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Comparative Learning for Cross-Subject Finger
Movement Recognition in Three Arm

Postures via Data Glove
Lei Jiang , Fengmeng Zeng, and Annie Yu

Abstract— Reliable recognition of therapeutic hand and
finger movements is a prerequisite for effective home-
based rehabilitation, where patients must exercise without
continuous therapist supervision. Inter-subject variabil-
ity, stemming from differences in hand size, joint flex-
ibility, and movement speed limit the generalization of
data-glove models. We present CLAPISA, a contrastive-
learning framework that embeds a Siamese network into
a CNN–LSTM spatiotemporal pipeline for cross-subject
gesture recognition. Training employs a 1: 2 positive-to-
negative pairing strategy and an empirically optimized
margin of 1.0, enabling the network to form subject-
invariant, rehabilitation-relevant embeddings. Evaluated on
a bending-sensor dataset containing twenty young adults,
CLAPISA attains an average accuracy of 96.71 % under
leave-one-subject-out cross-validation outperforming five
baseline models and reducing errors for the most challeng-
ing subjects by up to 12.3 %. Although current validation is
limited to a young cohort, the framework’s data efficiency
and subject-invariant design indicate strong potential for
extension to elderly and neurologically impaired popula-
tions, our next work will be to collect such data for further
verification.

Index Terms— Siamese network, comparative learning,
cross-subject, data glove, finger movement recognition.

I. INTRODUCTION

THE human hand plays a central role in executing fine
motor tasks such as eating, dressing, and operating

electronic devices. With population ageing and the
growing prevalence of neurological disorders—including
stroke and Parkinson’s disease—the number of individuals
suffering hand-motor dysfunction is rapidly rising, seriously
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undermining independence and quality of life [1]. Although
in-clinic hand-rehabilitation programmers improve motor
function and facilitate recovery [2], they depend heavily
on therapist supervision, imposing high labour costs and
limiting continuous, individualized training after discharge.
Home-based rehabilitation systems therefore offer a promising
alternative, allowing patients to exercise independently while
being monitored remotely [3], [4], [5]. A cornerstone of
such systems is reliable, calibration-free recognition of hand
and finger movements, which enables progress assessment,
automated feedback, and adaptive therapy.

Among sensing technologies, data gloves with flexible
bending sensors provide an attractive compromise between
accuracy, wearability, and cost. They capture joint-level
motion precisely while remaining comfortable for long-term
use by older adults. Previous research has trailed many other
sensing approaches, camera tracking [6], electromyography
(EMG), force myography (FMG), inertial measurement units
(IMUs) [7], [8], [9] and multimodal fusion can raise accuracy
in complex conditions [10]. Yet, gesture-recognition mod-
els still struggle to generalize across subjects. Physiological
and biomechanical differences, hand size, muscle tone, joint
flexibility, movement speed, introduce large inter-subject sig-
nal variations and degrade performance [11], [12]. Because
extensive subject-specific calibration is impractical in-home
settings, developing robust, calibration-free models remains
essential for scalable rehabilitation technology. However, data
gloves themselves are not without drawbacks, bulkier designs
can impede natural movement, and emerging alternatives such
as acoustic, vibratory, and optical sensors [13], [14], [15],
[16], [17] are still in validation and not yet ready for everyday
home use. Given ease-of-use requirements for elderly users,
this study focuses on flexible-sensor data gloves and on
algorithms that tolerate inter-subject variability.

To achieve anatomically informed monitoring, sensors must
be positioned at the three primary joints of every finger—
metacarpophalangeal (MCP), proximal interphalangeal (PIP),
and distal interphalangeal (DIP) (Fig. 1a). Because the
motions of these joints are highly coupled and often nonlin-
ear [18], [19], [20], measurements from all three locations are
required to capture subtle, gesture-specific dynamics (Fig. 1b).
Consequently, our gesture-recognition system fuses MCP, PIP,
and DIP signals for fine-grained analysis. Hand-gesture recog-
nition algorithms fall into two broad categories: static-posture
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Fig. 1. Overview of the hand. a. Finger knuckles. b. Suggested positions
of the finger sensors.

classification and dynamic-trajectory recognition. Classical
pipelines rely on handcrafted features [9], [21], [22], [23]
and usually attain only moderate accuracy because they model
shallow patterns.

Modern deep-learning approaches learn features end-to-
end: CNNs capture spatial sensor relationships [24], RNNs/
LSTMs model temporal dynamics [25], [26], and hybrid or
attention-based architectures further boost performance [27],
[28], [29], [30], [31], [32]. Nevertheless, physiological
and kinematic variability, hand size, muscle strength, joint
flexibility, movement speed, remains a major obstacle to
cross-subject generalization [33], [34]. Recent adaptive strate-
gies (e.g. multi-dataset pre-training [34], ALS-SVM [35],
and transfer-learning CNNs with attention [36]) improve
subject-specific accuracy, yet substantial room remains to cut
calibration effort and increase robustness for unseen users.

To address the above challenges, we propose a novel
neural network architecture named Contrastive Learning for
Arm Posture and Intersubject Alignment (CLAPISA), which
combines Siamese networks with contrastive learning to
significantly enhance cross-subject generalization capabilities
in gesture recognition. Compared to more complex contrastive
learning frameworks [37], the Siamese structure offers
advantages such as straightforward implementation, reduced
data requirements, and robust feature consistency, making
CLAPISA particularly suitable for deployment in home-based
rehabilitation scenarios with limited resources. The main
contributions of this study are as follows:

(1) A two-stage spatiotemporal feature extraction module is
developed within each branch of the Siamese network, where
convolutional layers extract spatial features and an LSTM
module captures the temporal dynamics of hand movements.
By incorporating contrastive learning, CLAPISA explicitly
pulls intra-class samples closer and pushes inter-class samples
farther apart in the embedding space. This leads to significantly
improved feature compactness (intra-class distance: 2.26) and
separability (inter-class distance: 15.77) compared to baseline
models.

(2) Extensive cross-subject experiments using leave-
one-subject-out cross-validation (LOSOCV) demonstrate
the effectiveness of CLAPISA. The model achieves an
average classification accuracy of 96.71%, with individual
accuracies ranging from 91.57% to 100%. Notably, for
hard-to-classify subjects such as S02, S05, S13, and S19,
CLAPISA outperforms the CNN–LSTM baseline by a

substantial margin (up to +12.31%), reflecting its strong
robustness and reduced performance variance across subjects.

(3) CLAPISA exhibits superior capability in distinguishing
kinematically similar gestures, such as G03, G04, and G07,
with significantly lower misclassification rates than baseline
models. This confirms the model’s effectiveness in capturing
fine-grained differences in hand movement patterns, which is
critical for practical deployment in rehabilitation monitoring
and gesture-controlled interfaces.

In summary, CLAPISA provides an integrated, data-
efficient, and highly generalizable framework by leveraging the
complementary strengths of Siamese networks and contrastive
learning for multisensor gesture recognition. The remainder of
this paper is organized as follows: Section II reviews related
work, Section III introduces the proposed method, Section IV
presents experimental evaluations of CLAPISA, Section V
discusses the findings, and Section VI concludes the paper.

II. RELATED WORK

A. General Flow of Finger Movement Recognition
Finger movement recognition using data gloves has attracted

significant research interest, driven by advancements in flexi-
ble bending sensor technology [38]. The recognition process
generally comprises four key stages: data recording, data
preprocessing, feature extraction, and classification modeling.
Each stage addresses critical challenges, such as inter-subject
variability and environmental noise, to ensure accurate and
robust recognition.

1) Data Recording: The experimental setup involves defin-
ing essential parameters, including the type of data glove,
sensor placement, sampling rate, trial duration, repetitions, and
finger movement categories. Participant-related factors, such
as sample size, demographic diversity, and hand dominance,
are carefully controlled to ensure the representativeness of the
data. Standardized instructions and controlled conditions, such
as consistent lighting and minimal noise, minimize variability
and enhance data reproducibility.

2) Data Preprocessing: Raw sensor data often exhibit vari-
ability owing to differences in physiology, sensor placement,
and movement patterns. Normalization techniques, such as
Z-score scaling, standardize sensor outputs across subjects,
while noise reduction methods, including low-pass filtering
and wavelet denoising, suppress artifacts and improve signal
fidelity. These preprocessing steps ensure the quality and
comparability of data for subsequent analysis.

3) Feature Extraction: Feature extraction involves multidi-
mensional analysis to derive discriminative patterns. Time-
domain features, such as mean, variance, and skewness,
characterize temporal dynamics. Frequency-domain features,
including spectral entropy and power spectral density, capture
repetitive motion characteristics. Spatial-domain features, such
as joint trajectories and inter-joint angles, provide insights into
biomechanics and coordination. By integrating these domain-
specific features, a comprehensive representation is achieved,
supporting robust recognition and generalization.

4) Classification Model: Machine learning models classify
the extracted features into predefined categories. Subject-
dependent models achieve high accuracy in personalized tasks,
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whereas subject-independent models are designed for general-
ization across subjects. Recent advancements, such as transfer
learning and domain adaptation, have been utilized to bridge
the gap between these approaches, enabling broader and more
adaptable applications.

B. Contrastive Learning
Contrastive learning, as a self-supervised learning paradigm,

effectively extracts meaningful representations by contrasting
positive and negative sample pairs [39]. This mechanism
has been widely adopted across various fields, demonstrating
exceptional performance in fine-grained image recognition,
text classification, and cross-modal analysis. For instance,
instance-based contrastive learning distinguishes individual
objects or images, making it ideal for tasks requiring detailed
differentiation [40]. Class-based contrastive learning, on the
other hand, focuses on separating data by class labels, which
is particularly advantageous in label-scarce scenarios [41].
In medical imaging, global-local contrastive learning has been
employed to improve lesion detection by contrasting holistic
and localized features [42].

In the domain of hand movement and gesture recogni-
tion, contrastive learning has shown significant promise in
feature extraction from large-scale datasets. For example,
Lai et al. [43] pre-trained hand gesture models on surface
EMG (sEMG) data using contrastive learning, followed by
fine-tuning and domain adaptation with limited labeled sam-
ples. Similarly, Dai et al. [44] utilized contrastive learning to
integrate Wireless Fidelity and video data, facilitating com-
plementary feature extraction across modalities and enhancing
cross-target gesture recognition.

The proposed method in this study generates self-supervised
labels by aligning inter-subject data through feature alignment,
allowing the model to learn shared flexion patterns reflected
in joint trajectories and movement dynamics across individ-
uals and postures. This approach highlights the potential of
contrastive learning to enhance generalization across subjects,
hand motion types, and environmental variations, offering a
robust framework for advancing hand motion recognition in
small-sample and diverse datasets.

III. METHODS

A. Data Materials
The dataset provided by Hu et al. [45] was employed

in this study. Table I summarizes the specifications of the
sensor glove dataset, which was collected in real-time using
a CyberGlove II. This device records the bending angles of
15 finger joints during various hand movements, as illustrated
in Fig. 1(b). The dataset includes 20 participants performing
12 distinct single- and multi-finger flexion and extension
gestures across three arm postures. Each gesture was repeated
three times at both fast and slow speeds, with each repetition
lasting 10 seconds and recorded at a sampling rate of 20 Hz
(Fig. 2).

B. Dataset Preprocessing
Individual differences in factors such as sex, age, hand size,

muscle strength, and joint flexibility introduce variability in

TABLE I
SUMMARY OF EXPERIMENT DATASET

Fig. 2. Experimental procedure and data acquisition. a. Designed
gestures for single- and multi-finger movements. b. Finger movement
data recording process in three arm positions.

finger movement recognition benchmarks. To address these
discrepancies and ensure data consistency, we applied zero-
mean normalization across each sensor axis for all samples:

X k∗
i, j =

X k
i, j − X̄ k

σC . (1)

Here, X k
i, j represents the raw data from the k-th sensor,

where i = 1, 2, . . . , T ime denotes the time index, and
j = 1, 2, . . . , Point signifies the sampling index within each
second. ¯Xk and σC are the mean and standard deviation of
the k-th sensor, respectively.

This normalization ensures that each sensor’s processed data
has a mean of 0 and a standard deviation of 1, which is critical
for maintaining consistency and comparability across subjects.
By mitigating the impact of individual differences and sensor
discrepancies, this process enhances the robustness of gesture-
recognition models. Furthermore, normalization minimizes
the influence of sensor-specific noise, enabling the model to
focus on gesture-specific features rather than device-dependent
variations. This step is particularly important for multisensory
data to ensure model generalizability and accuracy.

C. CLAPISA Framework
The CLAPISA framework for cross-subject finger-

movement recognition under three arm postures (Fig. 3)
adopts a two-stage design: Stage I employs a Siamese
network and contrastive loss to learn a subject-invariant
embedding, and Stage II keeps this encoder fixed while
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Fig. 3. Proposed CLAPISA method for cross-subject finger movement recognition in three arm postures.

training a lightweight classifier that maps single-sample
embeddings to gesture labels.

1) Contrastive Learning for Feature Extractor:
a) Data preparation and pair creation: The dataset D con-

sists of individual data points d i ∈ D, each representing a
gesture instance. Each data point is structured as a three-
dimensional (3D) array, where the first dimension corresponds
to the gesture sequence duration (10s), the second dimension
represents the 20 sampling points per second, and the third
dimension corresponds to the 15 sensor channels. Formally,
each data point is expressed as d i ∈ R10×20×15. The gesture
label set is defined as L = {1, 2, . . . , 12}, and for each label
l ∈ L, an index set Il contains all gesture instances with
label l.

Positive Pairs: For each Il , two distinct samples d i , d j
(where i, j ∈ Il and i ̸= j) are randomly selected to form a
positive pair (d i , d j , 1), represented as:

Positive Pairs =
{(

d i , d j , 1
)
|i, j ∈ Il , i ̸= j, ∀l ∈ L

}
.

(2)

Negative Pairs: For each index i ∈ Il , a different label m ∈

L(m ̸= l) is selected, and a sample index j ∈ Im is randomly
chosen to form a negative pair (d i , d j , 0), represented as:

Negative Pairs

=
{(

d i , d j , 0
)
|i ∈ Il , j ∈ Im, l ̸= m, ∀l, m ∈ L

}
. (3)

For N subjects, G gesture classes, and K times per gesture,
the number of positive pairs is N · G · C(K , 2), and the
number of negative pairs is N · G · K · (G − 1). In this

study, we retain ordered pairs (di , d j ) and (d j , di ) to increase
gradient diversity.

b) Siamese network: The Siamese network comprises two
identical subnetworks, sharing the same architecture and
parameters. The goal is to project gesture samples into a
feature space where positive pairs are close together, and
negative pairs are far apart.

The network processes the input gesture data d i , d j ∈

R10×20×15, and each subnetwork extracts features to compare
the input pairs using a contrastive loss function. The specific
details are as follows:

Step 1: CNN Module—Spatial Feature Extraction
The CNN module is responsible for extracting spatial fea-

tures from the input data. The convolutional layers apply filters
to the input data and learn spatial patterns within the gesture
sequences. The output of the convolutional layer is computed
as:

X conv = E LU (W conv · d + bconv) . (4)

where Wconv and bconv are the weights and biases of the
convolutional layer. The exponential linear unit (ELU) activa-
tion function is applied to improve gradient propagation and
mitigate the vanishing gradient issue. The ELU function is
expressed as:

f (x) =

{
ex

− 1, x < 0
x, x ≥ 0.

(5)

The ELU activation function helps suppress irrelevant data
by transforming negative values while enhancing feature
representation.



JIANG et al.: COMPARATIVE LEARNING FOR CROSS-SUBJECT FINGER MOVEMENT RECOGNITION 2535

Step 2: LSTM Module—Temporal Feature Capture
After spatial feature extraction, the LSTM module captures

long-term dependencies in the gesture data. This module
captures the temporal dynamics of the gesture sequences,
which is crucial for accurate recognition. The operation is
defined as:

ht = L ST M(X conv, ht−1), (6)

where ht is the hidden state at time t , and ht−1 is the hidden
state from the previous time step.

Step 3: Fully Connected Layer—Feature Representation
To refine the extracted spatial and temporal features, a fully

connected layer is applied

f = E LU (W denseht + bdense) . (7)

where Wdense and bdense are the weights and biases of the
fully connected layer. The ELU activation preserves nonlinear
characteristics while mitigating gradient vanishing issues.

Step 4: Distance Evaluation
The feature representations fi and f j from the two sub-

networks are compared using the Manhattan distance (L1
distance). The L1 distance between two feature vectors fi and
f j is calculated as:

d
(

fi , f j
)

=

∑ ∣∣ fi − f j
∣∣ . (8)

This distance measures the sum of absolute differences
between corresponding components of the two vectors, reflect-
ing their dissimilarity. During training, positive pairs (similar
gestures) are optimized to minimize this distance, while neg-
ative pairs (dissimilar gestures) are encouraged to have larger
distances.

In this framework, L1 distance is preferred over Euclidean
distance (L2 distance) for the following reasons: (1) L1 dis-
tance is less sensitive to outliers compared to L2 distance.
In gesture recognition tasks, where certain data points may
be noisy or contain outliers (e.g., sensor noise), L1 distance
helps prevent these outliers from disproportionately affecting
the model’s performance; (2) L1 distance is often preferred
in high-dimensional spaces, as it tends to be more efficient
for certain types of features (e.g., sparse or categorical data).
In this case, the gesture data is high-dimensional, and L1 dis-
tance has shown to yield better performance in previous studies
for similar tasks; (3) Based on preliminary experiments,
L1 distance was found to outperform L2 distance in terms
of classification accuracy and robustness to noise, making it a
more suitable choice for this specific application.

c) Contrastive loss: The contrastive loss function is
designed to encourage similar samples to be closer together
while pushing dissimilar samples farther apart in the feature
space. The contrastive loss function is defined as:

L
(
ytrue, ypred

)
= mean(ytrue·y2

pred + (1 − ytrue)

·max(margin − ypred , 0)2). (9)

where ytrue ∈ {0, 1} indicates whether the pair is similar (1) or
dissimilar (0). ypred is the predicted distance between the pair.
The margin is a hyperparameter that defines the threshold for
dissimilar samples.

For similar pairs (ytrue = 1), the loss reduces as ypred
decreases, minimizing the distance between the feature repre-
sentations. For dissimilar pairs (ytrue = 0), the loss penalizes
the model if ypred is less than the margin, encouraging the
network to increase the separation between dissimilar samples.

In summary, the Siamese network in the CLAPISA frame-
work effectively combines CNN and LSTM modules to
process multisensory gesture data. The CNN module extracts
spatial features, while the LSTM module captures temporal
dependencies. The feature representations are then compared
using Manhattan distance, and the network is trained with
a contrastive loss function. This approach ensures robust
and accurate gesture recognition by optimizing the model to
distinguish between similar gestures in the feature space.

2) Classifier and Evaluation Procedure: The CLAPISA
framework is evaluated through a structured two-stage training
and validation pipeline, combining subject-invariant represen-
tation learning with classification performance assessment.
This section introduces the classifier training strategy, eval-
uation protocols, and evaluation metrics.

a) Classifier and training strategy: The CLAPISA frame-
work adopts a two-stage training strategy to decouple repre-
sentation learning and classification. In Stage I representation
learning, a Siamese encoder is trained using contrastive loss to
learn subject-invariant and gesture-discriminative embeddings.
The embedding space is optimized such that similar gestures
are pulled closer together, while dissimilar ones are pushed
apart; (2) In Stage II classifier training, once the encoder is
trained, its weights are frozen. One branch of the Siamese
network is used as a fixed feature extractor. Individual gesture
samples are encoded into embeddings, which are then fed into
a lightweight classifier composed of a fully connected layer,
a dropout layer (to prevent overfitting), and a final SoftMax
layer for 12-class gesture prediction. The classifier is trained
using cross-entropy loss to assign class labels based on the
extracted embeddings.

b) Evaluation protocols: To evaluate the framework’s gen-
eralization ability and stability, two validation protocols are
employed: (1) 5-Fold CV, used to assess robustness across
random data splits. The dataset is divided into five subsets,
each serving as the validation set once, while the remaining
four are used for training. This process is repeated across
10 random seeds to ensure statistical consistency and stability;
(2) LOSOCV, used to evaluate generalization to unseen sub-
jects. In each iteration, data from one subject is held out for
testing, while the model is trained on the remaining subjects.

c) Performance metrics and evaluation stages: To compre-
hensively evaluate CLAPISA, we adopt a two-stage evaluation
strategy aligned with the two-stage training pipeline. Each
stage focuses on different capabilities and uses tailored
metrics.

Stage I Representation Quality Assessment (Feature
Extractor Evaluation): this stage focuses on evaluating the
learned embedding space generated by the Siamese network.
To measure how well the network captures discriminative
and compact representations, we construct ordered positive
and negative pairs from test set and compute the following
metrics.
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Class-Intra Distance (Within-Class Distance). Measures the
compactness of samples within the same class, where smaller
values indicate better intra-class consistency.

Dintra =
1

|C |

∑
i, jϵC,i ̸= j

∥∥ fi − f j
∥∥ (10)

Class-Inter Distance (Between-Class Distance). Measures
the separation between different gesture classes in the feature
space.

Dinter =
1

|C1| |C2|

∑
iϵC1, jϵC2,i ̸= j

∥∥ fi − f j
∥∥ (11)

Fisher Discriminant Ratio (FDR). This metric evaluates the
separability of classes by comparing within-class variance to
between-class variance. A higher FDR indicates better class
separability.

F DR =
Sbetween

Swi thin
(12)

where Sbetween is the between-class scatter matrix and Swi thin
is the within-class scatter matrix.

Stage II Classification Performance Assessment (Clas-
sifier Evaluation): in this stage, the encoder is fixed, and
a SoftMax classifier is trained and evaluated on individual
samples, simulating real-world deployment. The following
methods are used.

Accuracy. The overall accuracy, representing the proportion
of correctly classified samples across all fold or all subjects,
given by:

Accuracy =

∑12
i=1 C(i,i)∑12

i=1
∑12

j=1 C(i, j)
. (13)

Loss. The cross-entropy loss computed on the test set
during classification, indicating classification confidence and
convergence.

In summary, the classifier training and evaluation process
ensures a comprehensive and robust assessment of the model’s
performance. By employing a combination of cross-validation
methods (5-Fold and LOSOCV), class-intra and class-inter
distances, and FDR, the framework is thoroughly evaluated
for its generalization ability across subjects and its ability to
discriminate between different gestures.

IV. RESULTS AND ANALYSIS

A. Division and Data Preparation
To evaluate the CLAPISA framework, we adopted two

validation strategies: 5-Fold CV and LOSOCV. Each strategy
follows a distinct data partitioning and sample pair generation
protocol.

1) 5-Fold Cross-Validation: In the 5-Fold CV setting, the full
dataset of 4320 samples was first split into a training-validation
set (3456 samples) and a test set (864 samples) in an 8:2 ratio.
This split was performed under 10 different random seeds (2,
12, 22, 32, 42, 52, 62, 72, 82, 92), each time generating a new
training-test partition to obtain ten independent experimental
results. These repetitions serve to evaluate the stability and
generalization of the model under varying data splits.

TABLE II
SUMMARY OF DATASET AND PAIR DISTRIBUTION (5-FOLD CV)

TABLE III
SUMMARY OF DATASET AND PAIR DISTRIBUTION (LOSOCV)

Positive and negative sample pairs were constructed on the
entire 3456-sample training-validation set before applying
K-fold partitioning. For each gesture category (288 samples),
intra-class combinations were used to generate positive
pairs based on the formula C (288, 2) = 41, 328. Thus,
across 12 gesture classes, we obtained 991,872 positive
pairs. Negative pairs were generated by pairing each
sample from one gesture class with all samples from the
remaining 11 classes, with a theoretical number of 5,474,304
(C (12, 2) · 2882). To control for imbalance, we down-
sampled negative pairs to maintain a 2:1 negative-to-positive
ratio, yielding 1,983,744 negative pairs. These 2,975,616
total training pairs are then evenly partitioned into 5 folds
for contrastive learning training and validation. For final
evaluation, the fixed test set (864 samples) was used to input
to the SoftMax classifier for final gesture recognition.

2) Leave-One-Subject-Out Cross-Validation (LOSOCV): In
LOSOCV, each round selects one subject (216 samples) as
the independent test set, while the remaining 19 subjects
(4104 samples) form the training-validation set. A total of
20 rounds are performed to ensure every subject is used
once for testing. On the 4104-sample training-validation set,
we constructed 1,399,464 positive pairs (C(342, 2) · 12) and
2,798,928 negative pairs (down-sampled from C (12, 2) ·3422)

using the same intra- and inter-class strategy as in 5-Fold CV.
During testing, only the 216 test samples from the held-out
subject were used to evaluate the quality of the embedding
space learned in Stage I, while the 216 test samples were
input to the softmax classifier for final gesture recognition.
A detailed summary of data partitions and corresponding pair
distributions is provided in Tables II and III.

B. Proposed Framework and Comparative Results
As illustrated in Fig. 3, CLAPISA consists of two

weight-sharing Siamese branches. Each branch follows the
sequence Conv2D → TimeDistributed-Flatten → LSTM →

Dense 1 embedding. The two embeddings are compared
through an L1-distance layer followed by a sigmoid unit,
and the network is pre-trained with a contrastive loss. After
pre-training, one branch is frozen as the feature extractor.
A classification head (Dense2 → Dropout → SoftMax) is
appended and fine-tuned on single-sample inputs. The key
hyperparameter settings are report in Table IV, which were
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TABLE IV
HYPERPARAMETER SEARCH SPACE AND BEST VALUES

TABLE V
ARCHITECTURAL COMPOSITION OF THE SIX MODELS

tuned by Keras-Tuner RandomSearch under 5-fold cross-
validation. The full search space is shown in Table IV. Other
parameters, ELU activation, Adam optimizer and the final
SoftMax-12 layer were fixed. The best setting, selected by
the highest validation accuracy and lowest validation loss,
employs a 3 × 3 kernel with 15 filters, 64 LSTM units, two
128-dimensional embedding layers, 0.5 dropout, learning-rate
1 × 10−4 and batch-size 32.

To evaluate the contribution of each module in CLAPISA,
we conducted comparative experiments on six models
(see Table V): CNN (spatial-only), LSTM (temporal-only),
CNN–LSTM (spatio-temporal), CL-CNN, CL-LSTM and
CLAPISA. No additional tuning was performed for the
baselines, each baseline inherits layer-by-layer the opti-
mal hyper-parameters listed above in Table IV. Thus, CNN
(3 × 3 × 3 kernels (15 filters, ELU) → 2 Dense-128 →

Dropout 0.5 → Dense-12); LSTM (LSTM-64 → 2 Dense-
128 → Dropout 0.5 → Dense-12); CNN-LSTM (CNN →

TimeDistributed-Flatten → LSTM → 2 Dense-128 →

Dropout 0.5 → Dense-12). All models share the same
learning-rate 1×10−4, batch-size 32 and Adam optimizer. For
CL variants, the twin-branch structure and contrastive loss are
added, while main layers and all hyperparameters are identical
to their baselines.

To further investigate the impact of the margin hyper-
parameter in the contrastive loss function, we conducted
additional experiments by varying the margin among {0.9,
1.0, 1.1} during the Siamese encoder training in the CLAPISA
framework. The results show that a margin of 1.0 yields the
best classification performance. A smaller margin (e.g., here
0.9) tends to cause insufficient separation between dissimilar
pairs, thereby reducing inter-class distance and impairing class
discriminability. Conversely, a larger margin (e.g., here 1.1)
may over-penalize closely spaced dissimilar pairs, leading
to increased intra-class variance and reduced feature com-
pactness. Accordingly, margin of 1.0 was adopted as the
default configuration for all CL-based models in subsequent
experiments.

Fig. 4. Comparison of the proposed method with the baseline method
under 5-fold CV and the LOSOCV. a. Intra-class distances of feature
representations across six models. b. Inter-class distances of feature
representations across six models. c. Comparison of Fisher discriminant
ratio (FDR) among six models. d. Test accuracy and loss under 5-fold
CV. e. Test accuracy under LOSOCV. Statistical significance: p<0.05(∗),
p<0.01(∗∗), p<0.001(∗∗∗), and p<0.0001(∗∗∗∗).

All experiments were implemented using TensorFlow and
Keras on an Apple M2 Max (64 GB RAM). Under each of
10 random seeds, we conducted 5-fold cross-validation on
a 3456-sample training/validation set. For CL-based models,
contrastive training was performed on 991,872 positive and
1,983,744 negative pairs. The model with the lowest validation
loss in each seed-fold combination was selected and evalu-
ated on a held-out 864-sample test set. Final results report
seed-averaged metrics on both feature embedding and clas-
sification performance. We evaluated representational quality
using average intra-class distance (lower is better for compact-
ness), inter-class distance (higher is better for separability),
and Fisher Discriminant Ratio (FDR), as shown in Fig. 4(a)
and (b).

The CNN-only model showed poor intra-class compact-
ness (44.71) and moderate inter-class separability (141.64),
indicating that relying solely on spatial features was insuf-
ficient to effectively distinguish gestures. The LSTM-only
model significantly improved feature compactness (intra-class
distance = 3.01) but exhibited limited inter-class separation
(9.33), highlighting that temporal feature alone, though bene-
ficial, are insufficient for reliable gesture differentiation. The
CNN–LSTM model further improved feature compactness
(3.07) and separability (11.09), demonstrating the benefits of
spatial–temporal feature integration. Introducing contrastive
learning significantly increased inter-class distances, especially
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in spatial features (CL-CNN: 591.85; CL-LSTM: 177.79),
confirming that contrastive learning effectively enhances class
separability. The complete CLAPISA framework achieved the
best performance, exhibiting the lowest intra-class distance
(2.26) and a high inter-class distance (15.77). This result
highlights the synergistic effect of integrating spatiotemporal
features with contrastive learning, significantly surpassing all
other comparative models.

For classification performance evaluated using accuracy,
loss, and FDR under the 5-Fold CV setting (Fig. 4 (c) and (d)),
the CNN–LSTM baseline achieved the highest test accuracy
(99.03%) and lowest test loss (0.038), indicating strong gener-
alization ability. The proposed CLAPISA framework closely
followed, achieving 98.53% accuracy and significantly lower
test loss (0.060). Notably, although the accuracy of CLAPISA
was slightly below CNN–LSTM, it showed the highest FDR
(7.00), indicating superior feature separability and robustness
in dealing with complex cross-subject gesture recognition
tasks.

C. Cross-Subject Generalization Analysis
To further assess the generalization ability of the proposed

CLAPISA framework and its ablated variants, we employed
the LOSOCV method. The experimental results are depicted
in Fig. 4(e). The CNN model achieved an accuracy of 92.55%,
suggesting that while spatial features alone provide some
degree of generalization, they are insufficient for handling
cross-subject variability. The LSTM model reached 90.88%
accuracy, indicating moderate classification performance but
limited stability, suggesting that relying solely on tempo-
ral features hinders robust generalization. In contrast, the
CNN–LSTM model, which integrates spatial and temporal
features, achieved 94.47% accuracy, confirming that fusing
spatial and temporal information effectively enhances cross-
subject generalization. When contrastive learning was applied
individually to spatial or temporal features (CL-CNN and
CL-LSTM), the accuracies were 91.83% and 85.92%, respec-
tively, both lower than that of the CNN–LSTM model. This
finding suggests that incorporating contrastive learning into
either spatial or temporal features alone does not substantially
improve generalization performance. The proposed CLAPISA
framework outperformed all models, attaining an average
accuracy of 96.71%, demonstrating that the synergy between
spatiotemporal feature fusion and contrastive learning signifi-
cantly enhances cross-subject generalization.

To further explore model generalization, we examined
individual subject accuracy under both the baseline methods
and the CLAPISA framework, as illustrated in Fig. 4(e) and
Fig. 5. The LSTM and CL-LSTM models performed poorly
on certain subjects (e.g., S11, S13, S15), yielding the lowest
mean accuracy and the highest variance, reinforcing that tem-
poral features alone are insufficient for robust generalization.
The standalone contrastive-learning models (CL-CNN and
CL-LSTM) exhibited inconsistent generalization, highlighting
the importance of integrating contrastive learning with spa-
tiotemporal features. The CNN–LSTM model demonstrated
relatively stable performance. However, CLAPISA outper-
formed CNN–LSTM for most subjects, underscoring the added
benefits of contrastive learning combined with spatiotemporal

Fig. 5. Comparison of the proposed method with the baseline method
via the LOSOCV method.

Fig. 6. Statistical analysis of worst-case gesture misrecognition across
subjects.

Fig. 7. Most frequently recognized incorrect gestures.

feature fusion. This advantage was particularly pronounced for
challenging subjects such as S02 (+6.02%), S05 (+7.42%),
S09 (+2.31%), S13 (+7.87%), S15 (+3.7%), S18 (+2.31%),
and S19 (+12.31%).

To gain deeper insight into the challenges of cross-subject
generalization, we analyzed the performance of the CNN–
LSTM model at the individual-subject level. Fig.6 highlight
the most frequently misclassified target classes for each sub-
ject, gestures G07, G03, G06, G04, and G11, likely due to
the high kinematic similarity among these gestures. while
Fig.7 shows the most commonly confused gesture pairs across
subjects.
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Fig. 8. Misclassification Heatmaps for CNN–LSTM and CLAPISA (LOSOCV, G01–G12). a. Confusion matrix of CNN–LSTM. B. Confusion matrix
of the proposed CLAPISA. c. Difference matrix between CLAPISA and CNN–LSTM.

Fig. 9. Recognition accuracy across arm postures under LOSOCV.

Building upon this observation, we aggregated confusion
matrices from all 20 subjects under the LOSOCV set-
ting to compare global misclassification patterns between
CNN–LSTM and CLAPISA. As illustrated in Fig. 8(a–c),
CNN–LSTM frequently misclassified gestures such as
G02→G05 (20 times), G03→G06 (21 times), G04→G07
(18 times), G06→G08 (20 times), G07→G09 (21 times),
G11→G12 (14 times), and G12→G01 (17 times), revealing
its limited capacity to distinguish between highly similar
gestures. In contrast, the CLAPISA framework substantially
reduced misclassification in these key gesture pairs. Specif-
ically, it lowered the misclassification counts by 16, 13, 8,
4, 4, 8, and 9 respectively (see Fig. 8(b) and (c)). These
quantitative results confirm that the integration of contrastive
learning and spatiotemporal feature fusion in CLAPISA sig-
nificantly enhances the model’s ability to differentiate between
confusable gestures.

To further validate the robustness of the proposed frame-
work under varying arm configurations, for each test subject in
the leave-one-subject-out validation, the 18 trials were divided
according to arm posture: P01 (Trials 1-6, elbow flexed at
90◦, palm parallel to the ground), P02 (Trials 7-12, elbow
flexed at 90◦, palm perpendicular to the ground), and P03
(Trials 13-18, elbow flexed at 45◦, palm perpendicular to
the ground). Mean recognition accuracy for every subject in
each posture was analyzed with a one-way repeated-measures
ANOVA (GraphPad Prism 9). The test revealed no systematic
effect of posture on classification accuracy, F = 0.4612, p =

0.6329 (Fig. 9). Variance homogeneity was satisfied (Brown–
Forsythe p = 0.352; Bartlett’s p = 0.113). These results
demonstrate that CLAPISA maintains consistent performance

across the three arm configurations. In summary, while the
CNN–LSTM model performs well in cross-subject tasks, the
CLAPISA framework achieves more robust generalization by
integrating spatiotemporal features with contrastive learning
strategies.

In summary, the experimental results comprehensively
demonstrate that the proposed CLAPISA framework, through
the integration of contrastive learning and spatiotemporal
features, significantly enhances feature representation and
classification robustness, yielding superior performance in
cross-subject gesture recognition compared to all baseline and
ablated models.

V. DISCUSSION

This study proposed the CLAPISA framework for cross-
subject gesture recognition, integrating a Siamese network and
contrastive learning into a CNN–LSTM spatiotemporal model
to address generalization challenges posed by inter-individual
variability. To rigorously evaluate the effectiveness of this
approach, we conducted experiments using 5-Fold cross CV
and LOSOCV methods. The experimental results clearly
demonstrated that CLAPISA significantly improved several
critical metrics, including reduced intra-class distances,
increased inter-class distances, and enhanced FDR. These
outcomes confirm the effectiveness of combining contrastive
learning with spatiotemporal features to enhance feature
representation and generalization.

Detailed analyses further revealed that CNN-based spatial
modeling alone provided good inter-class discrimination
but lacked intra-class compactness, whereas LSTM-based
temporal modeling achieved better feature cohesion but
compromised inter-class separation. Although fusing CNN
and LSTM improved the overall performance, it remained
insufficient for resolving gesture confusion across subjects,
particularly for highly similar motions. To overcome this,
CLAPISA incorporated a Siamese architecture to construct
contrastive pairs, which significantly optimized the feature
space. Intra-class distances were reduced to 2.26, and
inter-class distances were increased to 15.77, resulting in an
average LOSOCV accuracy of 96.7%, outperforming both the
CNN–LSTM model (94.47%) and other baseline methods.

Sampling strategies also played a key role. Contrastive
learning relies heavily on the balance between positive and
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TABLE VI
COMPARISONS WITH STATE-OF-THE-ART METHODS

negative pairs. We empirically adopted a 1:2 positive-to-
negative ratio, which enhanced model stability and representa-
tion reliability, consistent with previous findings on contrastive
frameworks [47], [48]. Furthermore, margin values in the con-
trastive loss function were tuned (0.9, 1.0, 1.1), with the best
results achieved at margin of 1.0. This configuration balanced
inter-class separation and intra-class cohesion, further improv-
ing classification accuracy. Future research could explore
adaptive margin mechanisms or distribution-aware contrastive
losses for increased flexibility in real-world applications.

In addition, CLAPISA delivered consistent recognition
accuracy across the three arm postures (P01-P03). On
LOSOCV accuracy, a one-way repeated-measures ANOVA
revealed no significant main effect of posture. Nevertheless,
persistent misclassifications were observed for gesture pairs
with high kinematic similarity (e.g., G03, G04, G06, G07,
G11, G12). For example, minimal differences in middle
and ring finger bending led to confusion between G06
and G07. Future work will incorporate finer kinematic
descriptors or complementary sensing modalities—such as
surface electromyography (sEMG) or vision-based tracking,
to further improve discrimination.

It is also important to contextualize our findings with
respect to other state-of-the-art methods. While Table VI
summarizes reported accuracies from representative models
using diverse datasets and sensor types, direct comparison
should be made with caution due to variations in experimental
settings and modalities. To ensure fairness, we implemented
baseline models (CNN, LSTM, CNN–LSTM, CL-CNN, and
CL-LSTM) under identical conditions on the same dataset
(see Table V). CLAPISA consistently outperformed all these
baselines, supporting its superior feature learning capabilities.
The references in Table VI serve primarily as contextual
benchmarks rather than direct competitors.

Despite the encouraging results, several limitations warrant
should be discussed. First, the dataset comprises only
20 healthy young participants (age 24 ± 2), which limits
generalizability to broader populations, including elderly
individuals and those with motor impairments. Nevertheless,
CLAPISA is inherently well-suited for such scenarios. Its
subject-invariant feature encoding and contrastive learning
mechanism allow it to generalize effectively from limited data,
making it ideal for transfer learning, few-shot learning, and
incremental learning tasks. These capabilities are crucial for
deployment in clinical rehabilitation and assistive technology
for aging populations. Second, although the CyberGlove
II sensor used in our study provides high-resolution joint
motion data that contribute to high recognition accuracy,
its cost, potential drift, and comfort limitations may hinder
scalability. Future work should consider lower-cost, ergonomic

alternatives or adopt multimodal sensing approaches (e.g.,
sEMG, inertial sensors, vision-based tracking) to broaden
practical applicability.

In summary, CLAPISA significantly advances cross-subject
gesture recognition by integrating contrastive learning
and Siamese networks with spatiotemporal feature fusion.
It demonstrates high generalization capacity, even for difficult-
to-distinguish gestures and diverse arm postures. The frame-
work offers substantial potential for practical deployment in
rehabilitation, virtual reality, and human–computer interaction,
while paving the way for future developments in personalized
and adaptive gesture recognition systems.

VI. CONCLUSION

This work presented CLAPISA, a cross-subject gesture-
recognition framework that embeds a Siamese network
with contrastive learning into a CNN-LSTM spatiotempo-
ral pipeline. The model forms compact intra-class clusters
and well-separated inter-class distributions, thereby alleviating
subject-to-subject heterogeneity. Under leave-one-subject-out
cross-validation, CLAPISA achieved 96.7 % accuracy, out-
performing five strong baselines and markedly reducing errors
for subjects with high variability. Performance gains stem
from a balanced 1: 2 positive/negative pairing scheme and
an empirically optimized margin of 1.0, which stabilize
contrastive representation learning. CNN-based spatial encod-
ing and LSTM-based temporal modeling further sharpen
discrimination of subtle hand-motion nuances. A key next
step is deployment in larger, clinically relevant cohorts,
including elderly users and patients with motor impairments.
Domain-adaptation, few-shot, and incremental strategies will
be explored to maintain performance across disease stages
and rehabilitation timelines. Remaining challenges include
confusion among gestures with near-identical kinematics.
Future work will incorporate finer motion descriptors and
complementary sensing (e.g., surface-EMG, skeletal or vision
data). In summary, by unifying spatiotemporal fusion, Siamese
architectures, and contrastive learning, CLAPISA delivers a
transferable, generalizable solution for cross-subject gesture
recognition and establishes a solid foundation for real-world
systems in hand rehabilitation, human–computer interaction,
and VR/AR interfaces.
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