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Abstract

Sign Language Recognition (SLR) is a critical component of human-machine interaction,
enabling more inclusive technologies for the deaf and hard-of-hearing community. However,
current datasets often suffer from data sparsity and a bias toward right-handed signs. To
support this effort, we present Signdall, a dataset for Spanish Sign Language (LSE), specif-
ically designed for Isolated Sign Language Recognition (ISLR). The dataset is composed
of 7,756 high-resolution RGB video recordings and their corresponding skeletal keypoints,
covering 24 signs related to daily activities, more specifically a vocabulary centered in the
catering field. Unlike sparse lexicons, Sign4all adopts a high-density approach, providing
an average of 323 samples per sign to facilitate data-intensive deep learning models. More-
over, the dataset provides a handedness balance, with equal representation of left- and
right-handed signs for every sign to support handedness invariance. Each sample was man-
ually segmented, temporally normalized and preprocessed through spatial normalization to
guarantee consistency and compatibility with different deep learning pipelines. Technical
validation using Transformer and skeletal models demonstrates the dataset’s integrity and
the need of providing pre-computed augmentation splits. All data is formatted in widely
supported file types (AVI for video, HDF5 for keypoints), enabling direct use in machine
learning frameworks such as TensorFlow or PyTorch.

Background & Summary

Automatic speech recognition has substantially enhanced human-machine interaction through
applications such as text reading for visually impaired users, home appliance control via voice
commands or translations between spoken languages. However, these advances do not directly
benefit sign languages, where linguistic information is transmitted using the visual channel via
positions, orientations and movements of the hands and body [1]. Consequently, research in Sign
Language Recognition (SLR) relies on image and sequence processing. The use of high-quality
datasets is crucial for advancing in SLR by providing the necessary data to develop and evaluate
different deep learning models. Diverse datasets for different sign languages allow improvement
in the generalization capabilities of the models, making the systems more robust to real-world
scenarios. Moreover, sign languages show structural and linguistic differences depending on
whether the aim is to analyze isolated signs or continuous conversation. According to this
objective, it is necessary to use different recognition models and datasets. In this sense, there
are two main SLR paradigms: Continuous Sign Language Recognition (CSLR) and Isolated Sign
Language Recognition (ISLR) [2, 3].

CSLR focuses on recognizing signs within a continuous sequence, often involving large
datasets of natural signing with sentence-level annotations. Some well-known CSLR datasets
in the literature include RWTH-PHOENIX-Weather 2014 (and its extended version 2014T) for
German Sign Language (DGS) [4, 5], which compiles broadcast weather reports over several



years, and How2Sign [6] for American Sign Language (ASL), featuring nearly 80 hours of multi-
camera 2D and depth recordings from How2 dataset [7], a collection of instructional YouTube
videos. Another example is CSL-Daily, which comprises around 20,000 high-resolution videos
annotated at sentence and gloss levels for Chinese Sign Language (CSL) regarding people’s daily
lives (e.g., shopping, travel, medical care) [8], creating a vocabulary of 2,000 signs. However,
while these datasets are fundamental for translation tasks, they introduce complexities related
to co-articulation (where the beginning and end of a sign are modified by adjacent signs) which
obscure the clear phonological boundaries required for the precise validation of ISLR architec-
tures. [6, 9]

Consequently, ISLR focuses on recognizing signs performed one by one. However, the current
landscape of ISLR datasets suffers from a significant trade-off between vocabulary size and sam-
ple density. While large-scale datasets offer extensive lexicons, they frequently suffer from data
sparsity. For instance, WLASL [10] comprises 2,000 signs but averages only 10.5 samples per
sign. Similarly, ASL-LEX [11, 12| includes 2,723 frequently used signs but typically provides one
single exemplar, and MS-ASL [13] despite featuring a lexicon of 1,000 signs collected from social
media averages only 25.5 samples per sign. Even the recently introduced National CSL-DP [14]
which features an extensive vocabulary of 6,707 signs for Chinese Sign Language, provides only
10 samples per sign using the frontal view camera. This data sparsity is insufficient for train-
ing robust deep learning models that need to generalize across intra-class variations without
overfitting.

Furthermore, datasets that achieve high sample counts, such as ASL Alphabet [15], MNIST
ASL [16] or ASLAD-190k [17]| use static images rather than video sequences. This limitation
fails to capture the temporal dynamics and movement parameters essential for distinguishing
complex signs. Additionally, most state-of-the-art datasets do not incorporate left-handed sign-
ers or they do in small portions like AUTSL [18] (2 left-handed out of 43 participants) or
ChicagoFSWilds [19] (7.15% samples are left-handed), failing to account this variations in their
datasets. Other datasets in languages such as Greek Sign Language (GSL) [3], Nepali Sign
Language (NSL) [20], Indian Sign Language (ISL) [21] or Arabic Sign Language (ArSL) [22, 23]
are constrained by challenging resolutions, low samples per sign or a lack of precise manual
segmentation. Thus, a gap remains for high-resolution video-based ISLR datasets that provide
sufficient sample depth and handedness diversity for fine-grained motion analysis.

Despite the variety and scale of available SLR datasets, Spanish Sign Language (LSE) re-
mains underrepresented in publicly accessible corpora, a notable gap considering that it is the
third most used sign language in the European Union [24, 25, 26, 27]. An example of a current
LSE dataset is LSE-Uvigo, proposed by Docio-Fernandez et al. [28]. They introduced a multi-
source LSE dataset (RGB at 1920x1080 and depth at 512x424, both 30 fps) for 40 isolated
signs and 40 continuous sentences but with only 43 repetitions per sign; however, this dataset
is not publicly available. In addition, the authors do not specify the exact vocabulary included
in the isolated signs nor in the continuous sentences.

Additionally, Docio-Fernandez et al. proposed another LSE dataset, LSE-eSaude  UVIGO [29],
in the ECCV 2022 ChalLearn Sign Spotting Challenge. This dataset consists of Continuous Sign
Language videos in the health domain, 100 signs annotated within full sentences with a variable
amount of repetitions per sign, meaning that the repetitions are small for some instances and
the dataset is imbalanced. The recordings were captured with an RGB camera with a 1080 x 720
resolution at 25 fps. Unlike LSE-Uwvigo, this dataset is focused on real-world continuous signing
scenarios, facilitating CSLR research. In this case, the authors specified the vocabulary, which
is composed of the following words divided by grammatical categories:

e Prepositions: from (a-partir-de), against (contra), inside (dentro), until (hasta)
e Determiners and adverbs: some (alguno), no (no), other (otro)

e Nouns: artery (arteria), sugar (azicar), case (caso), certificate (certificado), circulation



(circulacion), body (cuerpo), day (dia), exercise (ejercicio), epoch (época), etc. (etc),
shape (forma), liver (higado), reason (motivo), level (nivel), low level (nivel-bajar), level-b
(nivel b), name (nombre), objective (objetivo), person (persona (three positional varia-
tions)), foot (pie), percentage (porcentaje), problem (problema), kidney (rinén), symptom
(sintoma), therapy (terapia), type (tipo), vein (vena), truth (verdad), time (vez)

e Verbs: eat (comer), dinner (crear), discover (descubrir), not have (haber-no), increase
(incrementar), want to say (querer decir), reduce (reducir), feel (sentir), suffer (sufrir),
use (usar)

e Adjectives: complicated (complicado),ill (enfermo), easy (fdacil), frequent (frecuente),
strong (fuerte), lower (inferior), higher (mayor), nervous (nervioso), healthy (sano), su-
perior (superior)

Another example is the proposal of Rodriguez-Moreno et al. [30] where they created a limited
dataset of 5 signs with 175 samples each. This dataset is composed of the following words: well
(bien), happy (contento), woman (mugjer), man (hombre) and listener (oyente).

In an earlier study [31]|, we presented a Spanish Sign Language dataset focused on the 30
letters of the alphabet, recorded at a resolution of 640 x 480 pixels. While that work highlighted
the importance of the spatial dimension for LSE alphabet and presented one of the first finger-
spelling LSE datasets, it did not include additional day-to-day vocabulary or use high-resolution
recordings. In this paper, we expand that dataset by introducing a new collection of 24 LSE
signs related to daily activities, more specifically a vocabulary centered in the restoration area.
Unlike sparse large vocabulary datasets, we adopted a “small class, high volume" architecture,
providing an average of 323+15 video samples per sign, a density significantly higher than major
benchmarks like AUTSL or WLASL as it can be seen in Table 1.

Moreover, the vocabulary was not selected arbitrary but designed to challenge the fine-
grained discrimination capabilities of computer vision models using phonological minimal pairs
(e.g. signs sharing movement and location but differing in handshape), a concept further detailed
in the Methods section. Each sign was manually segmented to ensure high-quality annotations
suitable for machine learning applications. The dataset contains high-resolution RGB video
recordings paired with extracted skeletal keypoints aimed to train deep learning models. Ad-
ditionally, the dataset includes both right-handed and left-handed signs in order to mitigate
possible biases introduced by right-hand-dominant datasets from the state-of-the-art.

Although the current dataset is focused on the ISLR task, the selected signs could be re-
purposed for CSLR in future work by collecting full-sentence recordings or applying synthetic
data augmentation. By focusing on a real-world domain, this contribution complements the
previously published alphabet corpus [32, 31], setting up the foundations for more robust and
comprehensive LSE recognition.
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Methods

This section describes the methodology used to produce the dataset. Specifically, it describes
the selected vocabulary, the capture setup, the data composition, and the post-processing steps
followed to clean the data.

Data selection

This study introduces Signdall, a dataset designed for Isolated Sign Language Recognition
(ISLR) in Spanish Sign Language (LSE), specifically targeting a vocabulary related to din-
ing interactions. The construction of the dataset was driven by two primary methodological
objectives: mitigating the handedness bias present in the existing literature and challenging the
fine-grained discrimination capabilities of deep learning models through phonological similarity.

A critical limitation in current Sign Language Recognition (SLR) research is the over repre-
sentation for right-handed signs since most state-of-the-art datasets contain only right-handed
samples, ignoring the left hand, or left-handed signs comprise a small portion of the dataset,
as depicted in Table 1. To address this, we present a dataset that takes a different perspective
by introducing a balanced protocol where all signs are recorded using both the dominant and
non-dominant hands for every participant. Unlike synthetic data augmentation techniques such
as horizontal flipping, which may introduce artifacts or fail to capture the subtle kinematic dif-
ferences of the non-dominant hand, our approach provides natural variations in sign execution.
This allows us to build a dataset with greater variability to evaluate models invariant to lateral
mirroring, a prerequisite for inclusive, real-world recognition systems.

The dataset consists of 24 selected signs, chosen based on their frequency of use, their ability
to form meaningful short phrases and their phonological relationships. The included vocabulary
is structured as follows:

e Pronouns: I (yo), you (tu)

e Verbs: eat (comer), dinner (cenar), breakfast (desayunar), like (gustar), dislike (no-
gustar), want (querer)

e Nouns: meat (carne), spoon (cuchara), knife (cuchillo), hamburger (hamburguesa), eggs
(huevos), fish (pescado), pizza (pizza), plate (plato), soup (sopa), fork (tenedor), omelet
(tortilla), glass (vaso), vegetables (verdura)

e Interrogative particles: what (qué), when (cudndo), where (dénde)

The vocabulary was not selected arbitrarily but was curated to include specific phonological
challenges, ranging from minimal pairs to compound signs. In Sign Language, signs are composed
of specific hand parameters as stated by Stokoe [42]: hand configuration, hand location and hand
movement. We deliberately selected signs that share these parameters while differing in one, as
well as signs that require sequential temporal analysis. This selection challenges the models to
distinguish between subtle inter-class variations rather than relying on gross motion features.

Specifically, the dataset presents varied phonological challenges. It features configuration
contrasts where signs like [MEAT| and [FORK] share identical movement trajectories and lo-
cations (contact with the hand) but are different in hand configuration (see Figure 1); a model
relying solely on wrist trajectory will fail to distinguish this pair. Movement contrasts are
exemplified by the signs for [OMELET]| and [SPOON]| whose movement is different (up and
down against rotational) but share the same hand configuration as displayed in Figure 2. We
also introduced bimanual versus unimanual contrasts; for instance, the sign for [GLASS| and
[BREAKFAST] share similar hand shapes and location near the mouth, yet [GLASS] is uniman-
ual while [BREAKFAST] is a bimanual sign (Figure 3). Furthermore, the vocabulary includes
sequential variations, such as the relationship between |[LIKE| and [DISLIKE], the latter uses



the same initial movement as the former but appends the sign [NO] to indicate negation. This
negation component shares similarities in location and movement with [VEGETABLES], adding
another layer of complexity. This diversity ensures the dataset serves as a stress-test benchmark
for skeletal pose estimation and temporal modeling architectures.

Figure 1: Comparison between signs [MEAT] (left) and [FORK] (right)

—

Figure 2: Comparison between signs [OMELET]| (left) and [SPOON] (right)

Although this dataset is designed to be used in ISLR, the selected words allow forming
short sign language sentences such as I do not like meat or I have meat and eggs for breakfast.
This design allows training recognition systems capable of translating short sentences from their
constituent signs by concatenating their predictions.

Data collection

In Sign Language recognition, there are two kinds of signs: static and in-motion signs. The key
difference is that in the static signs, the user does not need to perform any hand movement to
complete the sign; while for the in-motion or dynamic ones, the user needs to complete some
kind of trajectory in order to have a meaningful sign. All signs comprising this dataset are



Figure 3: Comparison between monomanual sign [GLASS| (left) and bimanual sign [BREAK-
FAST] (right)

dynamic; thus, the recording procedure was structured to capture the full temporal evolution of
every gesture.

Before detailing the acquisition strategy, it is necessary to categorize the signs based on
manual articulation. The dataset includes unimanual signs, which involve the use of a single
hand; and bimanual signs, which involve both hands. Special attention was given to bimanual
signs that can be further categorized as symmetric (Figure 4) or asymmetric (Figure 5). On the
one hand, asymmetric signs involve different trajectories or hand configurations for each hand,
having a distinction between dominant and non-dominant execution. On the other hand, in
symmetric bimanual signs, both hands perform identical trajectories and configurations, meaning
that there is no visual distinction between left- or right-handed signs.

Figure 4: Symmetric bimanual sign: breakfast (desayunar)

Data collection involved 8 participants (4 male and 4 female). All participants signed an
informed consent form agreeing to their participation in the study and the sharing of their
potentially identifiable data as part of this. The Ethics Committee from the University of



Figure 5: Asymmetric bimanual signs: knife (cuchillo) on the left using same hand configuration
but different trajectory and orientation; meat (carne) on the right using different hand configu-
rations

Alicante approved this data collection under application number UA-2025-04-14 3.

The recording sessions were designed with a protocol to guarantee equal representation for
every sign. Unlike crowd-sourced or wild-collected datasets where class distribution often ex-
hibits significant skew, with some signs having abundant samples while others are scarce, we
enforced a number of repetitions per class. This approach prevents the models from develop-
ing biases toward high-frequency classes, a common limitation in large-scale benchmarks. To
achieve a handedness balanced dataset, all subjects were required to perform every unimanual
and asymmetric bimanual signs using both their dominant and non-dominant hands, regardless
of their natural handedness (one participant was left-handed). This resulted in two distinct sets
of recordings per participant: one where the signs obey standard right-handed topology and
another mirroring it for left-handed topology. By using this dual-execution protocol, we ensured
that the dataset contains the same number of samples for both lateralities, removing the class
imbalance present in other state-of-the-art dataset where left-handed samples are rare. Each
participant was recorded an average of 20 repetitions per hand and per sign for these categories.

In contrast, for symmetric bimanual signs, instead of separating these into left- and right-
handed, they were recorded with double the repetitions in a single batch. This guarantees that
the total volume of data per class remains consistent for all types of signs.

To maintain consistency across recordings, participants followed a standardized protocol,
keeping the signing hand centered in front of the torso before beginning to sign. After executing
the sign according to its natural movement (see Figure 6), they returned to this position before
continuing with the next iteration. This process simplified filtering the recordings by recognizing
the start and end points of each sign. Moreover, when a sign only involves the dominant hand,
each participant leaves the passive hand in a neutral position, which varies from one subject to
another, depending on which position is most natural to them (see Figure 7).

Recording equipment

The dataset was recorded using an Azure Kinect DK camera [43], chosen for its ability to
capture high-resolution RGB data. It uses an OV12A10 12MP CMOS sensor whose complete
specifications are shown in Table 2. In this sense, a resolution of 2560 x 1440 pixels at 30 FPS was



Figure 6: Different signing positions for the word soup (sopa)

Figure 7: Passive hand position for different participants



used during the data recording process. This resolution was used as it provides an appropriate
balance between data quality and size.

Resolution ‘ Aspect Ratio ‘ Format Options ‘ FPS ‘ Nominal FoV
3840x2160 16:9 MJPEG 0, 5, 15, 30 90°x59°
2560x1440 16:9 MJPEG 0, 5, 15, 30 90°x59°
1920x1080 16:9 MJPEG 0, 5, 15, 30 90°x59°
1280x720 16:9 MJPEG/YUY2/NV12 | 0, 5, 15, 30 90°x59°
4096x3072 4:3 MJPEG 0, 5,15 90°x74.3°
2048x1536 4:3 MJPEG 0, 5, 15, 30 90°x74.3°

Table 2: Color camera supported operating modes 44|

Recording environment

To ensure consistency across all the recordings, the camera was mounted on a tripod at a fixed
height of 117 ¢cm, measured from the center of the lens to the floor. This height was determined
after different experimental configurations as it captured all the participants from a frontal view.
Since each participant has a different height, instead of changing the camera location, they were
located at different distances from the camera, from 100 to 170 cm, ensuring optimal coverage
of hand and body movements. This change in distance is depicted in Figure 8 where a subject
1.70 m tall is shown on the left and another subject 1.85 m tall on the right. As can be seen,
in both cases the body is visualized in a similar way. Additionally, each sign was recorded with
the participant centered in the frame.

Figure 8: Shorter person (left) compared to a taller person (right)

Recordings were conducted in a controlled laboratory environment to maintain consistent
lighting conditions across all sessions, reducing potential variability in recognition performance.
However, to ensure real-world applicability, the dataset was designed with natural variations in
participant clothing and background settings (see Figure 9):

e No dress code restrictions: We deliberately abstained from imposing a uniform dress code
to introduce high variance in visual appearance. Participants wore their regular clothing,



leading to natural variation in fabric textures, sleeve lengths and colors. Moreover, since
the recording schedule force to record the same participants in multiple days they appear
wearing different outfits across different signs. This introduces significant intra-subject
variability, preventing the models from overfitting to specific signer-clothing combinations
(e.g. associating a red shirt with a specific class). Instead, it forces the deep learning
pipeline to focus on the skeletal motion rather than static appearance features. It also
evaluates the systems’ abilities to handle challenging scenarios such as low contrast between
hands and clothing or partial wrist occlusions caused by loose sleeves.

e Fixed background: The recordings were captured in the same indoor location but without
using a chroma-key environment (typically used in this kind of datasets). By retaining
natural background elements (furniture, door frames) the dataset allows for the evalua-
tion of segmentation algorithms against realistic background clutter rather than artificial
silence.

e [llumination consistency: While no extreme lighting variations were introduced, the dataset
reflects subtle shifts in ambient lighting due to sunlight coming through the windows, which
varies depending on the day and time of the recordings.

Figure 9: Different lightning and cloth conditions for the same sign

Data composition and processing

To ensure the highest possible fidelity, all raw recordings were initially stored in the native
Azure Kinect format (k4record). However, while this format retains maximum quality, it is not
directly compatible with standard machine learning workflows, requiring conversion for efficient
data handling.

To facilitate processing, annotation, and storage management, the dataset was converted to
AVI JPEG format using the MJPEG codec. This conversion was selected due to its ability to
significantly compress file size while maintaining high visual quality. The MJPEG codec pro-
vides frame-independent encoding, ensuring that each frame remains intact without predictive
compression techniques that might degrade fine-grained motion details.

This format transformation had a direct effect on the dataset’s size. Initially, the complete
dataset composed of raw data occupied approximately 3 TB, with each sign contributing ap-
proximately 8 GB per participant per hand, considering all the repetitions of the sign. With the
format conversion, this size was reduced to nearly 600 GB for the complete dataset and each
sign occupies 1.5 GB per participant per hand.

Since each recording session included multiple sign repetitions, manual segmentation was
performed to extract isolated instances of each sign. This process was done using Blender [45],
an open-source 3D animation application that allows to store the resulting videos in the same
format and codec as the original, preserving its maximum quality.



To perform segmentation in isolated signs, each recording session has been carefully analyzed
to identify which frames correspond to each repetition. Since we used pauses at the beginning
and end of each iteration, these are employed to easily analyze when a new sign starts, removing
everything that is between these pauses. Figure 10 details this process, where in the left image it
can be seen how the participant is not in the middle of a sign (for any reason) while in the right
image he is at the beginning of the signing process. In this case, the first frame as well as the
successive frames until reaching the signing start position are disregarded, generating isolated
videos for each repetition.

Figure 10: Noise in the recording (left); initial signing position (right)

After this process, a detailed analysis is made on the resulting frames where these initial and
final positions are removed, storing only the frames that constitute a sign. This is depicted in
Figure 11 in which, despite both frames being part of the signing process, the left image does
not represent the sign; instead, it is the movement required to reach the signing position, while
the right image actually depicts the sign. For this reason, those frames where a participant is
reaching or leaving the signing position are discarded.

In this way, a corpus of isolated signs is generated in which only the signing process appears.
In addition, those signs that are misinterpreted or ambiguous are also rejected, ensuring that
only quality samples are kept.

This processing resulted in a final dataset comprising 7,756 high-resolution RGB videos,
whose distribution among classes is shown in Table 3. A defining characteristic of this dataset
is its high-density sample volume; unlike dictionary-style datasets that prioritize vocabulary
breadth at the cost of depth, our dataset provides a robust mean of 323+15 samples per sign.
This density is particularly valuable for data-intensive deep learning architectures, which require
substantial training volumes to converge effectively and generalize across intra-class variations.

Furthermore, the dataset achieves a good balance in handedness representation, addressing
a gap in the current state-of-the-art. As illustrated in Figure 12, the distribution of samples is
evenly split between right-handed and left-handed execution across all signs. Specifically, the
dataset provides a mean of 160+7 samples per sign for the right hand and 16249 samples per sign
for the left hand. This balance ensures that models trained on this data are not biased toward
right-handed topology, enabling the development of truly inclusive, hand-agnostic recognition
systems. By providing statistically equivalent volumes of data for both handedness, this dataset
serves as a reliable benchmark for evaluating hand invariant skeletal pose estimation and feature



Figure 11: Reaching signing position (left) versus start signing (right)

extraction architectures.

Temporal normalization

One challenge in Sign Language datasets is the variable duration of sign execution. This variation
arises from two main factors: the phonological complexity of the sign (e.g. the sign [EAT] requires
a short and direct trajectory, whereas [DISLIKE]| involves a longer and compound movement)
and the inter-subject variability in articulation speed (i.e. each person signs at different speeds).
In raw data, these differences create inconsistent sequence lengths that difficult the formation of
batches during model training. To address this we applied a fixed-length temporal normalization,
standardizing all video sequences to 48 frames.

The selection of this specific parameter was riven by a methodological trade-off between sign
execution fidelity and hardware optimization. From a kinematic perspective, our visual analysis
of the raw recordings determined that the average sign execution time at 30 fps is approximately
1.6 seconds. A 48-frame window covers this duration, ensuring that the full motion trajectory
is preserved without excessive truncation or unnecessary frame duplication. Simultaneously,
this value is optimized for high-performance computing pipelines; deep learning libraries using
NVIDIA Tensor Cores achieve maximum matrix multiplication efficiency when dimensions are
multiples of 8 as stated by Sarge et al. [46] By using this temporal dimension of 48 frames we
ensure that the dataset is optimized for modern GPU architectures, reducing training latency.

To perform this temporal normalization, two techniques were applied:

e Downsampling: If a video exceeds 48 frames, a subset of frames is evenly sampled across
the sequence to reduce its length while preserving the full motion trajectory of the sign.
In this sense, the frame selection is performed using:

N -1

b=l gy

|, k=0,1,..,47 (1)

Where N is the original number of frames of the video and Ij, represents the indices of the
selected frames. This preserves critical movement details.

e Upsampling: If a video contains fewer that 48 frames, additional frames are generated
through duplication. Instead of randomly inserting extra frames or adding them at the end



Sign ‘ Right-hand videos | Left-hand videos | Total videos

Meat (Carne) 162 165 327
Hamburger (Hamburguesa) 168 175 343
Eggs (Huevos) 179 178 357
Fish (Pescado) 165 182 347
Pizza (Pizza) 160 167 327
Soup (Sopa) 167 173 340
Omelet (Tortilla) 165 163 328
Vegetables (Verdura) 163 164 327
When (Cudndo) 152 162 314
Where (Ddnde) 152 155 307
What (Qué) 165 155 320
You (T4) 155 152 307
Me (Yo) 153 152 305
Spoon (Cuchara) 151 158 309
Knife (Cuchillo) 165 153 318
Plate (Plato) 157 163 320
Fork (Tenedor) 150 154 304
Glass (Vaso) 164 149 313
Like (Gustar) 159 166 325
Dislike (No-gustar) 171 175 346
Want (Querer) 155 154 309
Dinner (Cenar) 163 171 334
Eat (Comer) 157 161 318
Breakfast (Desayunar) 155 156 311
Total (average) | 3,853 (1604£7) | 3,903 (162+9) | 7,756 (323+15)

Table 3: Dataset distribution after manual filtering
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of the videos, the frames are duplicated at regular intervals throughout the video using the
same method as in the downsampling case. This ensures an even distribution of additional
frames while minimizing sudden jumps in motion.

Methodologically, this normalization serves a dual purpose beyond storage convenience.
First, it ensures direct compatibility with standard deep learning architectures, facilitating
batched training without the need for zero-padding or complex masking strategies. Second,
and more importantly, it prevents the model from exploiting sequence duration as a classifica-
tion shortcut. By enforcing a uniform temporal footprint, the trained models cannot classify
signs based on their length (e.g. assuming all short videos correspond to the sign [GLASS]) and
they are instead forced to rely on spatial configuration and motion dynamics to discriminate
classes.

Background reduction

Raw video recordings often contain significant dead space such as empty walls, floor or ceiling,
that contributes no linguistic information but consumes computational resources. To guarantee
dataset uniformity, a spatial normalization process was performed. This step involves extracting
the signer’s Region of Interest (ROI) and cropping the frame to a square resolution of 1224 x1224
pixels. This specific resolution was derived from the sensor’s native height (1440 pixels), keeping
approximately 85% of the vertical field of view. This resolution removes only the non-informative
floor and ceiling margins while maintaining high pixel density, which is critical for ISLR as it
preserves the high-frequency details of the hands and fingers.

The decision of providing precalculated square crops rather than leaving spatial preprocess-
ing to downstream tasks is grounded in the necessity for geometric fidelity and benchmark-
ing consistency. Most state-of-the-art deep learning architectures (e.g. ResNet [47], Efficient-
Net [48], Video Vision Transformers [49]) require square input tensors. If raw rectangular videos
are resized directly to a square during training, the image suffers from anamorphic distortion,
squashing the signer horizontally and altering the skeletal topology essential for recognition.
Alternatively, zero-padding wastes computational cycles on non-informative pixels. By stan-
dardizing the ROI at the dataset level we guarantee that the signer’s aspect ratio is preserved
naturally. Moreover, this standardization ensures that all future benchmarks using this dataset
are performed on the exact same visual input, removing the possibility of using different cropping
strategies among researchers.

To achieve this, EfficientDetD1 [50], an object detection model which contains a person
class, was used to identify the signer in different videos and extract their bounding box. For
each participant, a bounding box was determined for every recorded sign, storing the most
extreme corner values. Specifically, the process involved tracking the maximum (Zmaz, Ymaz)
and minimum (Zyin, Ymin) positions across all signs, ensuring that the bounding box captured
the signer in every instance. After manually reviewing the bounding box to ensure it fully
captured the participant and adjusting its width and height to reach the desired resolution, the
image was cropped by removing excess pixels on the left, right, top, and bottom, with the signer
remaining centered. An example of this cropping process can be seen in Figure 13.

Skeletal keypoint representation

To augment the dataset with structured motion information, skeletal keypoints were extracted
from every video frame using MediaPipe [51], a widely recognized tool for real-time human pose
estimation. MediaPipe works using a two-stage pipeline: a detector first locates the ROI within
the frame and a landmark model then predicts the precise keypoint coordinate within that ROI.
This architecture allows for efficient tracking by re-running the detector only when the tracking
confidence drops. This skeletal framework offers a succinct yet highly informative abstraction



Figure 13: Colored image inside green square corresponds to the result after background removal

of the signer’s motions, identifying critical anatomical landmarks crucial for Sign Language
Recognition. In contrast to raw video data, that includes additional visual information, skeletal
data focuses only on the spatial and temporal dynamics of signing, making it particularly suitable
for deep learning models that prioritize movement over visual appearance.

MediaPipe’s human pose estimation model detects 33 keypoints for the complete body, in-
cluding legs, arms and torso; while the hand representation is composed of 21 keypoints per
hand. The skeletal model used in this dataset focuses on landmarks of the hands, wrists, el-
bows, shoulders and torso as depicted in Figure 14, as these regions convey the most critical
linguistic information for sign language. More precisely, the extracted subset consists of 50
landmarks: 21 per hand (fingers and wrist) and 8 from the upper body pose (shoulders, elbows,
wrists and hips).

Figure 14: Keypoints used during recognition, blue color for right part of the body and red color
for left one

As a normalization process, all the extracted keypoints are transformed into a relative coordi-
nate system, centered at the midpoint between the shoulders (see Figure 15). This process helps
to reduce variations due to differences in body proportions, participant positioning, or camera
distance. The transformation is achieved by identifying the left and right shoulder keypoints,
computing their midpoint and shifting all extracted landmarks relative to this new reference



system. This approach ensures that all skeletal representations are aligned, regardless of the
signer’s initial position.

Additionally, if any of the selected keypoints are not visible, they are assigned a value of
3,000. This determination is based on MediaPipe’s internal visibility and confidence score,
landmarks with a value below 0.5 are treated as missing. This high value was chosen because it
represents an unreachable position, regardless of the sign that is being performed. This approach
enables deep learning models to selectively ignore missing values during training, ensuring that
in real-time execution, non-visible points do not introduce noise into the system.

Despite an initial manual validation phase where most samples with significant execution
errors were removed, some samples within the dataset may still exhibit specific skeletal detection
artifacts inherent to MediaPipe. Rapid ballistic movements such as those in the sign [DISLIKE]
(see Figure 16a), can occasionally cause motion blur, resulting in the tracker producing jittery or
inconsistent coordinates across consecutive frames. Moreover, bimanual signs involving crossing
hands, e.g. sign [HAMBURGER| (Figure 16b), may lead to depth ambiguity, where the model
struggles to resolve finger configurations during momentary self-occlusion. Rather than removing
all such instances, these were retained to ensure the dataset reflects the realistic noise conditions
that recognition models must overcome in real-world deployment.

Figure 15: MediaPipe image of a sign with the used keypoints and the points used for normal-
ization: Left shoulder (red dot), right shoulder (blue dot), middle point (green dot)

For the construction of this part of the dataset, a matrix was generated for each repetition
of every sign. This matrix has a size of 48 x 100, where each column represents a keypoint, and
each row captures its evolution over time, as shown in Equation 2. The fixed-length RGB videos
generated in the previous steps were used to compute these matrices. It is important to note
that each of these matrices is stored in hd format, resulting in a dataset with a significantly
reduced storage size.

(a8, a8) (at,d¥) (d5,4) (a2, q%)]
(@,4) (¢f.4)) (45.49) (¢Z,qn)

M= ((d§,q) (df. ) (d5,03) (ar» an) (2)
(4§, q5) (af.q)) (d5.48) - (a%,an)]

Where:



(a) [DISLIKE] sign (b) [HAMBURGER)] sign

Figure 16: MediaPipe detection errors

° ¢, qg’ represent the normalized position in coordinates of the point g;.

e Each row corresponds to a frame in time, capturing the temporal evolution of skeletal
movement.

Data augmentation

With the aim of increasing the dataset’s size, data augmentation techniques were applied. Given
that the dataset includes both right-handed and left-handed signs, an essential augmentation
technique consisted of mirroring the existing videos. By flipping each sequence horizontally,
additional left-handed samples were generated from right-handed signs and vice versa. This
strategy serves a dual purpose: first, it effectively doubles the number of available samples (as
shown in Table 4); second, and more importantly, it systematically simulates the kinematic
structure of opposite-handed signing. Including these mirrored samples in the dataset rather
than relying on random flipping during training we ensure that the model is deterministically
exposed to both lateral topologies for every single instance. This guarantees that the trained
models learn to be invariant to handedness based on a balanced distribution avoiding the uneven
exposure that occurs with stochastic augmentation.

While generic data augmentation is conventionally implemented dynamically as part of the
downstream training pipeline (on-the-fly), we opted to provide a pre-computed augmented split
as a core component of the dataset release. This methodological choice serves two critical func-
tions aimed at standardization and accessibility. First, regarding benchmarking consistency,
dynamic augmentation pipelines often vary significantly across deep learning frameworks (e.g.
PyTorch or TensorFlow) and specific library versions. Using a pre-calculated and standardized
augmented samples enable the establishment of a fixed hard evaluation set. This ensures that
future comparisons between models are attributable to architectural differences instead of dis-
crepancies in augmentation aggressiveness or random seed generation. Second, this approach
improves computational accessibility; video-based augmentation is computationally expensive
and can become a bottleneck during training. Thus, offloading this process to a preprocess-
ing stage lowers the hardware barrier for researchers, enabling those with limited CPU/GPU
bandwidth to train on a robust, high-variability dataset without incurring runtime overhead.

Consequently, various transformations were applied to the dataset using the AugLy [52]
library, a multimodal data augmentation tool for video, image, audio, and text. The selected



transformations were carefully designed to preserve the integrity of the signs, ensuring that no
excessive rotations or translations were applied that could semantically alter the gesture or move
the hands out of the central crop. More precisely, geometric rotation was capped at £15° to
simulate natural camera tilt without invalidating the pose.

As a result of these increases, the total size of the dataset increased to 61,409 samples,
distributed as shown in Table 5. Particularly, the applied transformations along with their
application probabilities are as follows:

e Contrast = 1.5; Probability = 0.35

Brightness = 0.2; Probability = 0.35

Saturation = 2.8; Probability = 0.35

Blur = 2.5; Probability = 0.30

Noise = 50; Probability = 0.30

Rotation between -15° and -5°; Probability = 0.40
e Rotation between 5° and 15°; Probability = 0.40

Among the different augmentation techniques employed, the mirroring transformation was
applied to both the video sequences and the skeletal keypoints. In contrast, transformations
affecting the image appearance, such as color and brightness adjustments, were only applied to
the video data. This distinction was necessary because changes in image tone do not affect the
extracted skeletal joint points, which remain unaffected by variations in lighting or color.

Furthermore, since the dataset is built from high-resolution RGB recordings, all augmenta-
tions were carefully selected to avoid distortions that could degrade the clarity of the sign. For
instance, geometric transformations were applied conservatively to ensure that hand movements
and key signing regions remained intact.

Data Records

The complete dataset is available at Science Data Bank repository under the name of Sign4all: a
Spanish Sign Language Dataset [53|. This dataset consists of six different versions, each tailored
for specific applications in Sign Language Recognition (SLR). This version includes raw RGB
recordings, temporally normalized and background-cropped RGB videos, their augmented vari-
ants, and skeletal keypoints formatted for SLR. The dataset is structured to facilitate research
in both vision-based and pose-based sign recognition models.

Dataset versions
The dataset is distributed in six different formats to facilitate multiple experimental settings:

1. RGB Original Dataset: The raw high-resolution RGB videos, cropped per sing repeti-
tion but without background removal or temporal normalization.

2. RGB Normalized Dataset: The RGB dataset after temporal normalization and cropped
to 1224 x 1224 pixels to remove background elements.

3. RGB Normalized Dataset with Mirroring: A version of the normalized dataset that
applies horizontal flipping, effectively doubling the dataset size.

4. RGB Normalized Dataset with Augmentation: A version of previous dataset with
additional transformation, such as brightness and contrast adjustments, to enhance model
generalization.



Sign ‘ Num. Videos

Meat (Carne) 654
Hamburger (Hamburguesa) 686
Eggs (Huevos) 714
Fish (Pescado) 694
Pizza (Pizza) 654
Soup (Sopa) 630
Omelet (Tortilla) 656
Vegetables (Verdura) 634
When (Cudndo) 628
Where (Ddnde) 614
What (Qué) 640
You (Tw) 614
Me (Yo) 610
Spoon (Cuchara) 618
Knife (Cuchillo) 636
Plate (Plato) 640
Fork (Tenedor) 608
Glass (Vaso) 626
Like (Gustar) 650
Dislike (No)-gustar 692
Want (Querer) 618
Dinner (Cenar) 668
Eat (Comer) 636
Breakfast (Desayunar) 622
Total | 15,512

Table 4: Dataset distribution after applying mirror technique



Sign ‘ Num. Videos

Meat (Carne) 2,312
Hamburger (Hamburguesa) 2,760
Eggs (Huevos) 2,856
Fish (Pescado) 2,808
Pizza (Pizza) 2,616
Soup (Sopa) 2,720
Omelet (Tortilla) 2,632
Vegetables (Verdura) 2,624
When (Cudndo) 2,520
Where (Ddnde) 2,464
What (Qué) 9,544
You (Tw) 2,472

Me (Yo) 2,448
Spoon (Cuchara) 2,472
Knife (Cuchillo) 2,392
Plate (Plato) 2,568
Fork (Tenedor) 2,425
Glass (Vaso) 2,520
Like (Gustar) 2,256
Dislike (No-gustar) 2,776
Want (Querer) 2,480
Dinner (Cenar) 2,704
Eat (Comer) 2,552
Breakfast (Desayunar) 2,488
Total | 61,409

Table 5: Dataset distribution after data augmentation



5. Skeletal Keypoint Dataset: Extracted keypoints aligned with the RGB Normalized
Dataset, with 48 frames per sample, keypoints manually selected for SLR and normalized
to the shoulder midpoint for consistency.

6. Skeletal Keypoint Dataset with Mirroring: The mirrored version of the skeletal
keypoint dataset, aligned with the mirrored RGB dataset.

All RGB videos are provided in AVI format using the MJPEG codec to ensure high vi-
sual quality and frame-by-frame integrity. Skeletal keypoints are stored in HDF5 (.hd) format,
preserving spatial relationships while reducing storage size.

File organization
The dataset is structured in a hierarchical folder system as follows:

Dataset_Version/
| -- personX_hand
| | -- signClass/
| | |-- label/
| | | |-- repetitionl.avi (or repetitionl.hb)
| | | |-- repetition2.avi (or repetition2.h5)

Each file follows this convention:

e personX right / personX left: Since each participant signs with both hands, each
individual is represented twice, effectively creating 16 unique identities instead of 8.

e signClass: Signs are categorized into six linguistic groups according to their meaning, as
shown in Table 6.

e label: The specific sign being performed.

e repetitionN: Each iteration of a given sign.

Category ‘ Signs included (numerical label)
Food items carne (0), hamburguesa (1), huevos (2), pescado (3), pizza (4), sopa (5), tortilla (6), verdura (7)
Interrogative particles cuando (8), donde(9), qué (10)
Pronouns ta (11), yo (12)
Kitchen utensils cuchara (13), cuchillo (14), plato (15), tenedor (16), vaso (17)
Verbs gustar (18), no-gustar (19), querer (20)
Eating-related verbs cenar (21), comer (22), desayunar (23)

Table 6: Sign categories in the dataset. The number between each sign in parenthesis corresponds
to its numerical label

Skeletal keypoints data structure

The skeletal information is distributed in HDF5 files that store a 48 x 50 x 2 matrix. The second
dimension of the matrix corresponds to a specific skeletal keypoint for MediaPipe, where the
last dimension refers to X and Y axis, and the first dimensions represents an RGB frame. So,
the rows represent the temporal evolution of the keypoints.

Key landmarks for Sign Language Recognition, including the hand, wrist, elbow, shoulder,
and torso, are chosen. Each column is linked to a corresponding keypoint (with X, Y location)
and is structured in the following order: thumbR, indexR, middleR, ringR, pinkyR, bodyR,
bodyL, pinkyL, ringl., middleL, indexL, thumbL; where:



e R denotes points on the right side of the body, while L denotes the left side.
e Each point is represented by its spatial (X, Y) coordinates.
e The detailed composition of each category is as follows:

— Thumb = wrist, thumb1, thumb2, thumb3, thumb4

Index = index1, index2, index3, index4

Middle = middlel, middle2, middle3, middle4

Ring = ringl, ring2, ring3, ring4

Pinky = pinkyl, pinky?2, pinky3, pinky4
— Body = wrist, elbow, shoulder, hip

Dataset splits: training, validation and testing

To ensure robust generalization and prevent overfitting to specific individuals, a train, validation
and test split is proposed for every dataset. In this sense, both validation and test sets contain
unseen participants for better generalization and signer-independent evaluation. Also, the splits
are structured to maintain class balance across all categories.

For these splits, each dataset folder contains three csv files (train.csv, val.csv, test.csv)
with the necessary information to load the data. The files follow the format shown in Table 7
as an example. In it, the headers of the table correspond to the headers of the csv files, where:

e sequence: Path to video (AVI) or keypoints (HDF5) file, depending on the dataset.

e person: Numerical identifier (0-7) corresponding to each participant. Left-handed and
right-handed versions of the same signer share the same number, allowing for different
person-based training strategies.

e label: Numerical class identifier (0-23) assigned to each sign.

e name: Text label of the sign, written in Spanish.

sequence person ‘ label ‘ name
person0_ right/alimentacion/carne/repetitionl.avi 0 0 carne
personl _left /alimentacion /sopa/repetition2.avi 1 5 sopa
personb left /utensilios/tenedor /repetition15.avi 5 11 tenedor
person? _right /verbos/querer /repetition6.avi 7 21 querer

Table 7: Example of a csv file organization

Technical Validation

This section presents the procedures used to verify data integrity, confirm preprocessing effective-
ness, evaluate the impact of data augmentation, and evaluate the usability of skeletal keypoints
for sign recognition. Finally, we outline potential future improvements.



Visual inspection and data consistency

In order to achieve a high-quality and precise dataset, each video was manually revised to seg-
ment individual sign repetitions accurately. Misperformed or ambiguous samples were removed,
guaranteeing that only high-quality data was kept. This verification process was essential for
maintaining clean and well-structured annotations across all samples.

Additionally, background removal was applied using EfficientDetD1 together with manual
annotation, to effectively isolate the signer while maintaining a fixed resolution of 1224 x 1224
pixels. Figure 13 illustrates the effectiveness of this method, where the cropped images show
a clear focus on the signing region. The successful training of the models described below em-
pirically validated this spatial normalization strategy, confirming that the square aspect ratio
removes the geometric distortions common in resizing operations and provides a direct compat-
ibility with standard deep learning input tensors.

To standardize input length, all videos were normalized to 48 frames, a value determined
through empirical evaluation to ensure complete gesture representation while keeping computa-
tional efficiency.

Impact of data augmentation

Vision transformer models require large-scale datasets to generalize effectively, as stated by
Dosovitskiy et al. [54], particularly the Video Vision Transformer (ViViT) [49] architecture. A
model focused on video recognition which achieves state-of-the-art values when a great amount
of data is used for training. To empirically validate the necessity of including the pre-computed
augmentation split within the dataset release, we conducted an ablation study comparing the
performance of identical architectures on raw versus augmented data.

Both models used the train-test-validation split described in Dataset splits subsection to en-
sure a fair comparison. Without augmentation, the model achieved less than 10% accuracy on
the validation set. In contrast, the model trained on the pre-computed augmented split achieved
39% accuracy. This four-times performance increase validates the methodological decision to
offload augmentation to the dataset construction phase, proving that the proposed transforma-
tions successfully bridge the gap between the raw sample size and the high data requirements
of Transformer architecture. Although the model did not achieve outstanding results, these
data-intensive architectures were used to evaluate the impact of the proposed augmentation
techniques compared to training on the non-augmented dataset.

Figure 17 illustrates examples of augmented samples, showing how the applied transfor-
mations maintain the semantic integrity of the signs while enhancing dataset diversity. These
results confirm that data augmentation plays a crucial role in improving recognition accuracy,
particularly for data-hungry architectures like ViViT.

Validation of skeletal keypoints

To evaluate the effectiveness of the extracted skeletal keypoints in Sign Language Recognition,
a Fully Connected Network (FCN) was trained exclusively on skeletal data. The model was
trained with the same train-test-validation split as described in Dataset splits subsection and
in the ViViT architectures and achieved an 81.64% of accuracy on the test set, confirming
that skeletal keypoints have enough information for distinguishing between different signs. An
analysis of the confusion matrix (Figure 18) reveals a consistent performance across the different
classes, particularly 15 out of 24 signs achieved high recognition rates (accuracy higher than
90%). However, the confusion matrix also highlights specific confusions due to phonological
similarity. For instance, the sign [VEGETABLES] is mostly confused with sign [DISLIKE] since
both of them have the same movement and location but change the number of fingers involved
in the signing. In a similar way, the sign [FORK] is confused with [HAMBURGER] because



Figure 17: Augmented samples



they share the same contact point in the hand, which may cause occlusions; another example is
the sign [WANT] which is confused with sign [FISH], in this case they share the same location
and hand shape but the movement is in opposite directions. Even though there exists this small
errors, the results demonstrates that the dataset provides a robust and structured representation
of motion, which is essential for ISLR applications.

meat 000 000 000 000 000 000 000 000 000 000 000 000 000 000 000 0.00 Lo
hamburger - 000 000 000 000 000 000 000 000 000 000 000 000 000 000 000 000
eggs 000 000 000 000 000 000 000 000 000 000 000 000 000 000 001 001
fish 000 000 000 000 000 000 000 000 000 000 000 000 000 000 000 000
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Figure 18: Confusion matrix for skeletal keypoints model

Furthermore, this performance achieves similar results to some state-of-the-art methods and
even surpasses them [10, 21|, emphasizing the high precision and consistency of the extracted
keypoints. Additionally, the normalization process used in each keypoint ensures generalization
of the model, making it invariant to the signers location. For instance, Figure 19 depicts two signs
performed in different locations from the camera and both of them were properly recognized.

Figure 19: Different location for a sign

Usage Notes

This dataset is designed for Isolated Sign Language Recognition and is already formatted to
be used in deep learning models. In this sense, the RGB videos are provided in AVI format
(MJPEG codec) and the skeletal keypoints are stored in HDF5 files, both of them are widely
supported formats in deep learning frameworks like TensorFlow or PyTorch.

Given that the dataset is distributed with temporal normalization, background removal,
square cropping, and keypoints extraction, there is no need to add any further preprocessing
step before training most deep learning architectures; this allows researchers to directly load and
train models without any custom processing. However, if for any reason researchers require raw



video with the complete background and the full length of the signs, an unaltered version of the
RGB recordings is also provided. Additionally, we provide an augmented version of the dataset,
which adds custom transformations aimed to improve model robustness in real-world scenarios.

Data availability

The complete Signdall dataset is available at Science Data Bank [53]. Because the dataset
contains identifiable facial and body features —including characteristics from which gender may
be inferred— participants are exposed to a potential risk of re-identification. For this reason,
access to the dataset is restricted and subject to manual request. To obtain the data, researchers
must agree to a Data Usage Agreement (DUA) and provide contact information such as name,
email address and affiliation details. Once the request is verified, access will be granted via a
secure download link sent by email.

Code availability

None of the six variations of the proposed dataset require any custom code for access or pro-
cessing since all the data is provided in widely supported formats, as mentioned before.

The dataset was processed with Blender 4.0 as video editing software, MediaPipe 0.10.1 for
keypoint extraction, and TensorFlow 2.12.0 for model training and testing; all of them under an
Arch Linux operative system with Python 3.8. For the dataset recording, Azure Kinect SDK
1.3 [55] with PyKinect Azure [56] as Python wrapper was used under Ubuntu 18.04 LTS.
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