural compat-
ibility, the feature dimension F' was required to be
divisible by the number of coordinate channels per

joint C, allowing inference of the number of joints
J = F/C. The input was therefore interpreted as a
structured tensor of shape T' x J x C.

A chain-structured adjacency matrix was con-
structed to define local spatial connectivity between
neighboring joints. This simplified topology yields a
computationally streamlined and reproducible base-
line graph setup.

3.3. Models and model setup

We experimented with the following architec-
tures and hyperparameters using the aforemen-
tioned same data preprocessing (see Section 3.2)
pipeline:

o LSTM: with input size = F, hidden size =
128, num layers = 1, cell = ”lstm”, and
bidirectional = False.

» BILSTM: identical to the LSTM configuration,
but with bidirectional = True.

* CNN1D: instantiated with n features = F and
num classes = C' (convolutional block details
follow the repository implementation).

* TCN: instantiated with n features = F and
num classes = C (dilation schedule, kernel
sizes, and residual block settings follow the
repository implementation).

» Transformer encoder: instantiated with
num classes = C' (number of heads, encoder
depth, and feed-forward dimensions follow the
repository implementation).

* CNN+LSTM hybrid: with input size = F,
cnn channels = (64, 128), Istm hidden = 128,
Istm layers = 1, and bidirectional = False.

* GCN: with num joints, coords per joint,
num classes = C, and adj matric =
adjacency_ full (graph layer configuration fol-
lows the repository implementation).

Training and evaluation settings are as follows:
the "Adam" optimizer from PyTorch, 5-fold cross-
validation, maximum epochs of 100, learning rate
10~3, and early stopping patience of 3 epochs with-
out validation improvement (Bergman et al., 2024;
Goodfellow et al., 2016). Cross-validation was used
to obtain a solid estimate of model performance
and reduce dependence on a single train/validation
split, given the small dataset. Early stopping was
applied to limit overfitting, given that overlapping
windows may increase sample similarity.

4. Results

4.1.

Table 1 shows the mean F1 scores on the valida-
tion set across the seven models, averaged over all

Model performance

122



cross-validation folds, For completeness, the post-
hoc test F1-scores on the held-out test set are also
reported for comparison, although model selection
was based exclusively on validation performance.
The TCN model achieved the highest performance
(best validation F1 = 0.605), followed by the Trans-
former model (best validation F1 = 0.558). The
recurrent models (LSTM, BiLSTM) and the con-
volution—recurrent hybrids performed significantly
worse.

Model Val F1 Test F1
TCN 0.605 0.632
Transformer  0.558 0.568
CNN1D 0.558 0.580
GCN 0.271 0.273
BILSTM 0.268 0.270
CNN+LSTM 0.268 0.270
LSTM 0.268 0.270

Table 1: Validation F1 (mean over folds) and Test
F1. Test score is reported post-hoc and was not
used for model selection.

In the final evaluation on the held-out test set,
the TCN achieved a test F1-score of 0.57 on the
tenth epoch, confirming its robustness and gener-
alizability of the model Figure 1.

To demonstrate the stability of the TCN model,
we also show the TCN’s training F1 score during
the different epochs in Figure 1. The model ex-
hibited consistent improvement in discriminative
performance (train F1 from 0.264 to 0.681 over
10 epochs), and the steady increase in training
F1-score indicates stable optimisation behaviour
across epochs.

Train FF

—_ Val FF e
o 03(|  Testir 7
8 Train RF
2 06 H Val. RF |
o
7]
L

Epoch

Figure 1: Post-hoc test F1 scores for the best model
trained on the full-feature (FF) set, and the reduced-
feature (RF) set.

4.2. Feature importance

According to Tsinganos et al. (2022), gesture dis-
crimination is mainly influenced by features related

to the forearm and hand. This is also shown in
our feature importance analysis of the TCN model
(Table 2). The 30 features with highest F1-score
drop are mainly associated with right-hand articu-
lators, particularly the right forearm and right hand.
Given that most of our participants has primarily a
dominant right hand, we assert that these results
should reflect this feature (hand dominance) rather
than be interpreted as absolute.

We assessed feature importance through a
model-agnostic permutation importance process.
After training, the baseline weighted F1-Score was
computed on a held-out set. For each feature, its
values were randomly permuted across samples
while preserving the temporal structure within each
sequence. The model was re-evaluated on the per-
muted data, and feature importance was defined as
the decrease in F1-score relative to the baseline.

This method measures the extent to which the
trained models rely on each feature for classifica-
tion. Because permutation was applied across sam-
ples, the analysis captures sequence-level discrim-
inative contribution rather than time-step-specific
saliency. To control computational cost, evaluation
was performed on a subset of the validation data.

Table 2 shows an F1 drop of 0.212 for
the RightForeArm_Zrotation (most sig-
nificant absolute reduction) to 0.100 for the
LeftForeArm Yrotation (list significant ab-
solute reduction). This reduction in performance
signals a notable degradation in classification
performance when temporal patterns were dis-
rupted. Left-sided joints (e.g., LeftThumb3,
LeftForeArm, LeftPinky?2) also contribute, but
overall feature importance is clearly dominated by
right-sided joints.®

5. Unsupervised Structure:
Clustering in PCA Space

To further examine the latent structure of the mo-
tion feature space, K-means clustering was per-
formed on PCA-reduced representations of the mo-
tion features. The optimal number of clusters was
determined using silhouette analysis. The silhou-
ette analysis indicated k& = 3, which produced the
highest average silhouette coefficient of 0.558 (Fig-
ure 2). Although this value reflects only moderate
cluster separability, these results show that signs
retain a low-dimensional structure that remains sep-
arable even in the absence of label supervision
(Rousseeuw, 1987).

8As noted above, 2 of our participants use their right
hand as dominant. We stress that as hand dominance
impacts signing, so would these results be impacted
in case the majority of our participants were left-hand-
dominant signers. This falls under our limitations and
opens the potential for future work.
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Feature idx Feature name F1drop F1perm mean F1 base
81 RightForeArm_Zrotation 0.212 0.504 0.716
84 RightHand_Zrotation 0.189 0.527 0.716
27 LeftHand_Zrotation 0.170 0.545 0.716
86 RightHand_Yrotation 0.154 0.562 0.716
82 RightForeArm_Xrotation 0.148 0.567 0.716
36 LeftHandThumb3_Zrotation 0.141 0.575 0.716
29 LeftHand_Yrotation 0.117 0.599 0.716
83 RightForeArm_Yrotation 0.116 0.600 0.716
24 LeftForeArm_Zrotation 0.102 0.614 0.716
26 LeftForeArm_Yrotation 0.100 0.616 0.716

Table 2: Top 10 Permutation-based feature importance ranked by F1 score drop for the TCN model.
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Figure 2: Silhouette score

Correlation matrices revealed very high correla-
tions (> 0.95) between anatomically adjacent joints,
including: RightHandRing2 X_rotation
and RightHandRing3_Xrotation;
LeftHandMiddle2_Xrotation and
LeftHandMiddle3 Xrotation as well as
Spine_Zrotation and Spinel_Zrotation.

This is expected in articulated-body motion cap-
ture: rotations of physically connected joints propa-
gate through the kinematic chain, creating mechan-
ical interdependence. This redundancy partially
explains why convolutional models, which leverage
local temporal and spatial coherence, outperform
recurrent models on this task.

6. Models with reduced feature set

By modifying the experimental arrangement to re-
duce the number of input features, the models were
retrained using only the 30 most influential features
identified through permutation importance. As re-
ported in Table 3, this feature reduction led to a
marked increase in validation F1-scores across
all evaluated architectures. For the TCN model,
the validation F1-score improved from 0.605 (see
Table 1) with the full 156-feature representation
to 0.936 using the reduced feature set (see Ta-

ble 3). This suggests that removing redundant or
less significant features may facilitate more suc-
cessful learning.

Because the feature ranking was derived prior to
splitting, these results may be optimistic owing to
potential information leakage; we therefore interpret
them as indicative rather than conclusive; we leave
the detailed analysis for future work.

Model Val F1 | Test F1
CNN+LSTM | 0.936 0.933
TCN 0.931 0.925
CNN1D 0.925 0.921
BILSTM 0.920 0.918
Transformer | 0.913 0.911
LSTM 0.906 0.904
GCN 0.823 0.807

Table 3: Validation F1-scores and Test F1. cross
deep learning architectures using top 30 features.
Test score is reported post-hoc and was not used
for model selection.

The superior performance of the Temporal Con-
volutional Network (TCN) compared to the other
evaluated architectures can be interpreted in light of
the structural properties of the motion capture data
and the modeling assumptions underlying each
architecture.

6.1. Temporal Convolutions and Local

Motion Structure

TCNs employ dilated temporal convolutions, which
allow the model to detect both short-range and
long-distance dependencies within sequential data
(Bai et al., 2018). Through stacked dilation lay-
ers, the receptive field increases exponentially, em-
powering the model to integrate information across
multiple temporal scales. In the context of sign
languages, this design is particularly relevant. In-
dividual signs consist of fine-grained articulatory
movements, such as finger and wrist rotations, em-
bedded inside broader motion trajectories of the
arm and upper body. The dilated convolutional
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structure may therefore facilitate the simultaneous
modeling of micro-level kinematic variations and
macro-level movement patterns.

Given the large dimensionality and arranged na-
ture of the BVH feature encoding, the convolutional
approach appears well-suited to capturing locally
coherent movement sequences while maintaining
sensitivity to longer temporal connections.

6.2. Limitations of Recurrent Models for
High-Dimensional Data

In contrast, recurrent models such as LSTMs and
BiLSTMs process each time step sequentially and
operate on flattened feature vectors. While recur-
rent models are intended to capture temporal con-
nections, they do not clearly incorporate spatial rela-
tionships among joints unless additional framework
constraints are introduced. Although CNN+LSTM
combines spatial feature extraction with tempo-
ral recurrence, the added architectural complex-
ity does not necessarily yield better generalization
when the temporal structure is already well cap-
tured by expanded convolutions (Jafari and Jafari,
2026). Prior work has shown that explicitly model-
ing skeletal topology can improve performance in
motion recognition tasks (Yan et al., 2018).

Furthermore, the comparatively lower perfor-
mance of recurrent models may be attributed to
their limited ability to exploit spatially structured cor-
relations among joint rotations. Given the strong
interdependencies observed between anatomically
adjacent joints, architectures that leverage local
feature coherence appear better suited to this rep-
resentation.

6.3. Transformer Performance and Data
Requirements

Transformer-based models rely on self-attention
modules to model long-range dependencies across
sequences (Vaswani et al., 2017). In principle, this
allows for flexible modeling of long-range interac-
tions between time steps. However, Transformers
benefit from large-scale training data to obtain ro-
bust focus patterns and minimise overfitting.

As shown in both Table 1 and Table 3, the Trans-
former achieved competitive but slightly lower per-
formance compared to the TCN. This may reflect
insufficient data for the attention mechanism to fully
exploit its modeling capacity; we ought to stress that
our dataset is relatively small and acknowledge the
need for further experimentation with a much larger
dataset. Nevertheless, the strong performance of
the Transformer suggests that attention-based ar-
chitectures remain an encouraging path for larger
motion capture datasets.

7. Analysis

Permutation importance evaluation showed that
perturbing right-hand rotational channels yielded
the largest decreases in weighted F1-score, indicat-
ing their central role in classification performance.
If we consider that two of the signers who were
recorded had their right hand as dominant, we
might see this finding as consistent with phono-
logical descriptions of sign languages, in which the
dominant hand typically carries the primary articula-
tory load (Brentari, 1998; Sandler and Lillo-Martin,
2012). However, at the current stage we cannot be
certain of the role played by signer’s handedness.
Further data collection and experiments should be
performed to test this hypothesis.While the present
study does not aim to validate linguistic theory, the
correspondence between model-derived feature
significance and phonological structure strength-
ens the understandability of the results.

Unsupervised clustering further supports this ob-
servation. The emergence of moderately separable
clusters in PCA-reduced space suggests that sign
instances retain structured organization even within
lower-dimensional representations. The fact that
the most influential PCA components correspond
predominantly to right-hand rotations reinforces the
importance of distal articulators in discriminating
signs.

7.1. Redundancy and correlated joint
movements

Correlation analysis showed very high correla-
tions between anatomically adjacent joints, com-
monly exceeding 0.95. This superfluity is consis-
tent with the mechanical dependencies intrinsic in
articulated-body kinematics. Rotational changes in
one segment of the kinematic chain naturally prop-
agate to connected segments, resulting in highly
correlated feature channels (Morasso, 2025).
From a machine learning perspective, such re-
dundancy increases feature dimensionality without
proportionally increasing discriminative information.
This phenomenon likely contributes to the compar-
atively lower performance recorded when models
are trained on the full 156-feature dataset. The
substantial performance increases observed in the
reduced-feature experiment suggest that excluding
redundant or weakly informative channels can sim-
plify the learning task and improve generalization.

7.2. Architectural implications

The comparative performance of the evaluated
models provides insight into how temporal-spatial
inductive biases interact with skeletal motion data.

The excellent performance of the TCN suggests
that convolutional modelling of time sequences is
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notably well-suited to motion-capture—based sign
classification. Dilated temporal convolutions al-
low the model to integrate fine-grained articulatory
movements with wider motion trajectories, while
preserving local integration in feature space. This
inductive bias appears advantageous in represen-
tations characterised by strong local correlations
and structured redundancy.

In contrast, recurrent models process flattened
feature vectors sequentially and do not explicitly en-
code spatial structure unless further mechanisms
are introduced. Given the high degree of inter-
joint correlation observed in the dataset, this lack
of overt spatial modelling may limit the effective-
ness of these models. Furthermore, LSTM (and
BIiLSTM) suffer from forgetting issues, especially
with long sequences. Recurrent neural networks
(RNNs) suffer from the vanishing gradient descent
problem; Long-short term memory (LSTM) units
were proposed to address the aforementioned for-
getting issue, however they still struggle with long
sequences. The work of (Bahdanau et al., 2015;
Luong et al., 2015) proposes the attention mecha-
nism for RNNs / LSMTs, reducing significantly the
forgetting issue in such networks. The observed
results suggest the presence of the forgetting issue
and, consecutively, that the encoded sequences
perhaps contain significant spatio-temporal varia-
tions.

Transformer-based models achieved competitive
performance, indicating that attention components
can successfully capture long-range dependencies
in motion sequences. Nevertheless, their slightly
lower performance relative to the TCN may reflect
the limited dataset size, as attention-based architec-
tures typically benefit from larger training corpora
(Abdullayeva and Alishzade, 2025).

8. Conclusions

This work investigated the role of feature impor-
tance in motion capture representations for deep
learning-based sign classification. Specifically, Bio-
Vision Hierarchy (BVH) motion-capture data where
evaluated across multiple temporal models, includ-
ing recurrent, convolutional, transformer-based, as
well as graph-based models. The objective was
to examine how feature saliency patterns relate to
model performance and to assess whether high-
dimensional skeletal representations are fully re-
quired for accurate sign recognition.

Taken together, the results show that motion-
capture representations of isolated signs contain
substantial structured redundancy, with distinctive
information concentrated in a relatively small sub-
set of distal articulatory features. This observation
suggests that extremely high-dimensional skeletal
representations may not be strictly indispensable

for effective sign classification. Instead, targeted
feature selection or structured dimensionality mini-
mization may improve computational effectiveness
while preserving, or even enhancing, predictive per-
formance. Furthermore, the comparative results
across architectures indicate that models that ex-
ploit local temporal—spatial coherence are particu-
larly well suited to BVH-based sign modeling.

Limitations and future work At the same time,
the aforementioned conclusions must be inter-
preted in light of the study’s limitations. The
small dataset consists (three participants signed
44 signs),?, a limited number of participants (only
3) and was collected under monitored conditions,
which restricts the generalizability of the find-
ings. Validation on larger and more diverse sign-
language corpora would be necessary to determine
whether the observed architectural advantages and
feature-importance patterns extend beyond the
present dataset. Forthcoming experiments should
includes a larger group of left-hand- and right-hand-
dominant signers to allow for the thorough investi-
gation of handedness. Furthermore, future studies
should include analyses of by-signer attributes to
get a more fine-grained understanding of feature
importance linked to individual signers.
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