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Abstract. This work explores a simple approach to Isolated Sign Lan-
guage Recognition (ISLR) by reframing the classification of pose sequences
as a standard image classification task. While recent trends in Sign Lan-
guage Processing (SLP) heavily favor complex temporal architectures like
Transformers, we investigate the projection of spatio-temporal pose infor-
mation into a static image representation. By mapping time and skeletal
joints to spatial dimensions and coordinate values to color channels, we
allow standard Convolutional Neural Networks (CNNs), like ResNets, to
extract features effectively. Our experiments on challenging real-world
ISLR datasets demonstrate that this method is not only computationally
efficient, but also outperforms existing architectures like Pose-VIT and
SPOTER in a simple classification setting.

1 Introduction

Deep learning has driven huge progress in computer vision and natural lan-
guage processing. This success has naturally cascaded into the domain of Sign
Language Processing (SLP), providing new tools to tackle the complexity and
diversity of sign languages. Within SLP, we focus specifically on the task of
Isolated Sign Language Recognition (ISLR), where the primary objective is to
predict the class label associated with a video segment containing a single sign.

While recent works have achieved impressive results on ISLR datasets recorded
in controlled environments, the transition to datasets derived from real-world
sign language discourse remains a significant hurdle [1, 2]. In these “natural
discourse” scenarios, the task becomes significantly more challenging. Signs are
often articulated rapidly, and their visual appearance is heavily influenced by
linguistic phenomena [3] such as prosody and coarticulation, where the forma-
tion of a sign is altered by the preceding and succeeding signs. To address these
challenges, the community has largely adopted complex architectures designed to
model temporal dependencies explicitly. Popular approaches include 3D-CNNs
(e.g., I3D) for full-frame video processing [4], and hybrid models combining 2D-
CNNs with recurrent units like LSTMs or GRUs [1]. More recently, the paradigm
has shifted towards Transformer-based architectures [5], which are specifically
designed for SLP tasks. However, in this work, we deviate from this complexity
and propose a simpler approach. We consider the signer’s entire movement se-
quence as a single, static image, rather than processing it as a temporal stream
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of frames. To the best of our knowledge, this approach has not been rigorously
applied to challenging SLR datasets built from continuous discourse.

The remainder of this paper is organized as follows: Section 2 reviews the
related work. Section 3 details our methodology for projecting pose sequences
into static images while preserving critical spatio-temporal information. Sec-
tion 4 evaluates the performance of off-the-shelf CNNs on this representation in
a fully supervised setting and demonstrates that ResNet models act as powerful
feature extractors in ISLR. The latter also provides a qualitative analysis of the
features: how they can be interpreted by a human, and how models use them.

2 Related Work

This section outlines the current state of the art in Isolated Sign Language Recog-
nition (ISLR). We first discuss prevalent deep learning architectures, followed by
an overview of the specific characteristics of datasets used in this domain.

2.1 Deep Learning Architectures in SLR

The evolution of SLR models mirrors the broader computer vision landscape.
Early deep learning approaches relied heavily on frame-wise feature extraction
using 2D-CNNs, aggregated temporally via pooling or Recurrent Neural Net-
works (RNNs) such as LSTMs and GRUs [1, 5]. With the advent of more
powerful computing capabilities, 3D-CNNs like I3D became popular for their
ability to capture short-term temporal features directly from RGB video vol-
umes [4, 1]. Still, they remain heavy and hard to apply in practice. In the past
few years, attention mechanisms have become the standard. Transformer-based
architectures, such as SPOTER [6], and Pose-VIT [7], treat pose landmarks
as tokens, applying self-attention across both spatial and temporal dimensions.
While highly effective, the performance of these models remains insufficient to
consider the task of ISLR solved. More recent alternatives [1, 8] employ these
architectures as sub-components within more complex frameworks, leveraging
contrastive pretraining on pose data and utilizing word embeddings as target
representations [8]. In this work, for the sake of simplicity, we focus exclu-
sively on the fundamental classification task. We consider this relevant, as more
robust feature extractors would drive improvements when integrated as a sub-
component in such architectures.

2.2 Dataset Characteristics and Modalities

In recent years, the landscape of ISLR datasets has expanded significantly, yet
these resources exhibit considerable heterogeneity. A primary distinction lies
in the recording environment. The vast majority of existing datasets are cap-
tured in controlled studio settings, characterized by uniform lighting, static back-
grounds, and strict postural constraints. Furthermore, the articulation of signs
in these datasets is often deliberate, with artificial pauses inserted before and af-
ter each gloss. In contrast, datasets derived from continuous discourses present
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Fig. 1: Frames randomly selected from a video in the LSFB dataset. A skeletal
pose is extracted from each frame. Each pose contains 65 landmarks: 21 per
hand, and 23 for both the upper body and the head. Then, the pose sequence
is transformed into a static image representation, with one row per landmark.

a distinct set of challenges [2]. These signs are performed by native signers
spontaneously. Parallel to this environmental shift, there is a growing trend
towards utilizing skeletal pose data rather than raw RGB frames [1, 7]. This
modality offers substantial computational benefits and improves the signal-to-
noise ratio by discarding irrelevant visual information, such as background or
clothing color. Aligning with these advancements, our work focuses exclusively
on skeletal pose data. To ensure relevance and robustness, we utilize the LSFB
dataset [9], one of the largest ISLR datasets extracted directly from real-world
continuous discourses.

3 Movement Representation as Images

The concept of encoding time-series motion data into static images is not entirely
new in the field of Human Action Recognition [10]. In the specific context of
sign languages, however, this approach remains under-explored. Previous work
by Hamza et al. [11] attempted to visualize signs as images but simplified the
problem by collapsing the temporal dimension, focusing only on spatial configu-
rations. We assume that this loss of temporal granularity is detrimental to SLR,
and we adopt a different representation that maintains the integrity of the tem-
poral dimension within the spatial constraints of a 2D image grid. We collect
isolated sign language videos extracted from real sign language discourses. They
are then reduced to sequences of skeletal poses and finally transformed into a
static image, as illustrated in Figure 1.

To leverage standard CNNs, we transform the pose sequence P ∈ RT×V×3

(T frames, V landmarks) into an image I ∈ RV×T×3. The 3D coordinates Pt,v

of the vth landmark of the tth frame of a sign are mapped to RGB values Iv,t as

Iv,t,c = 255
Pt,v,c −min

t,v
Pt,v,c

max
t,v

Pt,v,c −min
t,v

Pt,v,c
for each dimension / channel c

that corresponds to a global min-max normalization following Laraba et al. [10].
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4 Training CNNs for Sign Recognition

We selected the ResNet family as our backbone due to its ubiquity and proven
robustness in image classification, especially for sign languages [12]. We exper-
imented with ResNet-18, ResNet-50, and ResNet-152, pretrained on ImageNet
and fine-tuned on the LSFB dataset [9]. The final linear layer is adapted to match
the number of classes (500 or 2000) of the target subset. The training objective
is a standard cross-entropy loss. We use the Adam optimizer (initial learning
rate 10−3) with a scheduling strategy: 20 epochs of linear warm-up followed by
a reduce-on-plateau (patience 5, factor 0.1). We compare these architectures
against specialized fully supervised SLR models, specifically SPOTER [6] and
Pose-VIT [7]. All models were implemented in PyTorch, using the official repos-
itories for baselines, and trained using CUDA 12.6 and a single GPU (NVIDIA
RTX 5090).

4.1 Quantitative Evaluation

Table 1: Classification balanced accuracy and accuracy on LSFB subsets.

Architecture
LSFB 500 LSFB 2000

Bal. Acc. Acc. Bal. Acc. Acc.

ResNet-18 38.04± 0.9% 58.61± 0.7% 29.92± 0.2% 49.76± 0.2%
ResNet-50 40.78± 0.8% 61.49± 0.6% 32.85± 0.3% 52.93± 0.3%
ResNet-152 40.69± 0.5% 61.34± 0.5% 33.16± 0.3% 53.27± 0.3%

SPOTER [6] 32.11± 0.6% 51.98± 0.7% 25.96± 0.5% 44.45± 0.6%
Pose-VIT [7] 33.75± 1.4% 53.92± 1.5% 27.74± 0.2% 46.71± 0.3%

The results in Table 1 indicate that standard ResNet architectures perform
remarkably well compared to specialized architectures designed specifically for
ISLR. Despite not having explicit mechanisms to handle temporal dependencies
(such as attention heads for time steps), the movement-as-image representation
allows the CNN to capture temporal dynamics as spatial patterns. The bal-
anced accuracy of ResNet-50 is 7% higher than with SPOTER or Pose-VIT on
both LSFB500 and LSFB2000 datasets, suggesting that for short isolated signs,
explicitly modeling time might be less critical than extracting robust spatio-
temporal features. These results are particularly encouraging given the difficulty
of the LSFB dataset, where natural discourse and linguistic phenomena create
high variance across the numerous classes. In additional experiments, pretrain-
ing, normalization and linear interpolation have negligible impact on the results.
This eliminates factors other than model selection and it highlights the bene-
fits of the ResNet architecture for ISLR. Those results suggest that ResNets
are strong competitors and could be used as sub-components in more complex
ISLR architectures. They are also popular models with existing computationally
efficient implementations.
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(a) Label: “LIVRE”

(b) Label: “PENSER”

(c) Label: “DANS”

Fig. 2: Visualization of three samples with different labels from the LSFB
dataset. From left to right: an example RGB frame, the static image representa-
tion, and the corresponding ResNet50 Grad-CAM saliency map. The heatmaps
highlight the regions most relevant for the classification of each sign.

4.2 Qualitative Analysis

When observing samples randomly drawn from different classes in the LSFB
dataset, as illustrated in Figure 2, their static image representations differ greatly
and provide rich information about the movements themselves. For example,
Figure 2c shows two color fades: from light to dark for the left hand, and from
dark to light for the right hand. This means that the left hand moves from
bottom to top, and the right hand from top to bottom. We can also observe
that the movement of the right hand is more pronounced than that of the left
hand, in that it is more sweeping. In summary, static image representation is
visually informative. This could reasonably explain its effectiveness with CNNs.
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Saliency maps also provide interesting information. For example, Figure 2b
shows that the model focuses on the end of the right hand’s movement, which
is relevant when examining the corresponding sign. While strictly qualitative,
this type of analysis and interpretation are made much simpler by the static
representation of movements. Just as a spectrogram provides information about
the nature of a sound, an image of a movement provides substantial information
about how it was performed, both to a human and to a CNN.

5 Conclusion

This study shows that ResNets are competitive feature extractors in Isolated
Sign Language Recognition, considering movements as a static image following
a simple transformation. The strong performance of this simple representation
suggests that the difficulty in SLR may be partially alleviated by better data
representation. It follows that this “movement-image” feature extraction could
serve as a powerful backbone for heavier, more complex models. Our qualitative
analysis also shows that this representation allows for rapid interpretation of
a movement and opens the door to the use of saliency maps to analyze the
importance of the features. Future work involves evaluating the impact of a
static representation of movements on sign language processing as a whole, for
example in continuous recognition or translation.
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