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Abstract: Deep learning models for yoga pose classification traditionally require large, diverse, carefully annotated datasets, which are
costly and time-consuming. While open-source yoga datasets are available, collecting and annotating new ones, especially for complex
poses, remains a significant challenge. This limitation motivated the use of few-shot learning (FSL) to enable efficient pose classifica-
tion under limited data conditions. This study proposes ResProtoNet, combining a ResNet-18 feature extractor with a Prototypical
Network classifier, evaluated against a supervised baseline using RGB and skeleton-based images. The latter contains joint-based pose
encodings extracted via the MediaPipe model. Experiments conducted on five fundamental yoga poses under 1-shot, 3-shot, and
S-shot configurations demonstrated several findings. First, ResProtoNet consistently outperformed the ResNet-18 baseline, achieving
98.2% accuracy in the 3-shot setting, compared to 97.6%. Second, ResNet-18 consistently delivered the strongest baseline performance
across both modalities, underscoring its robustness and justifying its role as backbone. A key contribution is a comprehensive stress
test comparing RGB and skeleton modalities within an FSL context. Robustness analysis highlighted that skeleton-based input pre-
served up to 20% higher accuracy under heavy occlusion and reduced accuracy loss by 5.7% under resolution degradation, confirming
resilience when visual information degrades. In contrast, RGB retained advantages under light occlusion and higher-resolution inputs,
where texture and background remained informative. Overall, applying FSL to a supervised baseline enables reliable pose classifica-
tion under limited supervision, substantially reducing dependence on large-scale annotated datasets. ResProtoNet demonstrated strong

potential for real-world healthcare and exercise monitoring systems, where annotated resources and data quality are constrained.
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1. Introduction

Human pose estimation (HPE) has emerged as a crucial
area in computer vision, with broad applications in healthcare,
sports analytics, rehabilitation, and human-computer interac-
tion. The ability to automatically detect and classify human
body postures enables systems to provide real-time feedback and
guidance, which is particularly valuable in physical activity moni-
toring, healthcare settings, and training environments [1, 2]. With
the growing trend of home-based fitness, there is an increasing
demand for systems that can provide posture analysis and cor-
rective feedback without requiring physical supervision. Among
various physical activities, yoga has gained popularity across
age groups due to its health benefits [3]. However, the correct
execution of posture is essential to avoid injuries and to maxi-
mize effectiveness [4]. Professional guidance is not always readily
available, and online classes often lack real-time, personalized
feedback. This creates an opportunity for automated yoga pose
classification systems to provide accessible, flexible, and accurate
guidance for practitioners.
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Recent advances in deep learning and computer vision have
enabled the development of automated models for yoga pose clas-
sification [5]. These systems rely on convolutional neural networks
(CNNs) or related architectures to classify human postures from
image or video data. However, existing approaches that rely on
raw RGB images face significant challenges due to high variability
in body structures, clothing, lighting, and backgrounds [6]. Such
factors introduce noise that distracts models from learning struc-
tural posture features, resulting in reduced classification accuracy.
To mitigate these issues, skeleton-based pose representations have
been proposed as a promising alternative [7, 8]. By extracting key-
point landmarks and encoding them as skeletal structures, these
representations emphasize spatial and structural relationships
while minimizing irrelevant appearance features. MediaPipe, for
instance, has demonstrated reliability in generating skeletonized
input by detecting 33 body landmarks of the human body [9].

Furthermore, collecting and labeling yoga pose data is time-
consuming and resource-intensive and requires expert annotation
to capture subtle differences between poses. Training robust deep
learning models typically requires thousands of labeled samples
that capture variations in poses. Although open-source datasets
exist, they are often inconsistent and require extensive filtering,
leaving only small amounts of usable data. This becomes more
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problematic in small variation pose classification tasks, where
small differences between poses demand a large amount of labeled
training data. To address the problem, few-shot learning (FSL)
has emerged as a promising approach, enabling models to gener-
alize effectively from only a few labeled samples per class [10, 11].
By framing classification as a metric-learning problem, FSL tech-
niques can learn robust representations that transfer knowledge
from seen to unseen classes [12].

Nevertheless, FSL studies remain underexplored in the
domain-specific problems such as yoga pose classification, where
both subtle inter-class differences and intra-class variability pose
unique challenges. Another important consideration is the input
modality. While RGB images provide rich visual details, they
are prone to background noise and appearance variations. In
contrast, skeleton-based representations abstract human body
keypoints into structural information, potentially offering greater
robustness and interpretability.

This work addresses three main objectives. First, to propose
ResProtoNet, a skeleton-aware few-shot framework specifically
designed to address the dual challenges of limited data and
environmental constraints. Unlike generic FSL applications, this
framework integrates a geometric pose abstraction pipeline with
metric-based learning to ensure reliable classification even when
visual information is degraded. Second, to systematically compare
RGB and skeleton-based input modalities across several base-
lines, specifically quantifying their robustness to occlusion and
resolution degradation. Third, to assess the input modality trade-
offs, identifying the specific conditions under which each modality
offers greater advantages for real-world deployment.

These objectives motivate three research questions:

1) Can the integration of FSL enhance yoga pose classification
compared to supervised baselines?

2) How do RGB and skeleton-based input modalities differ in
feature representation quality, robustness to occlusion and
resolution degradation, and classification performance?

3) Under what conditions does each modality (RGB vs skeleton)
offer greater advantages?

The paper is organized as follows. The Literature Review
section presents related works, including an introduction to
HPE, trends in yoga pose classification, and the introduction
of FSL. The Methodology section shows the dataset prepara-
tion, model architecture, and experimental setup. The result and
discussion section reports the performance of classification exper-
iments under a few-shot configuration and baseline, followed by

robustness and efficiency analyses of RGB and skeleton-based
input modalities. The conclusion section concludes the study and
provides recommendations for future work.

2. Literature Review

HPE utilizes computer vision and machine learning to local-
ize keypoints in images and videos, thereby forming a skeletal
representation of the body. Modern HPE systems typically output
2D coordinates (x, y) for each joint; some methods also estimate
3D positions with depth (x, y, z) [13]. Recently, HPE has gar-
nered increased attention from various industries due to its wide
range of applications across different domains, including video
surveillance, medical monitoring, and security systems [14].

A list of HPE applications is presented in Table 1, indicat-
ing the growing demand and usage of posture classification in
real-life applications [15]. To significantly advance HPE research
and deployments, several open-source frameworks were publicly
available [16]. OpenPose was the first real-time multi-person 2D
pose estimator, providing 18-25 keypoints and achieving robust
results on challenging in-the-wild datasets [17]. PoseNet simpli-
fied pose estimation by enabling lightweight inference on mobile
devices [18]. MediaPipe, developed by Google, introduced a highly
efficient deep learning—based model optimized for edge devices,
achieving state-of-the-art (SOTA) speed-accuracy trade-offs. It
utilizes a BlazePose 33-landmark topology, covering not only
major skeletal joints but also finer regions, such as hands, feet,
and facial features [9, 19].

2.1. Yoga pose classification

Yoga is a well-known exercise for its numerous health ben-
efits, including stress management, improved muscle strength,
and enhanced body coordination. Despite all the attractive ben-
efits of yoga, improper posture can still lead to severe injuries
and accidents. Therefore, an increasing amount of research has
been conducted in recent years, aiming to utilize the advance-
ments in computer vision and deep learning techniques to improve
yoga pose classification and identification. While early systems
often relied on cumbersome hardware like depth sensors or wear-
able Inertial Measurement Units (IMUs) to recognize postures,
vision-based deep learning approaches have become increasingly
dominant [20]. Typically leveraging CNNs or transfer learning on
pretrained models, these modern systems require only standard
camera inputs; for example, Gadhvi et al. [5] recently proposed a

Table 1
Applications of HPE in various fields

Field

HPE applications

Sports analytics
correction
Security systems
identification
Medical surveillance and

rehabilitation monitoring

Elderly care
Human-computer interaction

Fitness and personal training
platforms

Monitoring athlete performance, improving techniques, preventing injuries, and yoga
Suspicious behavior detection, abnormal posture recognition in surveillance for threat

Tracking patient posture during rehabilitation exercises, fall detection, and physiotherapy

Monitoring posture for fall prevention, activity tracking for health assessment
Controlling devices through body posture and gesture recognition

Providing real-time feedback on exercise posture for home workouts and digital fitness
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highly accurate edge-Al solution for posture correction, entirely
eliminating the need for specialized external sensors

More recently, skeleton-based approaches have been explored
to provide a compact and interpretable representation of human
posture. Garg et al. [21] combined MediaPipe keypoint extraction
with a CNN to achieve real-time pose recognition, illustrating how
modern pipelines that fuse skeleton keypoints with deep learning
architectures can yield efficient and robust results. Such methods
reduce reliance on raw image data and focus on structural features
of the human body, which often improves generalizability across
lighting conditions and backgrounds.

Furthermore, several studies have sought to balance recog-
nition accuracy with computational efficiency. For instance,
Shourie et al. [22] proposed YogaPoseVision, a lightweight CNN
based on MobileNetV3, fine-tuned with transfer learning on a
curated dataset of yoga poses. Their results demonstrated strong
classification accuracy while retaining efficiency suitable for real-
time applications, highlighting the potential of lightweight models
for mobile and resource-constrained environments. Similarly,
Aruna et al. [23] leveraged a pretrained ResNet-18 architecture
with transfer learning, achieving 94.93% test accuracy on a Kag-
gle dataset. Other studies had focused on maximizing accuracy.
Kashyap et al. [24] explored the family of EfficientNet models
(B0-B7), demonstrating that EfficientNet-B7 yielded the high-
est performance with 97.61% accuracy for yoga pose detection.
Tayal et al. [25, 26] compared MobileNet, VGG19, and Efficient-
Net under six different optimizers, reporting that EfficientNet
with AdaDelta achieved the strongest results (97.45% accu-
racy, Fl-score 0.98), thereby emphasizing the critical influence
of both architecture selection and optimizer choice. Similarly,
Rajendran and Sethuraman [27] proposed DensePoseCompare,
a comparative framework assessing DenseNet121, DenseNet169,
and DenseNet201 across a five-class yoga dataset. Their results
revealed that DenseNet201 attained an outstanding 99.07%
accuracy, outperforming its counterparts.

Research on yoga poses has emerged as a growing domain,
with numerous researchers dedicating considerable effort to this
field. Figure 1 shows the number of papers published from 2016
to 2024 through Google Scholar. It clearly indicates a significant
increase in interest among the scientific community. Although
several more keywords can result in relevant publications, such

as “yoga pose grading” and “yoga classification,” those are not
being included in this research count.

2.2. Data challenges and few-shot learning

A central challenge in yoga pose classification is accurately
annotating data. Verma et al. emphasize that prior datasets for
pose classification mostly cover basic actions and lack coverage
of complex yoga postures, resulting in poor generalization to real-
world practice [26]. Collecting large, diverse, labeled datasets for
all postures is impractical, as many poses have few examples, and
labeling fine-grained body configurations is both labor-intensive
and time-consuming [28]. Besides, deep learning models typi-
cally require thousands of examples per class to achieve robust
accuracy. In domains with limited samples, these models tend
to overfit and fail to generalize to new poses or variations. This
motivates the use of FSL techniques.

FSL is a technique designed to accurately recognize new
classes given only a limited number of labeled samples [29].
Unlike supervised learning, which learns from a large dataset,
FSL enables image classification even when fewer than 10 labeled
examples are available for each class [30]. This approach focuses
on learning the similarity between different classes. In FSL, there
is a standard protocol written as N-way K-shot, where K-shot
refers to the number of labeled examples in the support set per
class, while N-way refers to the number of classes to identify [31].
In the broader domain of human analysis, FSL has been exten-
sively applied to action and gesture recognition. For instance,
skeleton-based FSL frameworks often utilize Graph Convolu-
tional Networks or temporal alignment techniques (e.g., Dynamic
Time Warping) to match dynamic motion sequences across sup-
port and query sets [32]. Similarly, meta-learning approaches such
as Relation Networks have been adapted for fine-grained gesture
recognition, successfully classifying hand movements from limited
video samples by exploiting temporal dependencies [33].

However, these existing approaches are insufficient for yoga
pose classification for two key reasons. First, most action recogni-
tion models rely heavily on spatiotemporal features extracted from
video sequences, whereas yoga pose assessment often requires
the analysis of static, peak-pose images where temporal cues are
absent. Second, generic skeleton-based FSL methods typically

Figure 1
Estimated number of papers published from 2016 to 2024 with the keyword “yoga pose Classification”
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focus on coarse movement patterns (e.g., “walking” vs. “run-
ning”). In contrast, yoga classification is a fine-grained structural
problem, where subtle differences in joint angles (e.g., the align-
ment of the knee in Warrior I vs. Warrior II) determine the
class validity. Standard FSL baselines frequently struggle to cap-
ture these minute structural nuances without domain-specific
adaptation, highlighting a significant gap in the current literature.

Furthermore, FSL offers several specific frameworks that
could be applied to pose classification. In metric-based FSL,
matching networks perform classification by a learned weighted
nearest neighbor over the support set [34]. Prototypical Net-
works compute class centroids in an embedding space and classify
query points based on the nearest-prototype distance [35]. Both
networks had been extended with episodic training to improve
generalization. Pachetti and Colantonio showed that Prototypi-
cal Networks serve as strong baselines for medical image tasks
[36]. In practice, these networks typically use Euclidean distance
as the similarity metric and require a feature extractor trained
on a related class. While most FSL research targets action and
gesture recognition, the principled application of prototypical or
matching networks to skeleton-based pose features remains an
open avenue. Incorporating such networks with skeleton-derived
embeddings can facilitate the easy clustering of structured coor-
dinate data in the embedding space, thereby offering a promising
direction for yoga pose classification. This study focuses strictly on
static image classification to evaluate structural integrity without
reliance on temporal transition data.

3. Research Methodology

This section outlines the methodology employed to design,
implement, and evaluate the proposed ResProtoNet framework
for yoga pose classification. The framework leverages a ResNet-
18 backbone within a Prototypical Network architecture. While

the combination of ResNet-18 and Prototypical Networks is
established in general image classification, its application to fine-
grained yoga pose assessment remains underexplored. The novelty
of the ResProtoNet framework lies not in the backbone architec-
ture itself but in the systematic integration of skeleton-based pose
encoding as a prior for metric learning. By discarding irrelevant
textural variation (e.g., clothing, background) via the skeletoniza-
tion module, the framework forces the Prototypical Network to
cluster samples based solely on geometric structural similarity.
This creates a domain-adapted FSL pipeline that is robust to the
high intra-class variability typical of yoga datasets.

To ensure reproducibility and consistency with the reported
findings, the methodology follows a structured pipeline compris-
ing seven key components: data preparation, data preprocessing,
skeletonization, data merging and selection, data splitting,
ResProtoNet model architecture, and experimental setup.

3.1. Data preparation

The dataset was obtained from the Kaggle platform and
comprises 1,551 images (stored in .jpg, .png, and .jpeg formats)
covering five common poses, including Downward Dog, God-
dess, Tree, Plank, and Warrior I, as illustrated in Figure 2. This
dataset consists of distinct, independent images collected from
diverse sources (web-scraped), rather than correlated video frames
extracted from continuous recording sessions. This ensures that
the subjects, environments, and lighting conditions are highly
variable between samples.

Since the images represent distinct instances rather than tem-
poral sequences, a random train-test split effectively mitigates the
risk of data leakage (e.g., the same subject appearing in identi-
cal conditions in both sets). Furthermore, the inclusion of the
skeleton-based modality serves as a validation check (by removing
background and appearance cues); thus, the model relies solely
on geometric pose features for classification.

Figure 2
Kaggle open-source dataset of five yoga poses

Downward Dog Pose

P

Tree Pose

04

W

Goddess Pose

Plank Pose

Warrior2 Pose



Artificial Intelligence and Applications Vol. 00 Iss. 00 2026
Table 2
Distribution of yoga poses in the dataset
Pose Training samples Testing samples Total
Downward dog 223 97 320
Goddess 180 80 260
Tree 160 69 229
Plank 266 115 381
Warrior 11 252 109 361
Total 1081 470 1551

The initial dataset consists of training data and testing data,
with a 70:30 ratio, as shown in Table 2.

3.2. Data preprocessing

To ensure data quality and consistency, the preprocessing
pipeline was divided into four sequential steps, including skele-
tonization, merging and selection, and dataset splitting, as shown
in Figure 3.

3.3. Skeletonization

In the first stage, skeletonization was performed to generate
a dataset that captured only human pose information. All raw
images were processed using MediaPipe Pose, a lightweight HPE
framework that implements the BlazePose model. BlazePose is
capable of detecting 33 anatomical keypoints from a single RGB
image, including major joints such as the shoulders, elbows, hips,
knees, and ankles.

Figure 4 shows the raw and skeletonized images. For each
image in the dataset, the detected landmarks were connected using
predefined skeletal edges, and the resulting skeleton was rendered
on a black background to form a new image. This process ensured
that only body pose information was retained, while eliminating
background, lighting, and clothing variations. Each skeletonized
image inherited the class label of its corresponding raw image,
thereby preserving dataset consistency. In subsequent experiments,
the two datasets—raw images and skeletonized images—were used
independently to train and evaluate the classification models.

3.4. Data merging and selection

The original dataset obtained from Kaggle contained images
distributed across separate training and testing folders. However,
the division was inconsistent across classes; some poses had pro-
portionally more training images, while others had more testing
samples. To eliminate this imbalance, all images were first merged
into a single dataset for each representation type (raw and skele-
tonized). This ensured uniformity and allowed the application of
a consistent splitting strategy in later stages.

After the merge, a manual cleaning process was conducted
to enhance data quality. Images containing multiple individuals
were removed to avoid ambiguity in class labeling, as the system
is designed to classify single-person poses. In addition, duplicate
images were identified and discarded to prevent model overfit-
ting caused by repeated samples. Another critical cleaning step
involved discarding incomplete poses, where subjects were par-
tially cropped, misaligned, or captured mid-transition between
asanas, as these could introduce noise into the training process.

For the skeleton dataset, additional quality checks were nec-
essary. Since skeletonization relies on accurate keypoint detection,

Figure 3
Opverview of the data preprocessing pipeline
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some images produced incomplete or distorted skeletons due to
occlusion, unusual camera angles, or poor lighting. To ensure a
fair comparison between input modalities, a synchronized clean-
ing strategy was employed; if a sample was identified as invalid
in either domain (e.g., containing multiple individuals in RGB or
failing keypoint extraction in skeleton), it was removed from both
datasets.

This intersectional approach ensured that the final RGB and
skeleton datasets were perfectly aligned, containing the exact same
set of valid yoga instances. Through this merging and selection
process, both the raw and skeletonized datasets were refined into
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Figure 4
Examples of skeletonized yoga poses generated using MediaPipe Pose

Tree Pose

Downward
Dog Pose

Plank Pose

high-quality collections of single-person, correctly labeled, and
fully visible yoga poses, ensuring reliable inputs for subsequent
training and evaluation phases. Figure 5 shows an example of
valid and invalid sample data.

3.5. Data splitting

After merging and cleaning, the refined datasets were divided
into training and testing subsets to facilitate model development
and performance evaluation. An 80:20 split ratio was adopted,
following common practice in machine learning research, where
80% of the data is allocated for training and the remaining 20% for
testing. This ratio provides a sufficient number of samples to train
the model effectively while preserving a representative portion of
the data for unbiased evaluation.

The split was applied consistently across both the raw image
dataset and the skeletonized dataset to ensure a fair comparison
between the two input modalities. Within each class, images were

randomly partitioned to preserve class balance across training and
testing subsets. After splitting, the training set consisted of a total
of 519 images, for the following classes, including 100 images
for Downdog and Goddess each, 99 for Plank, 80 for Tree, and
140 for Warrior2. The test set, used for model evaluation, com-
prised 130 images with 25 images for each of the following classes,
including Downdog, Goddess, and Plank each, 20 for Tree, and
35 for Warrior2.

3.6. ResProtoNet model architecture

The skeleton-ResProtoNet framework integrates a ResNet-
18 backbone network with a Prototypical Network under FSL
configuration. The overall architecture is illustrated in Figure 6.
This design utilizes the feature extraction capability of ResNet-
18 while leveraging the distance-based classification mechanism
of Prototypical Networks to generalize effectively from limited
training samples.

Figure 5
Examples of invalid data removed during cleaning. If a sample failed in either (a) RGB visual check or (b) skeleton extraction, excluded
from both experimental datasets
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Figure 6
ResProtoNet model architecture
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3.6.1. Input modality

Two input modalities are considered in the architecture. First
is the raw RGB image, which contains full visual information,
including background, texture, and color. Second is the skeleton-
based images, which are generated using MediaPipe BlazePose.
This tool detects 33 landmarks that connect into a skeletal struc-
ture and are drawn on a plain background to highlight body
geometry. Both modalities are resized to 224 x 224 pixels before
being fed into the backbone network.

3.6.2. ResNet-18 backbone network

ResNet-18, as shown in Table 3, was selected as the feature
extractor due to its residual learning framework, which enables
stable training of deeper networks by reducing the vanishing gra-
dient problem [37, 38]. The model consists of 18 convolutional
layers grouped into four residual blocks, with feature maps of
increasing depth (64, 128, 256, and 512 filters). For this study, the
pretrained ImageNet version of ResNet-18 was adopted, and the
final fully connected classification layer was removed. Instead, a
flattening layer was added to generate a 512-dimensional embed-
ding vector for each input image, representing its high-level visual
features in a compact mathematical space. This embedding serves
as the input to the Prototypical Network.

3.6.3. Prototypical Network

The core of the FSL implemented in this study is the Proto-
typical Network. It operates on the principle that each class in an
episode can be represented by a prototype p,., defined as the mean
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centroid of the support set embeddings for that class. First, the
ResNet19 acts as the feature extractor, fg, parameterized by 6.
It maps each input image, x; to a 512-dimensional feature vector
Solx)) e RO2=P.

For a given class ¢, let the support set be denoted as
S. = {(x;, ¥;)}, where x; is the support image and y; = c is the cor-
responding label. If the support set contains K labeled examples
(K-shot), the p,. is computed as the mean vector of the embedded
support points:

1
Pe= 157 Z(x,-, vy es, 6 1)

where S, denotes the subset of support samples belonging to class
¢, S, is the number of samples in the support set (equivalent to K
in K-shot learning), and fg(x;) is the embedding of the support
image x;.

3.6.4. Classification

Classification is performed using a nearest-neighbor approach
in the embedding space. For a given unlabeled query sample, ¢,
the distance to each class prototype is calculated using the squared
Euclidean distance:

d(fo(@,pe) = IIfa(@) = pell3 ©)
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Table 3
Architecture of ResNet-18
Stage Layers Output size Notes
Input RGB/skeleton-based image 224 x 224 After preprocessing
Convl 7 x 7 Conv + MaxPool 112 x 112 Extracts low-level features
Residual block 1 2 basic blocks 56 X 56 Feature refinement
Residual block 2 2 basic blocks 28 x 28 Deeper feature maps
Residual block 3 2 basic blocks 14 x 14 Higher-level semantics
Residual block 4 2 basic blocks 7x7 Global structure
Average pooling - Ix1 Embedding aggregation
Flatten - 512-D Final embedding vector

The model then assigns a probability distribution over classes
based on a softmax over distances or simply assigns the discrete
label, , corresponding to the nearest prototype:

y=arg _min ,md (fo(@).p,) 3)

where ¢ is the query image to be classified, d(-) denotes the
Euclidean distance function, N is the total number of classes in
the episode (N-way), and J is the predicted class label. The ¢ is
assigned to the label of the nearest p. in the embedding space,
and the distance is computed using the squared Euclidean met-
ric. This distance-based classification avoids the need for a fully
connected layer and enables generalization to unseen classes with
minimal labeled data.

3.6.5. Parameter setup

The implementation parameters for training and evaluation
were defined through a structured configuration. The experiments
followed a 5-way classification configuration, where episodes were
sampled from either the original dataset or the skeleton-based
dataset. The key configuration details are summarized in Table 4.

Table 4
Coding setup for few-shot learning experiments
Parameter Value

Number of classes (N-way) 5
Support samples (N-shot) 1,3,5
Query samples (N-query) 5 per class
Number of tasks (N-tasks) 100
Training episodes 200
Validation tasks 600
Image size 224 x 224 pixels
Seeds (number of independent 0,1,2

training runs on the dataset)

3.6.6. Episodic training

The proposed ResProtoNet model was trained using an
episodic learning paradigm, which is a standard approach in FSL.
In this paradigm, episodic learning simulated a small classifica-
tion task per iteration with a support set and a query set. The
support set contains a small number of labeled examples for each
class and is used to compute class prototypes. The query set, on
the other hand, includes unseen samples from the same classes

08

and is used to evaluate classification performance within that
episode.

All episodes were designed for S5-way classification, corre-
sponding to the five yoga poses considered. Three configurations
of support samples were explored, namely, 1-shot, 3-shot, and
S-shot, which provided one, three, or five labeled samples per
class in the support set, respectively. For instance, in a 5-way
5-shot classification, each episode consists of five classes, with five
support images and five query images per class.

A total of 200 training episodes were used to enhance the
model’s classification accuracy. This training budget was deter-
mined empirically, as preliminary experiments indicated that
training loss stabilized and converged within this range. To
mitigate overfitting and ensure generalization, a “model check-
pointing” strategy was employed using the 600 validation tasks.
Specifically, the model was evaluated on the validation set at reg-
ular intervals, and the model state yielding the highest validation
accuracy was saved for final testing. This ensures that the selected
model is not overfitted to the training support sets.

Regarding optimization, a constant learning rate of 0.001
was utilized with the Adam optimizer. No dynamic learning
rate scheduler was required, as the ResNet-18 backbone was
initialized with pretrained ImageNet weights, requiring only fine-
tuning of the feature space rather than training from scratch.
The TaskSampler library from EasyFSL was used to generate
episodes by sampling classes and examples according to these
configurations, ensuring consistency and reproducibility across
experiments. Through repeated exposure to such episodes, the
model progressively learned to construct robust prototypes and
classify unseen queries, thereby strengthening its generalization
capability in real-world few-shot scenarios.

3.6.7. End-to-end process workflow

The overall workflow of the proposed framework is illus-
trated in Figure 7. The process begins with the input yoga pose
image, which may be either a raw image or its skeletonized
representation. Subsequently, features are extracted using the
ResNet-18 backbone, producing a 512-dimensional embedding
vector for each sample. During episodic training, the dataset is
divided into a support set and a query set.

For the support set, embeddings are averaged to form class
prototypes, which serve as representative vectors for each yoga
pose. For the query set, embeddings are computed and com-
pared against the prototypes using the Euclidean distance metric.
Each query is then assigned the label of the nearest prototype,
yielding the predicted class. The model is optimized by mini-
mizing the cross-entropy loss, with parameters updated using the
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Figure 7
End-to-end workflow of the proposed framework
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Adam optimizer (learning rate = 0.001). This workflow effec-
tively integrates feature extraction, prototype computation, and
distance-based classification within the FSL framework, enabling
accurate recognition of yoga poses even under limited data
settings.

3.7. Experimental setup

The experiments were conducted on a local workstation with
the specifications summarized in Table 5. All experiments were
carried out on a workstation equipped with a 5090 GPU (4 GB)
and running Windows 11. The implementation was developed
using Python, with deep learning models built in PyTorch, and
the EasyFSL library was employed to facilitate FSL experiments.

Each model configuration was trained over 200 episodes, ensuring
consistency across the different setups.

Table 5
Experimental setup details
Component Specification
Graphical Processing NVIDIA RTX 5090
Unit
Operating System Windows 11
Python Version 39
Libraries OpenCV, MediaPipe, PyTorch,
EasyFSL, Matplotlib
FSL Libraries EasyFSL (PyTorch-based)

The experimental design involved testing six distinct config-
urations, combining both raw image inputs and skeleton-based
representations under varying shot conditions. Specifically, the
evaluation was conducted using a 5-way classification protocol
across three distinct shot settings: 1-shot, 3-shot, and 5-shot.
This configuration was applied consistently to both the raw RGB
dataset and the skeleton-based dataset to facilitate a direct modal-
ity comparison. To account for variability introduced by episodic
sampling in FSL, results were reported as the mean accuracy
across multiple runs. Evaluation metrics, such as precision, recall,
and F1-score, are commonly used to evaluate model performance
in this context.

4. Results and Discussion

The performance evaluation of yoga pose classification is
presented in this section, focusing on two primary input modali-
ties (raw RGB images and skeleton-based images). The experiment
was conducted under the proposed ResProtoNet model under
1-shot, 3-shot, and 5-shot configurations. For comparison,
several supervised baselines, including ResNet-18, DenseNet,
MobileNetV3, and EfficientNet, were included. These have been
widely applied in yoga pose classification studies, as mentioned in
the related literature (Section 2.1). Table 6 summarizes the num-
ber of training and testing samples used in each configuration.
This provides context for the model comparisons. To ensure the
reliability of the outcomes, each experiment was conducted with
three different random seeds, and the performance is reported
in terms of classification performance, generalization, clustering
indices, and robustness.

4.1. Input modality diagnostic analysis

Before evaluating classification performance, this subsection
assesses the effectiveness of RGB and skeleton-based inputs across
baseline backbones. The analysis focuses on three aspects: fea-
ture clustering quality, robustness under occlusion, and robustness
under resolution degradation. To ensure statistical reliability, all
robustness metrics are reported as the mean across three indepen-
dent experimental runs (Seeds 0, 1, and 2), with variance indicated
by standard deviations or confidence intervals.

4.1.1. Clustering indices
Tables 7 and 8 present the clustering indices for RGB and
skeleton-based input baselines, measured using the Silhouette
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Table 6
Dataset size per model
Shot Training Total training Test samples Total test

Model/input configuration samples per class samples per class samples
Skeleton few-shot 1-shot 1 5 20-35 130
Skeleton few-shot 3-shot 3 15 20-35 130
Skeleton few-shot 5-shot 5 25 20-35 130
Skeleton baseline Full dataset 80-140 519 20-35 130
Raw image baseline Full dataset 80-140 519 20-35 130

Table 7

Clustering indices of RGB input models

Baseline Silhouette Score Davies—Bouldin Index Calinski-Harabasz Index
DensenNet 0.4981 0.9092 10138.4206
EfficientNet 0.6332 0.5965 19984.2637
MobileNetV3 0.6274 0.5749 22760.1986
ResNet18 0.6913 0.4413 36138.8489
Table 8
Clustering indices of skeleton-based input models
Baseline Silhouette Score Davies—Bouldin Index Calinski-Harabasz Index
DensenNet 0.535 0.7411 14484.362
EfficientNet 0.6434 0.5389 25574.7354
MobileNetV3 0.6642 0.517 29616.9186
ResNet18 0.6836 0.4647 35513.5677

Score, Davies-Bouldin Index (DBI), and Calinski-Harabasz
Index (CHI). These indices evaluate the quality of latent feature
representation, where the Silhouette Score measures intra-class
cohesion and inter-class separation, the DBI reflects cluster com-
pactness relative to separation, and the CHI quantifies the ratio
of between-class to within-class variance.

Based on Table 7, ResNet-18 produced the most structured
feature space, achieving the highest Silhouette Score (0.6913), the
lowest DBI (0.4413), and the highest CHI (36,138.85). Efficient-
Net and MobileNetV3 demonstrated reasonably well-separated
clusters, although their scores were clearly lower than those of
ResNet-18. DenseNet showed the weakest representation quality,
with a low Silhouette Score of 0.4981 and a high DBI of 0.9092,
indicating overlapping and less compact feature clusters.

Table 8 demonstrated that skeleton-based inputs generally
improved clustering quality compared with RGB. Across most
baselines, Silhouette Scores and CHI values increased, while DBI
values decreased, confirming that skeleton representations yield

more compact and separable clusters. ResNet-18 again achieved
the strongest feature space (Silhouette Score: 0.6836, DBI: 0.4647,
CHI: 35,513.57), maintaining its dominance across modalities.

The cross-modality analysis in Table 9 reveals that skeleton-
based input consistently improved clustering for DenseNet,
EfficientNet, and MobileNetV3, with clear gains in Silhouette,
CHI values, and reductions in DB. In contrast, ResNet-18 showed
only marginal changes, with a slight reduction in Silhouette
(—0.8%), an increase in DBI (+2.3%), and a decrease in CHI
(—625). These marginal variations fall within expected experi-
mental fluctuation, reflecting the strong clustering capability of
ResNet-18 across both input modalities. To provide a qualita-
tive perspective on the clustering metrics of the ResNetl8 as
reported in Tables 7 and 8, we visualized the feature embeddings
of both modalities. Presents the Uniform Manifold Approxima-
tion and Projection (UMAP) embeddings for RGB and skeleton
data across three random seeds (0, 1, and 2) to demonstrate the
robustness of the feature distributions.

Table 9
Cross-modality differences in clustering indices (skeleton - RGB deltas, A)
Model A Silhouette A DBI A CHI
DenseNet +3.7% -16.8% +4346
EfficientNet +1.0% -5.8% +5590
MobileNetV3 +3.7% -5.8% +6857
ResNet-18 -0.8% +2.3% 625

Note: Positive (+): improvement with skeleton-based input; negative (-): decrease.
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Figure 8
Visual analysis of few-shot feature embeddings across multiple random initializations using UMAP. (a), (b), and (c) show joint
embeddings for RGB (blue) and skeleton (orange) modalities under seeds 0, 1, and 2, respectively
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Consistent with the quantitative metrics, the visualizations
shown in Figure 8 reveal a clear structural distinction between
the two modalities. The RGB embeddings (blue) tend to form
tight, dense clusters, which correlates with the high Silhouette
Scores observed in Table 7. In contrast, the skeleton embeddings
(orange) exhibit elongated, manifold-like structures, reflecting
continuous geometric variations in pose. Furthermore, the dis-
joint separation between the two color groups across all seeds
confirms that the modalities occupy distinct regions of the feature
space.

4.1.2. Robustness under occlusion

Table 10 presents the classification performance of RGB and
skeleton inputs under varying occlusion levels, along with skele-
ton-RGB deltas. Occlusion robustness measures how well the
model performs when portions of the input are masked. As illus-
trated in Figure 9, synthetic occlusion was generated by applying
random rectangular masks covering 10%, 20%, 40%, and 60%
of the image area. This simulates real-world scenarios where the
subject may be partially hidden by furniture, equipment, or other
practitioners.

At 0% occlusion, skeleton-based inputs provided modest
performance gains for DenseNet (+0.74%) and MobileNetV3
(+0.66%), whereas ResNet-18 slightly favored RGB (—0.28%) and
EfficientNet showed negligible change (0%). Under light occlu-
sion (10-20%), RGB generally maintained superior performance
across baselines. EfficientNet exhibited consistent drops when
using skeleton input (=0.71%, —2.02%), while MobileNetV3 also
declined at 20% occlusion (—2.56%). ResNet-18 demonstrated
notable changes to skeleton input, showing a consistent drop of
—1.85% and —2.82%. DenseNet exhibited a slight decrease at 10%
occlusion (—0.56%) but recovered with a modest gain at 20%
occlusion (+0.93%).

An interesting pattern emerged under heavy occlusion con-
ditions (40-60%), where skeleton-based representations demon-
strated superior robustness across most baselines. DenseNet
achieved the largest gains (+20.04%, +11.70%), followed by Effi-
cientNet (+7.57% and +2.03%). MobileNetV3 initially showed a
drop at 40% occlusion (—3.34%) but reversed to demonstrate a
strong skeleton advantage at 60% (+7.13%). ResNet-18, which
remained nearly balanced at 40% (—0.42%), similarly shifted to
favor skeleton at 60% occlusion (+3.69%).

These findings reveal a clear modality trade-off phenomenon.
RGB input maintains an advantageous under light occlusion

conditions, where texture and contextual background informa-
tion remain accessible and informative. However, skeleton input
demonstrates superior resilience under severe occlusion, particu-
larly for DenseNet and EfficientNet, which achieved substantial
relative performance improvements. Even MobileNetV3 and
ResNet-18, which initially favored RGB, benefited from skele-
ton abstraction as occlusion levels increased. This suggested that
pose-encoding representations from skeleton-based input pro-
vided improved reliability when visual information is severely
compromised.

4.1.3. Robustness under resolution

Figure 10 [22, 23, 37, 39, 40] illustrates the classification
accuracy of RGB and skeleton-based baselines under varying
input resolutions. Resolution robustness evaluates model stability
when image detail is reduced, simulating practical deployment sce-
narios on resource-constrained devices or with low-quality video
streams.

At high resolutions (224 X 224), both modalities demon-
strated robust performance with accuracies exceeding 90%.
ResNet-18 achieved 92.70% with RGB inputs compared to
97.33% with skeleton-based inputs, while MobileNetV3 reached
96.73% and 97.41%, respectively. Similarly, DenseNet and Effi-
cientNet performed comparably across both modalities, with
skeleton-based inputs slightly outperforming RGB in both cases.

When resolution was reduced to 128 x 128, perfor-
mance differences between modalities became notable. The
result reveals distinct architectural preferences under these con-
ditions. DenseNet and ResNet-18 maintained relatively high
accuracy with RGB inputs (88.73% and 93.85%), demonstrat-
ing their capacity to extract meaningful representations from
degraded visual information through deep hierarchical feature
processing. In contrast, EfficientNet and MobileNetV3 achieved
superior performance with skeleton inputs (91.66% and 90.53%),
where structural pose abstraction effectively compensated for
the loss of fine visual detail. Notably, ResNet-18 exhibited
minimal performance differences between modalities (93.85%
RGB vs. 92.70% skeleton), with a 1.15% margin difference
suggesting that both input modalities remain feasible for this
baseline.

4.1.4. Summary of input modality diagnostics
The diagnostic analyses confirmed that while different back-
bones exhibit varying sensitivities to modality and degradation,
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Table 10
Classification performance under occlusion
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ResNet-18 consistently provided well-structured embeddings,
maintained robustness under occlusion, and preserved competi-
tive accuracy across resolutions. These characteristics highlight its
suitability as a reliable feature extractor, supporting its use as the
backbone in the proposed ResProtoNet framework.

4.2. Classification performance metrics

Following the diagnostic analyses, this section evaluates the
classification performance of the proposed ResProtoNet against
baselines using both RGB and skeleton-based input modali-
ties. The proposed model was evaluated under 1-shot, 3-shot,
and 5-shot learning configurations to assess its FSL capabili-
ties. To ensure experimental consistency, all models were trained
and evaluated using identical protocols with three independent
random seeds (0, 1, and 2). Performance metrics were mea-
sured in terms of mean accuracy (+95% CI), balanced accuracy,
precision, recall, and F1-score, with the results summarized in
Table 11 for RGB inputs and Table 12 for skeleton-based inputs,
respectively.

Based on the result in Table 11, ResNet-18 achieved the
strongest supervised baseline accuracy of 97.62% (+0.36%),
outperforming DenseNet (95.61%) and slightly surpassing
MobileNetV3 (96.58%) and EfficientNet (96.53%). Despite the
strong baseline, the introduction of FSL further improved clas-
sification accuracy. The proposed ResProtoNet surpassed the
ResNet-18 baseline, achieving 97.69% (+0.42%) in the 1-shot con-
figuration, which highlights its ability to adapt to novel tasks
with minimal support examples. Accuracy increased further with
additional support samples, reaching 98.22% in the 3-shot and
98.17% in the 5-shot configurations. Interestingly, the 3-shot con-
figuration produced slightly higher mean accuracy than the 5-shot
configuration for both RGB and skeleton inputs. This marginal
difference (0.05%) lies within the confidence interval and is there-
fore not statistically significant. Such variations are common in
FSL, where performance depends on support set quality rather
than size alone.

For Table 12 results, overall accuracy was comparable to
or higher than RGB across models, particularly for backbones
such as DenseNet, EfficientNet, and MobileNetV3, which is
consistent with the clustering analysis and supports the effective-
ness of pose abstraction. Among supervised baselines, ResNet-18
achieved the highest accuracy (97.34% +0.92%)), followed closely
by MobileNetV3 (97.24%). Nevertheless, ResProtoNet delivered
the best results, with accuracy reaching 98.11% in the 3-shot
and 98.13% in the S5-shot. Notably, in the 1-shot configuration,
ResProtoNet achieved performance comparable to the ResNet-
18 baseline, differing by a small margin of 0.01%. While the
improvements are marginal and within the confidence intervals,
they demonstrate that the few-shot framework can match or
exceed ResNet-18 even when provided with only a single labeled
sample per class.

Across both modalities, precision, recall, and Fl-score
closely mirrored mean accuracy, indicating balanced classifica-
tion without systematic bias toward specific yoga classes. The
findings reveal that ResProtoNet not only matches but also con-
sistently exceeds all supervised baseline performance, particularly
in limited data, where FSL approaches demonstrate their practi-
cal advantages. Moreover, the accuracy differences between the
3- and 5-shot configurations were minimal. For RGB inputs,
performance peaked at 98.22% in the 3-shot configuration and
declined slightly to 98.17% at 5-shot, with a gap of 0.05%. For
skeleton-based input, accuracy values were nearly identical at
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Figure 9
Visualization of synthetic occlusion levels applied during robustness testing. (a) Original image (0%), (b) 10% occlusion, (c) 40%
occlusion, and (d) 60% occlusion. Random rectangular masks were applied to simulate obstruction
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(©) Original. (d) 10% Occlusion.
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Figure 10
Classification accuracy of RGB and skeleton-based input baselines under varying input resolution

CLASSIFICATION PERFORMANCE UNDER VARYING
RESOLUTION

©—128_RGB —@—224_RGB —a&— 128_Skeleton —%=—224_Skeleton

0.98

0.96
0.94
0.92

0.9

0.88

MEAN ACCURACY

0.86

0.84

0.82

o
2% DENSENET EFFICIENTNET MOBILENETV3 RESNET-18
BASELINE
Table 11
Classification performance of RGB input models
Mean accuracy Balanced Precision Fl-score
Models + 95% CI accuracy (macro) Recall (macro) (macro)
DensenNet 0.9561 + 0.0248 0.9561 0.9563 0.9561 0.9556
EfficientNet 0.9653 + 0.0141 0.9653 0.9660 0.9653 0.9649
MobileNetV3 0.9658 + 0.0017 0.9658 0.9660 0.9658 0.9657
ResNet18 0.9762 + 0.0036 0.9762 0.9766 0.9762 0.9762
ResProtoNet 1-shot 0.9769 + 0.0042 0.9769 0.9777 0.9769 0.9770
ResProtoNet 3-shot 0.9822 + 0.0083 0.9822 0.9830 0.9822 0.9823
ResProtoNet 5-shot 0.9817 £ 0.011 0.9817 0.9825 0.9817 0.9818

Note: CI = Confidence Interval.
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Table 12
Classification performance of skeleton-based input models

Mean accuracy Balanced Precision Fl1-score
Models +95% CI accuracy (macro) Recall (macro) (macro)
DensenNet 0.9635 + 0.0315 0.9635 0.9637 0.9635 0.9636
EfficientNet 0.9653 + 0.0364 0.9653 0.9657 0.9653 0.9652
MobileNetV3 0.9724 + 0.0062 0.9724 0.9724 0.9724 0.9722
ResNet18 0.9734 + 0.0092 0.9734 0.9734 0.9734 0.9733
ResProtoNet 1-shot 0.9733 + 0.0094 0.9733 0.9734 0.9733 0.9732
ResProtoNet 3-shot 0.9811 + 0.0043 0.9811 0.9812 0.9811 0.9810
ResProtoNet 5-shot 0.9813 +0.0028 0.9813 0.9816 0.9813 0.9813

Note: CI = Confidence Interval.

98.11% and 98.13%, with a gap of 0.02%. This indicates that
ResProtoNet achieves near-optimal performance with the 3-shot
configuration, and additional labeled samples beyond this point
provide only marginal benefits.

It is worth addressing the consistently high accuracy (>98%)
observed across the experiments. This performance can be
attributed to the distinct geometric nature of the five selected
classes (Downward Dog, Goddess, Tree, Plank, and Warrior II),
which exhibit significant inter-class structural differences that are
easily separable in the embedding space. Furthermore, the com-
parable performance between RGB and skeleton-based modalities
serves as a critical validation check. Since the skeleton modality
removes all background texture and subject appearance informa-
tion, the high accuracy achieved in this setting confirms that the
model is learning genuine pose geometry rather than overfitting
to environmental artifacts or subject identity (data leakage).

4.3. Computational efficiency analysis

To assess the feasibility of deploying ResProtoNet in
real-world applications, the computational cost of the ResNet-
18 backbone was evaluated. Table 13 summarizes the model
parameters, memory footprint, and average inference latency
measured on an NVIDIA RTX 5090.

Table 13
Computational performance metrics of the proposed framework
Metric Value
Backbone architecture ResNet-18

(feature extractor)

Input resolution $224 \times 224§ pixels

Total parameters 11,176,512
(approx. 11.2 M)
Model size (weights) 44.71 MB
Computational cost (FLOPs) 1.82 GFLOPs
Avg. inference time (GPU) <2.00 ms

The ResNet-18 backbone requires approximately 11.2 mil-
lion parameters and 1.82 GFLOPs of computation, making it a
lightweight architecture suitable for deployment on edge devices
such as NVIDIA Jetson processors or modern smartphones.
However, overall system latency in practical deployment is highly
dependent on the chosen input modality. The RGB modality
requires only a single forward propagation, yielding the lowest
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latency. The skeleton modality, on the other hand, introduces pre-
processing overhead (approximately 3050 milliseconds on CPU)
due to the need for MediaPipe inference.

4.4. Comparison with state of the art

To validate the effectiveness of the proposed framework,
Table 14 compares ResProtoNet with recent SOTA studies
focusing on yoga pose classification using yoga pose-related
datasets.

As observed, standard supervised approaches require large-
scale annotated datasets to achieve high performance. Rajendran
et al. [27] achieved the highest accuracy of 99.07% using a deep
DenseNet201 architecture trained on the full dataset. However,
the proposed ResProtoNet achieves a comparable accuracy of
98.22% (a difference of only 0.85%) using the 3-shot configu-
ration, which utilizes significantly fewer labeled samples. This
demonstrates that the proposed few-shot framework offers a
superior trade-off between accuracy and data efficiency, mak-
ing it highly suitable for applications where data annotation is
costly.

4.5. Scalability and generalization analysis

To evaluate the generalization capability of the frame-
work beyond the initial five classes, an additional stress test
was conducted using the Yoga-82 dataset, a large-scale bench-
mark containing 82 fine-grained classes, obtained in the Kaggle
platform. Unlike the primary dataset, Yoga-82 features high
inter-class similarity, presenting a significantly more complex
classification challenge.

Table 15 presents the results under a 5-shot configuration.
While the EfficientNet backbone achieved the highest empiri-
cal accuracy (58.44%), demonstrating the framework’s capacity
to scale with more complex feature extractors, our proposed
ResProtoNet (utilizing ResNet-18) maintained competitive per-
formance (51.04%) while adhering to a standard lightweight
architecture. Critically, the experiments reveal the robustness
of the skeleton modality regardless of the backbone used.
For instance, the skeleton-based models consistently outper-
formed their RGB counterparts, with lightweight encoders like
MobileNetV3 recovering around 15% accuracy when switching
to skeleton inputs. While absolute accuracy is lower than the
S-pose task due to the fine-grained nature of Yoga-82, these
results confirm that the framework and particularly the skele-
ton modality scales effectively to handle complex, real-world pose
variations.
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Table 14
Comparison of ResProtoNet with existing yoga pose classification benchmarks
Refs. Method/model Learning paradigm Accuracy (%)
Aruna et al. [23] ResNet-18 (transfer learning) Supervised (full data) 94.93
Kashyap et al. [24] EfficientNet-B7 Supervised (full data) 97.61
Tayal et al. [25] EfficientNet + AdaDelta Supervised (full data) 97.45
Rajendran et al. [27] DenseNet201 Supervised (full data) 99.07
Proposed ResProtoNet ResNet-18 + ProtoNet Few-shot (3-shot) 98.22
Table 15
Classification performance on the Yoga-82 dataset
Backbone model Input modality Mean accuracy (%) Std dev (+)
EfficientNet RGB 58.44 2.42
Skeleton 54.3 16.89
DenseNet RGB 50.96 5.92
Skeleton 57.7 2.6
MobileNetV3 RGB 39.76 4.03
Skeleton 54.63 9.76
ResNet-18 RGB 51.04 0.62
Skeleton 51.01 4.42

5. Conclusion

The work investigates the integration of FSL for yoga pose
classification and assesses its effectiveness relative to supervised
baselines. Through the development of the proposed ResProtoNet
model, which integrates a ResNet-18 backbone with a Prototyp-
ical Network, the study successfully addressed the challenge of
limited annotated training data, while maintaining strong gen-
eralization across yoga postures. The results demonstrate that
the proposed model consistently outperforms all baselines across
1-shot, 3-shot, and 5-shot configurations, achieving notable accu-
racy improvements with only minimal annotated data. These
findings validate the applicability of meta-learning strategies in
domains where annotated samples are limited, highlighting their
capacity to achieve competitive performance without the need for
extensive training.

The comprehensive diagnostic analyses provided important
insights into the characteristics of input modality and their
interaction with various baselines. Clustering analysis revealed
that skeleton-based inputs improve feature space separability
for lightweight baselines, including DenseNet, EfficientNet, and
MobileNetV3, whereas ResNet-18 maintains robust clustering
quality across both modalities with only marginal variation.
Robustness analysis further highlighted modality-specific advan-
tages, where under light occlusion (10-20%), RGB input generally
outperformed skeleton by leveraging residual texture and back-
ground cues. In contrast, under severe occlusion (40-60%),
skeleton-based inputs proved superior, mitigating the loss of
visual information through pose abstraction. Similarly, in the
resolution analysis, DenseNet and ResNet-18 retained higher
accuracy with RGB at 128 x 128, reflecting their ability to
exploit degraded texture, while EfficientNet and MobileNetV3
benefited more from skeleton abstractions. Overall, skeleton
inputs exhibited smaller average accuracy drops compared to
baselines, confirming their stronger resilience to both occlu-
sion and resolution degradation. ResNet-18 remained competitive
across both modalities, justifying its role as the backbone for the
proposed ResProtoNet.

Despite these promising results, several limitations must
be acknowledged. First, the framework relies on a pretrained
ResNet-18 backbone, meaning its performance is contingent on
the availability of high-quality, transferable features from large-
scale datasets like ImageNet. Second, the study was limited to
five fundamental yoga poses from a single open-source dataset;
while sufficient for proof-of-concept, this narrow scope does not
capture the full diversity of advanced asanas or the variability
of real-world clinical environments. Third, the current approach
focuses exclusively on static peak-pose classification. It therefore
lacks the ability to analyze the temporal dynamics of pose transi-
tions, which are critical for assessing fluidity and preventing injury
during movement.

In conclusion, the research objectives were fully achieved.
The study confirms the effectiveness of ResProtoNet in limited
data yoga pose classification, demonstrates the advantages of FSL
over traditional supervised learning, and provides new insights
into the modality trade-offs between RGB and skeleton-based
inputs. The outcomes highlight FSL as a practical and scalable
approach for healthcare and exercise monitoring systems, where
robustness to occlusion, resolution changes, and constrained
annotation resources is essential for real-world deployment.

6. Future Works

While the ResProtoNet framework demonstrates promising
results for few-shot yoga pose classification, several directions
remain open for future exploration. First, dataset expansion and
validation are essential. The current evaluation was limited to five
fundamental yoga poses, which capture only a small portion of
yoga poses. Future research should extend the classification task
to encompass more challenging poses, including advanced poses
that require greater precision in joint positioning and alignment.
Moreover, the proposed framework requires validation across
multiple datasets to establish generalization capabilities beyond
the present study.

Second, hybrid multimodal architectures offer significant
opportunities. The comparative analysis of RGB and skeleton
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modalities highlights their complementary strengths: RGB pro-
vides rich textural context, while skeletons offer structural
precision. Future work should investigate dual-stream fusion
networks that dynamically weight these inputs using attention
mechanisms to maximize robustness under varying environmental
conditions.

Third, moving beyond static analysis, future studies should
explore Temporal FSL. Since yoga involves dynamic transitions
between poses, static analysis cannot capture movement fluidity
or breathing patterns. Integrating spatiotemporal modules, such as
Long Short-Term Memory networks or Transformers, within the
few-shot framework would enable the system to assess the quality
of pose transitions and provide comprehensive, real-time feedback
to practitioners.
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