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Abstract

Sign language recognition plays a crucial role in bridging the communication gap between hearing-impaired and hearing
individuals. However, traditional teaching systems often rely on expert systems or rule-based approaches for recognition,
which struggle to meet the needs of learners at different levels. This paper introduces a novel Sign Language Teaching and
Scoring System (SLTS) based on multi-model collaboration, aimed at improving learning efficiency and accuracy for diverse
learners. The proposed SLTS employs teaching strategies suitable for both beginners and advanced learners, offering a
comprehensive solution for sign language education through multiple representation learning. Specifically, for beginners, it
uses an improved Siamese Long Short-Term Memory (LSTM) module to facilitate passive learning. This approach analyzes
individual gestures by comparing them to conventional sign language, allowing novices to focus on mimicking movements
and establishing a solid foundation in sign language norms. For advanced learners, the proposed SLTS implements an active
learning approach using an enhanced Convolutional LSTM (ConvLSTM) module to handle more complex sign language
vocabulary. The system captures both spatial and temporal features of gestures, enhancing learners' fluency and expressive-
ness in real communication scenarios. The experimental results in real-world environments demonstrate that the proposed
SLTS significantly outperforms existing methods in recognition accuracy, proving its effectiveness and advanced nature.

Keywords Behavior recognition - Human—computer interaction - Multiple representation learning

1 Introduction

Communicated by Bing-kun Bao.

Sign language serves as a vital communication medium for
the deaf and hard-of-hearing communities, facilitating inter-
action with the hearing world. However, the complexities of
sign gestures, characterized by complex spatial and tempo-
ral patterns, present significant challenges for computational
recognition systems. Accurately capturing and analyzing
these gestures is crucial for seamless interaction between
hearing and non-hearing individuals [1, 2]. Traditional rec-
ognition systems [3] primarily focus on directly identifying
sign language gestures, often neglecting the varied learn-
ing needs of individuals at different proficiency levels. This
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ment of targeted strategies for both beginner and advanced
learners of sign language. By recognizing that learners at
different proficiency levels require distinct support, the pro-
posed SLTS offers a two-tiered approach: beginners focus on
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learning basic hand gestures, while advanced learners refine
their skills through complex gesture recognition and analy-
sis. This design allows the proposed SLTS to better cater
to the specific needs of each group, enabling deaf students
to gradually enhance their signing accuracy and fluency in
Taiwanese Sign Language according to their skill levels.

In sign language learning, students often encounter dif-
ficulties not in understanding the meaning of gestures, but
in executing them with the required precision. Even for
commonly used sign gestures whose meanings are already
familiar, subtle variations in hand positioning, motion tra-
jectory, and timing can significantly impact their clarity and
correctness. The so-called familiarity comes from classroom
instruction, where teachers introduce these gestures. How-
ever, teaching and learning are different processes, and there
is often a gap between learning and practical application.
Students practice at home without their teachers present, yet
they still need feedback to refine their gestures.

Traditional teaching methods often rely on self-practice
or instructor feedback, which may be inconsistent or insuffi-
cient for precise correction. Although sign language learners
can mimic gestures by watching videos, the lack of targeted
feedback mechanisms makes it difficult for them to identify
and correct subtle hand gesture errors. For example, similar
gestures may be misunderstood due to differences in speed,
hand shape, or angle deviations. To address this issue, this
study employs Siamese LSTM to compute the similarity
between learners' gestures and standard gestures, thereby
providing personalized feedback that helps learners precisely
adjust their gestures and improve learning efficiency. To
further bridge this gap, the proposed SLTS shifts the focus
from semantic interpretation to performance accuracy. By
leveraging advanced recognition techniques, SLTS provides
real-time, data-driven feedback on key gesture parameters,
enabling students to refine their execution systematically.
This approach ensures that learners not only understand the
signs but can also reproduce them accurately, facilitating
more effective communication in real-world scenarios.

Current systems that leverage traditional machine learn-
ing models demand extensive feature engineering and
domain expertise [4], often resulting in models tailored to
specific datasets but lacking adaptability for broader applica-
tions. To address these limitations, researchers have turned
to deep learning methods [5-9], which can automatically
learn feature representations from raw data. For example,
Yirtici et al. [6] and Lee et al. [7] have noted that while
convolutional neural networks (CNNSs) and recurrent neu-
ral networks (RNNs) can capture either spatial or temporal
aspects of sign language, they often struggle to integrate
these dimensions simultaneously. This lack of integration
can result in an incomplete understanding of gestures, espe-
cially when discerning gestures with similar visual features
but different meanings. Moreover, these systems do not
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differentiate between learners’ proficiency levels, providing
uniform solutions that fail to meet the diverse needs of learn-
ers at different stages.

To address these challenges, this paper introduces a
novel SLTS specially designed for Taiwanese Sign Lan-
guage education. The proposed SLTS offers tailored
approaches for different learner levels, recognizing the
need for specialized educational strategies to improve
both learning efficiency and accuracy. For beginners,
the system selects specific signs for learners to imitate,
emphasizing similarity to a standard reference. Conven-
tional sign language refers to a structured and standardized
system of gestures commonly used in formal education
and textbooks, providing a consistent and reproducible
framework for teaching. In contrast, natural sign language
is the dynamic and context-dependent language used by
deaf individuals in daily communication, which may vary
regionally and evolve over time. Given these inherent dif-
ferences, distinguishing between Conventional and natu-
ral signs allows the system to assess learners' proficiency
more accurately, thereby enhancing the effectiveness and
applicability of the recognition model in instructional
settings. To facilitate this, the proposed SLTS employs
a Siamese LSTM network [10, 11] for passive learning,
enabling learners to compare their gestures with standard
references and refine their movements accordingly. For
advanced learners, who can freely practice a variety of
signs, the system adopts an active learning strategy using
a ConvLSTM network [12—14]. This model first extracts
spatial features through convolutional layers and then
analyzes both spatial and temporal characteristics using
LSTM layers to classify the sign and provide feedback.
The main contributions of this paper are summarized as
follows:

(1) Utilizing a siamese LSTM model to reduce compu-
tational overhead: The proposed SLTS utilizes a Sia-
mese LSTM to efficiently recognize and compare basic
gestures, reducing computational demands and helping
beginners develop foundational skills.

(2) Applying ConvLSTM to capture spatial-temporal
features: The proposed SLTS applies ConvLSTM to
effectively capture complex spatial-temporal features,
allowing for precise recognition of advanced sign lan-
guage gestures.

(3) Adopting tailored learning approaches for diverse
learners: The proposed SLTS provides customized
learning paths for both beginners and advanced learn-
ers by leveraging Siamese LSTM and ConvLSTM net-
works. This targeted strategy ensures that each learner
receives appropriate support according to their profi-
ciency level.



Teaching authentic sign language through multiple representation learning

Page3of18 327

The rest of the paper is organized as follows: Sect. 2 pre-
sents a review of related work to establish the context of
the study. Section 3 describes the problem statement and
research objectives. In Sect. 4, the proposed SLTS mecha-
nism is thoroughly detailed. Section 5 assesses the perfor-
mance of the proposed SLTS. Lastly, Sect. 6 summarizes
the main conclusions and offers suggestions for future work.

2 Related work

This section describes the relevant literature on sign lan-
guage identification, which is integral to machine learning
and deep learning approaches.

2.1 Machine learning approaches for sign language
recognition

Sign language recognition has made significant strides
with the application of machine learning techniques. For
instance, Talukdar and Bhuyan [15] proposed a vision-
based continuous sign language spotting system using
a Gaussian Hidden Markov Model (HMM), which han-
dled the temporal dynamics in continuous sign language
sequences. However, HMM requires a large amount of
training data to accurately model variations in sign lan-
guage, especially when dealing with continuous sign
language sequences. Xie et al. [16] explored federated
learning, specifically applying spike neural networks for
traffic sign recognition. However, federated learning may
lead to inconsistent model performance due to variations
in data distribution and device resources across different
local models.

Some researchers [17-19] integrated elements of both
traditional machine learning and deep learning to improve
recognition performance. For example, Katoch et al. [17]
developed an Indian sign language recognition system by
combining speeded-up robust features with support vector
machines for feature extraction and classification, respec-
tively. They also incorporated a CNN to create a hybrid
approach. However, CNN may have been limited to pre-
processing extracted features, potentially underutilizing the
CNN’s capacity for automatic feature extraction.

To address the above issues, the proposed SLTS utilizes
LSTM to effectively handle temporal dependencies and
extract relevant features in advance. Additionally, the use
of LSTM enhances the model’s capability to extract and
utilize features earlier in the recognition process, leading
to improved overall performance in sign language recogni-
tion tasks.

2.2 Deep learning-based sign language recognition

The application of deep learning in sign language recogni-
tion has significantly advanced the field by enabling mod-
els to capture complex patterns within sign language data.
Wadhawan and Kumar [20] developed a CNN-based system
for static signs, focusing on automatic gesture classification.
However, their approach struggled with dynamic sequences,
which were critical for effective continuous sign language
recognition. To tackle the dynamic aspects of sign language,
Sharma et al. [21] employed deep transfer learning for con-
tinuous sign language recognition. However, their reliance
on isolated sign data restricted the system’s adaptability
across different signers and environments. Zuo and Mak
[22] aimed to improve robustness by introducing consistency
constraints and signer removal techniques. However, their
approach was still limited by the complexity of continuous
sequences and variations in signer characteristics.

Rastgoo et al. [23] enhanced the recognition process by
integrating multi-view hand skeleton data with deep learn-
ing techniques, offering a more comprehensive capture
of spatial information. Despite this, their model was con-
strained by its dependency on skeletal data, which may not
fully consider the nuances of hand gestures. In a different
vein, Bilge et al. [24] explored zero-shot learning for sign
language recognition, targeting the recognition of unseen
signs. While innovative, their model’s effectiveness was lim-
ited by the difficulties associated with learning from mini-
mal or non-existent data samples. Abdullahi et al. [25] and
Han et al. [26] addressed the spatiotemporal complexities in
sign language recognition. Abdullahi et al. [25] introduced
an end-to-end Fourier network for 3D sign language rec-
ognition, focusing on spatial-temporal features. Han et al.
[26] advanced the field by using R(2+ 1)D networks with
spatial-temporal-channel attention to enhance feature focus
across dimensions. However, these systems did not differen-
tiate between learners’ proficiency levels, providing uniform
solutions that failed to meet the diverse needs of learners at
different stages.

Recent work has explored Transformer models for tem-
poral-spatial feature extraction in various tasks, such as the
approach presented by Pareek et al. [27], which modeled
human activity recognition through a Transformer archi-
tecture with attention mechanisms to capture intricate spa-
tial-temporal dependencies. While Transformer models have
demonstrated high performance across many domains, their
computation and memory demands make them better suited
for large-scale datasets and substantial processing resources,
often challenging for real-time applications. Conversely,
the proposed SLTS employs ConvLSTM, which integrates
convolutional and recurrent layers to effectively capture
spatial and temporal features simultaneously. This archi-
tecture aligns well with the sequential nature of complex
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sign language gestures and offers efficient processing for
smaller datasets while ensuring rapid inference. Given the
real-time requirements of sign language recognition, ConvL-
STM offers a well-balanced trade-off between computational
efficiency and temporal-spatial modeling performance, mak-
ing it a practical and effective solution.

In comparison with the related studies, the proposed
SLTS overcomes these challenges by employing a Siamese
LSTM structure for beginners to efficiently compare desig-
nated specific signs. For advanced learners, it incorporates a
ConvLSTM architecture that processes each frame sequen-
tially, capturing both spatial and temporal features simulta-
neously. Additionally, this multimodal integration effectively
differentiates learners at different proficiency levels, provid-
ing tailored feedback and instruction.

3 Notations, assumptions and problem
descriptions

This section provides an overview of the notations, assump-
tions, problem descriptions, and objectives of this paper.

3.1 Notations and assumptions

There is a Taiwanese Sign Language video, consisting of
m continuous frames, denoted asF = (f}, f, ..., f,,), where f;
(1 <i < m) represents the i-th frame captured at the specific
timet;. Each frame f; is thus a data point comprising both the
temporal information, denoted as (f;, ;) and spatial informa-
tion of the gesture, denoted as S: = {sl’.’1 , s;,z, s s;’ o ,sl’.,s L
where sék € S: and [ denote the coordinates of k-th skeletal
key point and quantity of skeletal key points, respectively.
This representation acknowledges that each frame is not
only a static image but also a part of a temporal sequence,
capturing the dynamic nature of the gestures as they evolve.
These frames capture a series of dynamic gestures that are
elements of sign language, a rich visual means of communi-
cation used primarily by the deaf and hard-of-hearing com-
munity. Sign language communication involves hand shapes,
orientations, movements, and facial expressions to convey
meaning. Each frame f; within the video F might contain a
distinct gesture or a segment of a broader gesture sequence,
demanding precise identification and interpretation.

3.2 Problem descriptions

Consider a sign language identification mechanismM. There
are n sigh language words, denoted by C = {|, o, ..., 4, }. Let
U= [2p],,, denote the number of samples that are of the
category -, € C and predicted to be the category,, € C. For
each framef; € F, if the actual category of the sample f; is ,
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and the predicted category is 4,, the proposed SLTS updates
the corresponding value of +, , in matrixZ/. That is

vap = 2ap T L. 1)

Let TP?A denote true positive for 4 using mechanism M.
The value of TPkM can be calculated by Eq. (2).

TPY' = @

Let F Pﬁ/l, FN f’l and TN l/{\/t denote false positive, false nega-
tive and true negative for 4, respectively. The value of F. PM,
FN,ﬁVl and TN,’(M can be computed using Egs. (3), (4), and (5),
respectively.

n

FPY = Y up 3)
x=1x#k
M _ n
FNY = Y @

n

Y )

y=Ly#k

M n
TNk - ZX:I,x#k

Let TPM, F PM, FNM and TN denote true positive, false
positive, false negative, and true negative of all C, respectively.
The value of TPM, F. PM, FN and TN can be measured by
applying Egs. (6)—(9), respectively.

n

TPM = 3 TP, 6)
k=1

FPM = ' FPM. %)
k=1

FNM = ) FNM. ®)
k=1

TNM = ) TN M. ©)
k=1

Let PM s RMand AM denote the precision, recall, and accu-
racy of U, respectively. The values of P, RMand A can be
evaluated by applying Eqgs. (10)—(12), respectively.

TPM
M = — (10
TPM + FP
TPM
RM = ————. (1)
TPM + FN
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M_ TPM + TNM
TPM 4+ TNM + FPM + FNM

12)

Let 1" denote the F1-score of I obtained by the predic-
tion of mechanism M. The value of F1 can be calculated
by Eq. (13).

2 % PM oy RM

FIM =
PM + RM

13)

3.2.1 Objective

Let y is the set of all possible mechanisms employed to
identify the sign language video . The main goal of this
paper is to find the most effective mechanism M € y, which
satisfies Eq. (14).

F1-score objective:

M = arg/n\}ltéﬁflM. (14)

While achieving the best solution, some constraints

should be satisfied. Let Gy(#;) represent the skeleton changes
of a gesture at a normal speed at a time slot ¢;. This func-
tion should include the positions of all key points of the
gesture, capturing the ideal state of the gesture at normal
speed. Consider a time scaling factor A;, where 4; > 0. Time
scaling suggests that the execution speed of the gesture can
be either faster or slower than that of the normal gesture.
Consequently, when the speed of the gesture changes, the
function of the gesture can be represented as Gy (4,1;).
Let Dy,,...(Gy(4,1,), Gy(2;)) denote the difference between
two gestures Gy, (4,t;) and Gy (¢;) which are performed over
different periods 4,f;, andt;, respectively. The value of
Dyeea(Gu(A1)), Gy(1) is defined by Eq. (15).

) d(sfk,ss‘k>
Dspeed(G[U(’llti)’GN (ti)) = Zkzl—’ (15)

w;

where » denotes the quantity of skeletal key points, and

d (si‘.Jk, s;\‘k> is the Euclidean distance between the k-th skel-
etal key points of sE,Jk and s;\‘k. The weight value of w, is cal-
culated based on the time difference, which can be designed
as a time-sensitive function, reflecting that frames closer in
time should contribute more significantly to the overall dif-

ference. The value of w; is calculated by applying Eq. (16).
w; = e~ 1hti=tl (16)

The first constraint is the Speed-Variant Similarity. This
means that a gesture is considered correctly executed if
its similarity to the conventional gesture remains within a

predefined threshold at any time slot ¢;, regardless of the
speed at which the gesture is performed.
(1) Speed-variant difference constraint

Dyyoea(Gu (A1), Gy (1)) < €. forl <i<m, (17)

where €, denotes a difference threshold within which the
gesture is considered correct, and m denotes the total num-
ber of frames. This constraint ensures that regardless of the
execution speeds of the gestures if the similarity between the
gestures Gy,(4,t;) and Gy(t;), remains the allowed difference
€, the gesture Gy,(4,1,) is accepted as correct, as compared
with the conventional gesture Gy(z;).

Let G,(;) and Gy(tj) represent functions describing the
skeletal variations of two distinct sign language gestures
x and y at #; and ;, respectively. Let D ;.,,.,(G,(2,), G,(t)))
denote the distinctiveness between G,(#;) and G(z;). The
value of D ;. (G,(;), G(1,)) can be calculated using a suit-
able metric that quantifies the dissimilarity between their
skeletal structures, potentially based on a comprehensive
assessment of their key points’ positions. That is

Ddistinct(Gx(ti)’ Gy(tj) ) = Zzzld(si,k’ sj,k)’ (18)

where d(s;;.s;; ) is the Euclidean distance between the k-th
skeletal key points of s;, and s; .

The second constraint is Sign Language Gesture Dis-
tinctiveness, which is used to ensure that different sign
language gestures are sufficiently distinctive. This distinc-
tion is important to accurately differentiate between various
gestures.

(2) Sign language gesture distinctiveness constraint

Vi, 150 # ), Dyigines (G (1), G, (1)) 2 €, (19)

where €, denotes a threshold indicating the minimum dif-
ference in similarity for two sign language gestures to be
considered significantly distinct. This threshold should be
large enough to ensure a clear distinction between gestures.
This means that for any two different sign language gestures
x and y, their similarity should at least reach e,, ensuring
that they have sufficient visual or functional distinctiveness.

4 The proposed SLTS mechanism

This paper proposes a novel sign language identification
mechanism, called SLTS, specifically designed for accurate
recognition of sign gestures. This design allows the proposed
SLTS to better cater to the specific needs of each group,
enabling deaf students to gradually enhance their signing
accuracy and fluency based on their skill level using Tai-
wanese Sign Language. As shown in Fig. 1, the proposed
SLTS comprises three phases: Data Preprocessing Phase,

@ Springer
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Fig. 1 The architecture of the proposed SLTS mechanism

Enhancing Learning Efficiency for Beginners with Siamese
LSTM, and Advanced Sign Language Recognition with Con-
vLSTM. The first phase focuses on data preprocessing, which
is further divided into three tasks, including Input Video
Segmentation Task, Key Point Extraction Task as well as
Temporal and Spatial Normalization Task. The second phase
utilizes a Siamese LSTM network to efficiently compare sign
language words, enabling rapid identification by specifically
targeting signs for beginners. In the third phase, the pro-
posed SLTS employs a ConvLSTM model to extract both
temporal and spatial features for advanced learners. This
model thoroughly analyzes each frame of the sign language
video to accurately identify specific words, thereby enhanc-
ing the overall precision and reliability of the recognition
process.

The proposed SLTS adopts a dual learning strategy to
support deaf students with different levels of sign language
proficiency. For beginners, the system uses a Siamese
LSTM model to facilitate passive learning, allowing learn-
ers to imitate and compare their gestures with conventional
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sign language references. While conventional sign lan-
guage primarily consists of individual lexical signs rather
than syntactically structured sentences, each sign gesture
still exhibits sequential motion dependencies, including
trajectory, velocity, and transitional movements between
hand configurations. The Siamese LSTM captures these
temporal dynamics, allowing for more precise differentia-
tion between correct and incorrect executions of a given
sign. For advanced learners, the proposed SLTS integrates
a ConvLSTM model, which actively processes complex
gesture sequences to capture both spatial and temporal pat-
terns in signing. This approach enhances learners' ability
to refine subtle hand movements and improve gesture flu-
ency, effectively supporting advanced signers in mastering
nuanced expressions. By combining these tailored learning
strategies, the proposed SLTS provides a comprehensive
educational tool that adapts to learners’ varying levels,
thus meeting the unique requirements of sign language
education. The following presents the details of these
phases.
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4.1 Data preprocessing phase

This phase aims to clean and standardize the input sign lan-
guage videos, ensuring a consistent and reliable dataset for
the following learning phases. It contains three tasks: Input
Video Segmentation, Key Point Extraction, as well as Spa-
tial and Temporal Normalization.

4.1.1 Input video segmentation task

To address length limitations, each sign language video is
segmented into multiple fixed-length clips. This segmenta-
tion ensures that the model can handle sign language content
without being affected by excessive video length.

Suppose a sign video consists of m continuous frames,
denoted asF = (f}, /5, -...f,,)- As shown in Fig. 2, to facilitate
this segmentation process, let { denote taking one frame
every ¢ frame fromJF, and let ff represent the predetermined
duration for each segment, both measured in frames. Utiliz-
ing this parameter, the proposed SLTS systematically divides
the video F frame by frame with each segment spanning f
frames, generating numerous segments. This division strat-
egy generates a series of segments, ensuring that the video
content is efficiently processed and analyzed.

It is important to note that in scenarios where the number
of frames within a segment falls short of f frames, padding

m=110
T L T T
AL EAMS (D b
i RRRRR R RN RN RN RN RN |

) $ T
foh B ko fs fo fr fs fo fuo

L Every { = 2 frames

UL lul JARRRIIananInnnng
ylofd
WSO

l A l“ A * lﬂl

*
f2 fa fe fs fiopadding

) L J

17531 Toss]

start end start end
Fi Fi™" F; F;
! Y )
m
£ = [ ]=2
{xp

Fig.2 The process of the input video segmentation

techniques are employed to bridge the gap, ensuring uni-
formity across segments. This adaptive approach allows for
seamless processing of videos of varying lengths, enhancing
the robustness and applicability of the model. Let € denote
the number of partitioned segments. The value of £ can be
denoted by Eq. (20).

m
e=[——1.
Exp
Once segmented, the videos are represented as
F=(F,F,, ..., F.) with each segment F, € F compris-
ing precisely f frames. Within each segment, the frames
are indexed from a starting point, denoted as 7'’ =

(20)

x+1°
and continue up to an endpoint, denoted as ff”d = fr+p5- The

value of each frame f,,;, within a segment can be derived
using Eq. (21).

+j°

Jerj =Fo—)xpi- (21

After this segmentation task, the input video is trans-
formed into multiple fixed-length clips, which serve as the
foundational input for the keypoint extraction task.

4.1.2 Key point extraction task

Using the segmented clips, MediaPipe is employed to
extract skeletal key points from each frame, capturing subtle
hand movement changes in sign language. The MediaPipe
framework identifies skeletal points in each frame, creat-
ing a dataset that provides essential features for recognizing
sign language. For frame f;, the set of skeletal key points
using MediaPipe is denoted as S; = {s;’] , s;’z, e s;,x 1, where
s;,k S S: and » denote the coordinates of k-th skeletal key
point and quantity of skeletal key points, respectively. Each
key point S;,k S 8: can be precisely defined by Eq. (22).

/

v '
Sik = (xi,k’yz,k’zi,k>’ (22)

where xl’.’k, yik, and z;k denote the values of s;k along the x, y,
and z axes, respectively.

These coordinates represent the spatial positioning of
each skeletal key point within the frame, enabling a com-
prehensive understanding of hand and body postures. The
precise determination of these coordinates facilitates accu-
rate representation and analysis of sign language gestures,
enhancing the model’s ability to discern subtle nuances in
expression and movement.

The utilization of MediaPipe not only enriches the infor-
mational content of video data but also furnishes the sign
language recognition model with more accurate and compre-
hensive inputs. This meticulous processing step ensures that
the model attains higher levels of accuracy and reliability in
recognizing sign language gestures.

@ Springer
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4.1.3 Spatial and temporal normalization task

This task is crucial in ensuring the precision and consistency
of sign language recognition within the proposed SLTS frame-
work. This task is divided into two steps: Spatial Normaliza-
tion and Temporal Normalization.

The Spatial Normalization aims to standardize the spatial
displacement values of each key skeletal point, ensuring that
the spatial characteristics of different gestures are comparable
scales. To achieve this, the proposed SLTS utilizes Min—-Max
normalization, a technique that adjusts the spatial displace-
ment values within a specified range, typically between 0 and
1. This process involves subtracting the minimum value of
the skeletal key point and then dividing it by the range of the
skeletal key point. Let x;, y;,, and z/, denote the values of
s;’ i along the x, y, and z axes, respectively. Let x; ;, y; 4, and z; ;.
denote the normalized value of x;’ o y;, > and z;’ ,» Tespectively.
The transformation of xlf’ o ylf’ o
be computed from Egs. (23)- (25), respectively.

Al
and z; , into x;, y;z, and z;; can

/ . /
X\ — minx!
l,k lsiSm l,k
Xik = ’ . 7 (23)
maxx;, — minx.,
1<i<m 1<i<m "
/ . /
[ — miny'
yl,k lsigmy”k
Yike = maxy., — miny,’ 24)
1<i<m ik 1<i<m bk
/ . /
Z., — minZ
i,k 1<i<m i,k
ik = 7 — - (25)
maxz, — minz,,
1<i<m Wk 1<i<m b

Let §; = {51,825 -..,5;5} denote the set of skeletal key
points from the frame f; after spatial normalization, where
s;x € S, denotes the spatial normalized coordinates of the k-th
skeletal key point. The value of s;, can be defined as Eq. (26).

Sk = (xi,k’ YidoZik)- (26)

By applying these transformations, the proposed SLTS
ensures that all gestures have a uniform spatial representation,
facilitating accurate comparison and analysis across various sign
gestures.

The Temporal Normalization aims to adjust each time
window from each segment F, € F by leveraging the spatial
displacement between consecutive frames f; and f;, . This
analysis is further refined using a sliding window approach.
Let A,(i, i + 1) denote the spatial displacement between f; and
fir1- The value of A (7, i + 1) can be derived by Eq. (27).

13

where A,(i, i + 1) denotes the change in skeletal key points
between frames. A higher value of A,(i,i + 1) signifies a
more pronounced average increase in movement from the
start of the event, while a lower value indicates a greater
average decrease in movement starting from that time step.

To accurately identify the optimal start and end times of
sign language gestures, let /,,,. and /,,;, denote the maxi-
mal and minimal spatial displacement between f; € F, and
fiz1€ F,, respectively. That is

Imax = argm\ngt(i, i+1), (28)

1, = argn\,};nA,(i, i+1). (29)

The proposed SLTS utilizes these values to accurately
identify the starting and ending of sign language gestures,
subsequently removing video frames outside these bounds.
This careful process results in a refined set of shortened
videos, making it easier to analyze and understand. Let f’r
denote the video proposed by temporal normalization. The
value of f: can be calculated by Eq. (30).

Fo=Afillyax i < Ly + B} (30)

where f represents the predetermined duration for each seg-
ment f’; , measured in frames. By implementing this spatial
and temporal normalization process, the proposed SLTS
ensures enhanced precision and consistency in recognizing
and analyzing sign language gestures.

The preprocessing phase prepares data for the next
phase by ensuring consistent format and timing, mak-
ing it easier for the model to compare different hand sign
sequences accurately. The output from this phase feeds
directly into the next phase, supporting the system in cap-
turing the clearer gesture features.

4.2 Enhancing learning efficiency for beginners
with siamese LSTM

In this phase, the proposed SLTS employs a passive learn-
ing approach for beginners using the Siamese LSTM to
process the normalized key point data prepared during
the data preprocessing phase. The Siamese LSTM is
characterized by its dual-network architecture with shared
weights, enabling it to simultaneously process two video
sequences: conventional sign videos and videos from
beginners. This model is primarily designed to determine
whether the two sign language videos convey the same

AGi+1)= 2 \/((xi,k _xi+l,k)2 + (yig — yi+1,k)2 + (2 — Zi+1,k)2)’ @n
k=1
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sign word by calculating the distance between their key
point features. If this distance falls below a predefined
threshold, the input videos are considered to represent the
same sign language with designates specific signs. This
can allow beginners to focus on imitating movements and
building foundational skills.

Let]-'i = {f!, 21, ,fﬂ’} and ]—']S = ]S, 2S, ,fﬂS} are the
videos from beginners and conventional video sequences that
are taken as the two inputs of a Siamese LSTM. In these
sequences, the video frames f[’ € fﬁ and fis € ‘7_—js , each con-
taining multiple key point skeleton information, are denoted

by fi’. :{S{,l’s{z’ ,sf,s} and fl.S = {sil,sfz, ,sis,s},
respectively.
N 1 — (¢S S s
Let Xll = {xl.’l,xl.,z, ’Xi,s} and X‘f = {Xi,l’xi,2’ ,xi‘s}

denote the feature vectors of frames fl.I and fiS , respectively.
These feature vectors capture the key skeleton information
within the frames. As shown in Fig. 3, let Xﬁ and XJ.S denote
the input feature vectors of ]-"i and ]-'f, respectively. The values
of Xi and XJS can be denoted by Eqgs. (31) and (32),

respectively.

The feature vectors Xi and Xf are then taken as the two
inputs of the two parallel LSTM networks, LSTM; and LSTM g,
respectively. These two LSTM networks have identical struc-
tures and share weights and biases to ensure consistent behav-
ior while processing sequence data. Each network indepen-
dently processes its input sequences, gradually integrating the
time-dependent features within the frames and generating a
composite feature vector representing the entire video
sequence.

Let Hi and Hf denote the final outputs of both sequences.
They are then used to compute the distance using the Euclid-
ean. Let D, ; denote the distance between 'Hi and 'H]S The value
of D, ; can be derived using Eq. (33).
b= -]

In the Siamese LSTM model, the contrastive loss function
is used to enable the model to learn whether the two input
samples are similar. Let L, denote the loss function of the Sia-
mese LSTM model. The value of L, can be calculated using
Eq. (34).

X 1
] ! .xt € 2 2
A (R Ly= 52, (=3 D)+, max(©. = D,))?),
xr = . = : ICEE ) (31) (34)
y x e x!

X;; Al bs where € denotes the batch size, u is a hyperparameter defin-
ing the minimum distance that should be achieved between
samples of different categories, and y, ; denotes the label.

Xlg S .S When both input videos display the same sign language,

P X X o Lo . ;

S=| "2 =] ¢ : 32) ¥,; = 0, the objective is to minimize D, ;, reducing the dis-
J : X§ ) X§ tance between the feature vectors of videos that represent

X; pL bs the same sign language, bringing them closer together. Con-
versely, when the videos display different sign languages,
Yrj = 1, the objective is to maximize D,J-, ensuring the

Dyj = |13t} = 3]

/ l;TM, ------ \
. g - I | -
AU r ! A 1 ! |
5 t f t L t t t |
E [X{,l X{,z Xlé} [Xh Xé,z Xus} [X;m X/’;,z X;Im} E i [Xfa Xf,z Xus} [Xil Xg,z Xzs} [’9?,1 xg,z X/m} i
i X x4 x4 P x5 x5 X |
\ L J AN L J /

. XL ' N x5 S

Fig.3 The process of the Siamese LSTM
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distance is at least p. If D, ; is less than y, the loss is forci-
bly increased by (max(0, u — D, J)Z) to encourage the model
to distance the feature vectors of different sign languages
further apart. In this way, the contrastive loss encourages
the model to cluster samples of the same category closer
together in the feature space while pushing samples of dif-
ferent categories apart, thereby enhancing the model’s per-
formance in sign language video recognition tasks.

During the inference phase, let €; denote the threshold.
If D, ; is less than or equal to €5, the video from beginners
is classified as representing the same sign as the corre-
sponding conventional sign language. Conversely, if the
distance D, ; exceeds €3, the input video is likely to repre-
sent a different sign from the corresponding conventional
sign language. This threshold-based decision helps stream-
line the process by quickly identifying clear matches and
minimizing computational overhead on more complex
recognition tasks.

The Siamese LSTM, with its dual-network shared-
weight design, can simultaneously process both conven-
tional sign language videos and beginner imitation vid-
eos, calculating the distance between key point features
to determine whether the same sign language action is
conveyed. This similarity-based learning mechanism
effectively reduces the complexity of repeatedly compar-
ing conventional sign language actions, thereby improving
learning efficiency. Compared to traditional classification
models, the Siamese LSTM is more sensitive to action
similarity, providing more targeted feedback to help begin-
ners quickly identify and refine their movements.

Beginners receive real-time feedback on gesture simi-
larity, highlighting positional deviations relative to the ref-
erence. This immediate feedback allows learners to make
necessary corrections during the imitation process, ensur-
ing more accurate and fluid sign execution.

Additionally, by using a dynamic threshold for simi-
larity judgment, the model allows beginners to focus on
imitating movements without the need to exactly match
the conventional sign language, reducing learning diffi-
culty and making the foundational skill-building phase
more adaptable and flexible. This phase establishes a basic
understanding of gesture similarity between learners and
conventional sign language sequences, providing valuable
feedback that flows into the next phase.

The transition from beginner to advanced learning is
automated based on a proficiency score calculated from
the Siamese LSTM’s similarity metric. Learners who sat-
isfy the following condition Eq. (35) for three consecutive
sessions are advanced to the ConvLSTM phase, ensur-
ing they are adequately prepared to handle more complex
vocabulary and signing dynamics:

@ Springer
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where N represents the total number of gestures per session,
D'rj represents the similarity distance for the i-th gesture in
session s. [(e) is an indicator function that equals 1 if the
condition inside holds and O otherwise.

4.3 Advanced sign language recognition
with ConvLSTM

This phase offers more sophisticated feedback to learn-
ers who already have a basic command of the movements,
guiding them toward mastering subtle nuances in signing.
The proposed SLTS utilizes an active learning approach for
advanced learners using the ConvLSTM network to tackle
more complex sign language vocabulary. By capturing both
the spatial and temporal features of gestures, the ConvLSTM
network enhances fluency and expressive abilities in real-
world communication scenarios, enabling learners to master
the intricate nuances of sign language.

Figure 4 illustrates the structure of the ConvLSTM. The
ConvLSTM layer maintains a recurrent network architecture,
where each ConvLSTM cell incorporates a memory cell
along with three gates, including input, output, and forget
gates, to model long-term dependencies effectively. The test
video feature vector is represented as Xi € R, which con-
sists of a sequence of f-length across spatial dimensions,

denoted by {(A],....X,.... 4 )Xl € R, 1 <1< p).

Each element X’t' S Xf denotes a specific frame’s feature vec-
tor in the sequence. These elements are fed into the ConvL-
STM cells in the first layer one by one to capture and inte-
grate both the spatial features of individual frames and their
temporal evolution across the sequence. This step-by-step
processing allows the ConvLSTM to discern subtle gestures
and complex motion patterns in the sign language videos,
enhancing the model’s ability to recognize subtle variations
in sign language expressions accurately.

Let F, denote the forget gate. The value of F, can be cal-
culated using the Eq. (36).

Fy=0(Wyr % X + Wyp 5 H_y +by), (36)

where o is the sigmoid activation function, W, and Wy
denote the weights, b is the bias, and H,_, denotes the hid-
den state at time step (f — 1). Let /, denote the input gate. The
value of /, can be calculated using the Eq. (37).

I =0(Wy X + Wy + H_y + b)), (37

where W, and Wy, denote the weights, and b, is the bias.
Let O, denote output gate. The value of O, can be calculated
using the Eq. (38).
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Fig.4 The structure of the
ConvLSTM
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0, =0(Wy, * X+ Wy, x H_, +b,), (38)
where W,,, and Wy, denote the weights, and b,, is the bias.
Let C, denote the memory cell. The value of C, can be
derived from Eq. (39).

C,=F,0C,_, +1,0 (tanh(Wy, * X + Wy, « H_, +b,)).

(39
where WXg and WHg denote the weights, bg denote the bias,
tanh denotes the tan hyperbolic function and © represents
the Hadamard product.

Let H, denote the output. H, captures both spatial and
temporal information at time slot ¢. It can be derived from
Eq. (40).

H, = 0, ® tanh(C,). (40)

Then, the output of the ConvLSTM, denoted by Hﬁ is
fed into the softmax layer to convert it into a probability

- =

War

tanh =——

F

tanh 0,

Hy

= a

o

-
Xi

f
@ @ convolution

ConvLSTM Cell

1

- e o -

~

/
4
-

distribution. This distribution represents the likelihood of
each class being the correct classification for the input Xﬁ .

Let y,; denote an indicator variable, which indicates
whether Xi belongs to category ;. That is

er:{

Lety, j denote the predicted probability by the model that
Xi belongs to category c;. This is the probability for each
category as output by the SoftMax layer after processing
the input.

Let L. denote the loss function of the ConvLSTM model.
The value of L. can be calculated using Eq. (42).

Z Z Yojlog(3,;),

r=1 j=

1,f Xﬁ belongs to category c;,

0, Otherwise. @1

Lc yr,,,yw (42)
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where € and n denote the number of samples in a batch and
the number of categories, respectively. This formulation is
crucial for training the ConvLSTM model efficiently, as it
minimizes the discrepancy between the actual categories of
the inputs and the predictions made by the model.

Through these models, the proposed SLTS mechanism
can effectively process and recognize sign language videos.
It utilizes the Siamese LSTM model to determine the simi-
larity between the beginner’s video and the conventional
sign language video, followed by employing the ConvLSTM
for advanced learners. Advanced learners receive granu-
lar feedback on spatial-temporal patterns, such as motion
smoothness and transitional consistency, to refine expres-
sive fluency. This targeted feedback helps learners develop
more natural and fluid signing, bridging the gap between
structured learning and real-world sign language communi-
cation. This processing approach significantly enhances the
accuracy and robustness of sign language video recognition,
providing tailored learning experiences for sign language
learners at different levels.

4.4 Computational complexity analysis

The proposed SLTS consists of Siamese LSTM and ConvL-
STM, both contributing to its overall computational com-
plexity. The following provides a detailed analysis.

4.4.1 Siamese LSTM complexity

Each LSTM unit typically has a computational complexity
of O(d?) per time step, where d represents the hidden state
size. Given s key points per frame and f frames, the compu-
tational complexity should be O(f.4?) for a single LSTM.
Since Siamese LSTM consists of two parallel LSTM net-
works, the total complexity should be O(2p.4?). That is

0(2pd%) » O(p*), 43)

4.4.2 ConvLSTM complexity

The ConvLSTM is responsible for capturing spatial-tempo-
ral features. At each time step, convolution operations are
applied over a feature map of size M X N using a kernel size
K X K with C input channels. The computational complex-
ity of a single convolution operation is O(K>CMNd). Since
ConvLSTM operates over § frames, the total complexity of
ConvLSTM is O(BK?CMNd).

4.4.3 Overall complexity of SLTS

The total computational complexity of the SLTS is the sum
of the complexities of Siamese LSTM and ConvLSTM:

@ Springer

O(pd®) + O(BK*CMNA).

5 Performance evaluation

This section evaluates the performance improvement of the
proposed SLTS against the existing related studies, espe-
cially the Temporal Attention Module (TAM) [8] and Multi-
Layer Convolutional Neural Networks (ML-CNN) [9]. The
TAM was designed for skeleton-based action recognition by
selecting the most informative skeletons of an action at the
early layers of the network. It further incorporated a light-
weight graph convolutional network to reduce computational
costs. However, TAM does not effectively extract spatial fea-
tures, which limits its ability to capture the full complexity
of sign language gestures. On the other hand, the ML-CNN
focused solely on spatial features without considering tem-
poral dynamics, which could be crucial for understanding
the sequential nature of sign language. The proposed SLTS
addresses these limitations by utilizing both Siamese LSTM
and ConvLSTM architectures to comprehensively consider
both temporal and spatial features. This dual approach sig-
nificantly enhances the accuracy of sign language recogni-
tion by effectively capturing the complex patterns present in
sign language gestures.

5.1 Parameter settings and dataset

Table 1 summarizes the parameter settings used in the exper-
iments. The duration of each segment (f) is set to 90 frames,
with a frame sampling interval ({) ranging from 1 to 10. To
ensure optimal performance, the proposed SLTS was trained
using the Adam optimizer with a learning rate of le-4 for
50 epochs, and a batch size of 32. To mitigate overfitting,
early stopping with a patience of 10 epochs, and monitoring
validation loss. The validation strategy followed a simple
80%-20% train-test split, ensuring a balanced evaluation of
the model’s generalization ability. In the Siamese LSTM
model, the threshold controlling the distance between Hi

Table 1 Parameter settings

Parameter Value

Duration for each segment (/) 90 frames

Frame sampling interval (¢) 1 ~10 frames

Batch size 32
Learning rate le-4
Threshold of distance 0.4~0.8

Validation strategy 80%—-20% train-test split
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Fig.5 Sample videos from the
dataset

Standard

Non-Standard

and Hjs was adjusted within the range of 0.4 to 0.8, optimiz-
ing classification performance.

This paper leverages a publicly available dataset, PHOE-
NIX-2014 [28], which consists of 190 sign language samples
containing 965,940 frames and a total of 1558 words com-
bined into 6861 consecutive utterances. Additionally, a cus-
tom-built dataset of Taiwanese Sign Language is employed,
primarily sourced from the dataset provided by the Sign
Language Translation Association of Taiwan.

Figure 5 showcases sample videos from this dataset. The
dataset comprises 630 video clips, which contain various
sign gestures, including 216 conventional sign language
videos and 414 natural sign language videos. To ensure a
standardized learning framework, conventional sign lan-
guage was chosen as the primary focus of this study, as it
provides a structured and reproducible reference for training
and automatic scoring. In contrast, natural sign language,
which varies in fluency and expressiveness among signers,
was included to enhance model adaptability and robustness.

The dataset features a diverse group of 35 signers (18
male, 17 female) ranging in age from 15 to 50, with vary-
ing levels of signing proficiency. Among them, 22 are natu-
ral signers who acquired sign language from an early age,
while 13 are conventional learners who learned sign lan-
guage through formal education. To account for natural vari-
ations in signing styles, the dataset includes recordings of
both formal classroom signing and real-world communica-
tion scenarios, capturing differences in signing speed, hand
movements, and facial expressions. Videos were recorded
in a controlled indoor environment with consistent lighting
and a fixed camera setup to ensure high data quality and
minimize external variability.

To ensure a robust evaluation, the dataset has been split
into training and testing sets, with an allocation of 80% for
training and 20% for testing purposes. This division ensures
robust model training while allowing for an adequate evalu-
ation of the model’s performance on unseen data.

5.1.1 Simulation results

Figure 6 illustrates the relationship between training and
testing of the proposed SLTS in terms of accuracy and aver-
age classification time across different sampling frame inter-
vals. The sampling frame interval ranges from 1 to 10. The
left y-axis represents accuracy, scaled from O to 1, while
the right y-axis denotes the average classification time.

—O©—The Accuracy of Training
100 T —A—The Accuracy of Testing 2000
—6— Avg. Classification Time of Training
90 —A— Avg. Classification Time of Testing | 1800
80 11600 ‘&
=)
701 1400 2
. S
$ 60t 11200 g
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Q A 4 €
g 50 1000 2
S 4of 1800 &
5
[
30 4600 &b
=
(5]
S
20 400 <
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o ‘ ! ‘ ‘ ! ‘ ‘ ! o
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Sampling Frame Interval

Fig.6 Impact of sampling frame interval on accuracy and classifica-
tion time
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Fig.7 Impact of threshold (e;) on precision, recall, and Fl-score in
Siamese LSTM

As shown in Fig. 6, it is evident that both training and test
accuracy decrease with the sampling frame interval. The
reason is that larger intervals result in less frequent video
sampling, reducing the number of frames available to cap-
ture dynamic gestures in sign language. This leads to a loss
of critical temporal information, making it harder for the
model to accurately identify and differentiate complex sign
movements, thus diminishing its predictive accuracy. The
average classification time also decreases with the sampling
frame interval. The reason is that fewer frames need to be
processed as the interval increases. Consequently, the system
can execute the classification task more quickly because it
handles a smaller volume of data at each step.

As shown in Fig. 6, these trends illustrate a trade-off
between accuracy and average classification time. Shorter
intervals offer more data points and finer granularity,
improving accuracy but increasing computational load. Con-
versely, longer intervals reduce computational demands but
lead to significant drops in performance. These insights are

80
60

40

Recall (%)
Precision (%)

20

(a) Recall.

(b) Precision.

crucial for optimizing sign language recognition systems
and balancing resource constraints with the need for high
accuracy.

Figure 7 evaluates the classification performance of
the Siamese LSTM under different threshold values (e;)
and determines the optimal threshold that balances Preci-
sion and Recall. The value of ¢; varies from 0.4 to 0.8 in
increments of 0.05. As the threshold increases, precision
gradually improves, while Recall decreases. This is because
a lower €5 allows more gestures to be matched, increasing
Recall but also leading to a higher risk of misclassification,
thereby reducing Precision. Conversely, a higher e; accepts
only highly similar gesture matches, improving Precision
but potentially rejecting some correct gestures, resulting in
lower Recall. To achieve an optimal balance between Preci-
sion and Recall, the proposed SLTS adopts the F1-score as
the comprehensive evaluation metric. Experimental results
indicate that when e is 0.6, the F1-score reaches its highest
value (0.826), demonstrating that this threshold provides the
best trade-off between Precision and Recall. Consequently,
this study selects e; = 0.6 as the optimal threshold for Sia-
mese LSTM, enhancing the accuracy and robustness of sign
language gesture recognition for learners.

Figures 8a—c compare the proposed SLTS against the
TAM and ML-CNN in terms of precision, recall, and
F1-Score by varying training data size and number of cat-
egories, respectively. The training data size varies from 50 to
600, while the number of categories varies from 2 to 10. As
shown in Fig. 8, all mechanisms have the common trend that
the precision, recall as well as Fl-score increase with the
training data size. The reason is that larger datasets empha-
size the importance of sufficient training data in developing
effective machine learning models. On the other hand, when
the number of categories increases, the recall, precision, and
F1-Score tend to decrease for all models. The reason is that
a larger number of categories adds complexity and increases
the potential for confusion during classification, making it

Fl-Score (%)

(c) F1-Score.

Fig.8 Comparison of the proposed SLTS, ML-CNN, and TAM in terms of precision, recall, and F1-Score
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1Friedman Test: chi-square=10.00, p-value=0.00674
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Fig.9 The results of the Friedman test using different mechanisms

more challenging for the models to accurately distinguish
between closely related categories.

As shown in Fig. 8, the proposed SLTS consistently out-
performs the other two models across almost all scenarios.
This indicates that the proposed SLTS has a more robust
learning algorithm or perhaps leverages more sophisticated
feature extraction techniques that enhance its sensitivity to
relevant gestures.

Fig. 10 The normalized confu-
sion matrix e 0.00 0.07
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To further validate the effectiveness of the proposed
SLTS, the confidence interval (CI) uses 95% for the macro-
averaged precision, recall, and F1-score. The CI is calculated
as Eq. (44).

15
Cl=5+. | 3( »
n

where y denotes the observed performance metric (e.g., pre-
cision, recall, or Fl-score), n is the sample size, and ~ is the
x-score corresponding to the desired confidence level (1.96
for 95% confidence). These intervals provide insight into the
statistical reliability and variability of the reported results.

Additionally, Fig. 9 presents the results of the Friedman
Test to assess the statistical significance of performance
differences among SLTS, ML-CNN, and TAM. The y-axis
represents the F1-Score, while the x-axis lists the three com-
pared methods. The Friedman test yields a chi-square value
of 10 and a p-value of 0.00674, which is below the conven-
tional significance threshold of 0.05, indicating statistically
significant differences among the three mechanisms. As
shown in Fig. 9, the proposed SLTS outperforms the other
two mechanisms, demonstrating higher median and overall
F1-Score, underscoring its enhanced capability in sign lan-
guage identification.

To further support the error analysis, Fig. 10 depicts
a normalized confusion matrix. The matrix reveals that

(44)
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Fig.11 ROC Curves for the proposed SLTS, ML-CNN, and TAM
mechanisms

Table2 The effectiveness of each component evaluated on the self-
collected dataset

The proposed SLTS Modules F1-Score t-value p-value

Enhancing learning LSTM 0.631 -3.872  0.0012
efficiency for Siamese LSTM ~ 0.826
beginners phase

Advanced sign lan- LSTM 0.651 —4.215 0.0008
guage recognition  ConvL.STM 0.832

phase

misclassifications tend to occur between visually or struc-
turally similar signs. For instance, class c1 is frequently
misclassified as ¢7 and c9, suggesting a visual resemblance
in hand posture or motion trajectory. Similarly, class c8
exhibits confusion with c4, c7, and c9, which may involve
subtle finger movements or overlapping features. These
patterns validate our earlier observation that errors pre-
dominantly arise among similar signs and indicate areas

Table 3 Performance comparison on the PHOENIX-2014 dataset

where incorporating temporal or spatial refinement could
enhance classification accuracy.

Figure 11 illustrates the Receiver Operator Character-
istic Curve (ROC) and Area Under the Curve (AUC) for
the proposed SLTS, ML-CNN and TAM. The proposed
SLTS exhibits a superior performance with an AUC value
of 0.85142. The ROC curve ascends steeply towards the
upper left corner, which suggests a high true positive rate
at low false positive rates. The reason is that the proposed
SLTS utilizes the Siamese LSTM, which computes the
similarity between learners’ gestures and reference signs,
by capturing temporal characteristics such as motion
smoothness, transition consistency, and execution speed.
Unlike traditional classification models that rely solely on
static frame comparisons, the proposed SLTS integrates
both Siamese LSTM and ConvLSTM networks, leverag-
ing sequential dependencies to assess how well a learner
maintains the expected gesture trajectory over time. This
combined approach enhances the model’s ability to distin-
guish between correct and incorrect sign executions with
greater accuracy.

Table 2 illustrates the effectiveness of each component in
the proposed SLTS mechanism, evaluated on the self-collected
dataset, comparing LSTM, Siamese LSTM, and ConvLSTM.
All models used 80%-20% train-test split and trained using
the Adam optimizer (learning rate is le—4), the batch size
is 32, and a maximum of 50 epochs with early stopping
(patience = 10). The models were evaluated based on Preci-
sion, Recall, and F1-score, with a focus on gesture classifica-
tion accuracy. To provide a fair evaluation across all gesture
classes, the proposed SLTS used the macro-F1 score, which
calculates the F1-score for each class independently and then
takes the average:

F1=li2*Pi*Ri

ne TP AR, “43)

where n denotes the total number of gesture classes, P; and
R, denote the precision and recall of the i-th gesture.

Models Backbone Validation (%) Test (%) Inference time (ms) Memory (MB) FLOPs (G)
D/I WER D/I WER
SLT [29] Transformer 11.7/6.5 24.9 11.2/6.1 24.6 / / /
STTN [30] Transformer 4.6/2.5 19.94 4.8/2.4 19.98 6642.84 6300 45.2
LSTM-only Siamese LSTM 6.3/3 20.5 6.5/3.1 20.8 289 89 7.98
ConvLSTM-only ConvLSTM 5.8/2/6 19.3 6/2.7 19.6 418 118 11.79
SLTS (ours) Siamese 512 17.15 5.2/2.1 18.2 359 147 19.77
LSTM + ConvL-
STM
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As shown in Table 2, in the beginner learning phase, the
use of Siamese LSTM shows a substantial improvement in
performance with an F1-score of 0.826, compared to 0.631
when using only LSTM, indicating enhanced learning effi-
ciency for beginners. Similarly, in the advanced sign language
recognition phase, ConvLSTM achieves an F1-score of 0.832,
outperforming the standard LSTM with an F1-score of 0.651.
These results demonstrate that the integration of Siamese
LSTM and ConvLSTM effectively combines spatial and tem-
poral information, leading to improved recognition accuracy.
Statistical significance testing using paired t-tests confirms that
these improvements are statistically significant, with t-values
of —3.872 and —4.215, and p-values of 0.0012 and 0.0008,
respectively. These results highlight the effectiveness of inte-
grating Siamese LSTM and ConvLSTM into the proposed
SLTS framework, as they effectively capture and combine
spatial and temporal information, leading to enhanced recog-
nition accuracy.

Table 3 presents a comparative analysis of the proposed
SLTS, SLT [29], STTN [30], LSTM-only, and ConvLSTM-
only models on the PHOENIX-2014 dataset. The evalua-
tion includes deletion/insertion (D /I) errors, word error rate
(WER), inference time, memory consumption, and computa-
tional cost measured in Floating-Point Operations Per Second
(FLOPs). WER is computed using Eq. (46).

WER = S+ D+1

x 100%, (46)
where S denotes substitutions, D denotes deletions, I denotes
insertions, and N is the total number of words in the refer-
ence text. As shown in Table 3, the proposed SLTS outper-
forms existing methods by achieving the lowest WER while
maintaining efficient inference speed, significantly reducing
the memory and computational burden compared to Trans-
former-based methods. This is attributed to the combination
of Siamese LSTM and ConvLSTM, which not only retains
LSTM’s strength in modeling long-term dependencies but
also enhances spatial feature learning through ConvLSTM.
This hybrid approach maintains high recognition accuracy
while striking a better balance in inference speed, making
SLTS a promising candidate for real-time sign language rec-
ognition applications.

6 Conclusion

This paper proposed a novel sign language identification
mechanism called SLTS, which effectively combines Sia-
mese LSTM and ConvLSTM models. The proposed SLTS
employs passive learning techniques by utilizing the Sia-
mese LSTM for beginners, allowing them to compare their
gestures with sign language actions to assess similarity.

This approach reduces computational demands and aids
beginners in developing foundational skills. On the other
hand, it employs active learning strategies for advanced
learners by leveraging ConvLSTM to capture both the
spatial and temporal features of gestures. This enhances
fluency and expressive abilities in real-world communica-
tion scenarios, enabling learners to master the intricate
nuances of sign language. The effectiveness of SLTS has
been demonstrated through the experiments, showcasing
its ability to outperform existing models in terms of pre-
cision, recall, and F1-Score. Future work will focus on
adapting the system for real-time applications, making it
viable for use in live interactions and as a communica-
tion aid for the deaf and hard of hearing. This adaptation
will require refining the model to achieve faster processing
speeds while maintaining high accuracy, ensuring it can
operate effectively in dynamic real-world environments.
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