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ABSTRACT Near-duplicate human motion classification presents significant challenges due to the subtle
differences and high similarity between actions. This paper introduces a posture estimation-based Gaussian
Mixture Model (GMM) clustering algorithm as an enhancement to traditional pixel-based Convolutional
Neural Networks (CNNs). The CNN architectures evaluated include ResNet-18, SqueezeNet, DenseNet,
and MobileNet, which are used to classify images based on pixel data of images extracted from videos
of participants performing chopping, sawing, and slicing tasks. While these CNN models perform well
in extracting deep hierarchical features from images, differentiating between near-duplicate tasks can be
challenging due to a lack of context in cross-frame human motion. In contrast, the posture-based approach
focuses on capturing the spatial and temporal patterns of human body landmarks during task execution, using
posture landmark points to classify human motion. Notably, posture-based task classification outperformed
pixel-based task classification by 7.2%, with a lesser demand for image frame rate to achieve better accuracy.
As the frames per second (FPS) increased from 1 to 30, the accuracy of posture-based classification improved
from 76.3% at 1 FPS to 96.97% at 30 FPS. Additionally, we evaluated our model using the UCF Sports
Action dataset as a benchmark to compare with state-of-the-art human task classification methods. These
comparative analyses highlight the strengths and limitations of each approach, demonstrating that integrating
posture data can enhance the classification accuracy of near-duplicate human motion.

INDEX TERMS Posture landmarks, kinematics-aware motion analysis, deep learning, feature extraction,
frame rate optimization, hierarchical features, image processing, spatial clustering, task classification,
temporal patterns.

I. INTRODUCTION healthcare [6], and workplace safety [7]. Traditional pixel-

Near-duplicate human motion classification is a crucial and
challenging task in computer vision and pattern recog-
nition [1], [2]. The ability to accurately classify near-
duplicate tasks, which exhibit subtle differences and high
similarity between actions [3], is vital for various applications
like human-machine interaction [4], sports analytics [5],
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based approaches [8], [9], primarily using Convolutional
Neural Networks (CNNs) [10], [11], have shown significant
promise in various image classification tasks. However, they
often fall short when dealing with near-duplicate motions
due to the inherent complexity and subtle variations in
human activities. Human motion analysis [12], [13], [14]
has been an active research area for decades, driven by its
broad applicability and the growing demand for intelligent
systems capable of understanding and interpreting human
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activities [15], [16]. Accurate motion classification can
improve interactive gaming and training experiences [17],
physical therapy techniques [18], and workplace safety [19]
by monitoring and analyzing workers’ actions to prevent
injuries. Early methods used techniques such as Hidden
Markov Models (HMMs) [20] and Dynamic Time Warping
(DTW) [21] to analyze motion sequences [22]. These meth-
ods, however, often required extensive domain knowledge
to design effective features and had potential issues with
generalization across different datasets and scenarios. The
advancements in deep learning, particularly CNNs, have
shifted the focus towards automated feature extraction and
end-to-end learning frameworks that can learn directly
from unprocessed data, significantly improving performance
in various tasks [23], [24]. CNNs have been remarkably
successful in image classification, object detection, and
segmentation tasks due to their hierarchical feature extraction
capabilities [25], [26], [27]. Despite the advancements
in this field, near-duplicate motion classification remains
particularly challenging [1], [2], [28] due to the minute
differences between actions that can result in significant
performance drops in traditional classification models. The
primary issue lies in the nature of the data: human motions
involve temporal dynamics [29] and spatial relationships [30]
that are difficult to capture using static image frames alone.
Near-duplicate tasks, such as different styles of chopping
vegetables or varying techniques of a golf swing, often
appear very similar in pixel-based representations but may
involve distinct movements that are critical for accurate
classification. To address these challenges, researchers have
explored various strategies, including the use of optical
flow [31], 3D CNNs [26], and recurrent neural networks
(RNNs) [32] to incorporate temporal information into the
classification process. Optical flow methods compute the
motion of objects [33], [34] between consecutive frames,
providing a richer representation of dynamic activities.
However, these methods can be computationally intensive
and sensitive to noise. 3D CNNs expand the traditional
2D convolution operations to the dimension of time [35],
capturing spatiotemporal features directly from video data.
While effective, 3D CNNs often need significant computing
resources and extensive annotated training data [36], [37].
RNNS, particularly Long Short-Term Memory (LSTM) [38]
networks, are designed to handle sequential data and have
shown promise in modeling temporal dependencies in motion
sequences. Yet, they can be challenging to train and may
suffer from issues such as vanishing gradients and lengthy
training duration [39].

To address the limitations of pixel-based image classi-
fication methods, the current study proposed the use of
posture estimation [40], [41] and Gaussian Mixture Models
(GMMs) [42]. Posture estimation involves detecting and
tracking landmark points on the human body to model the
configuration of limbs and joints [43]. This method shifts
the focus from pixel-level image analysis to understand-
ing the spatial arrangement and movement of the body,
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providing a more contextually relevant representation of
human motion. By capturing the positions and movements
of key body parts, posture-based methods can differentiate
between near-duplicate tasks more effectively than pixel-
based techniques, which may overlook subtle yet critical
differences. GMMs offer a probabilistic approach to clus-
tering and classification [44], [45], modeling data as a
mixture of several Gaussian distributions. This approach is
particularly well-suited for posture-based analysis, where
the spatial distribution of landmark points [46], [47] can
vary widely between different activities. GMMs can cap-
ture the variability and uncertainty in the data, providing
a framework for classifying intricate motion patterns.
In this study, we aimed to provide a comparison between
pixel-based CNN models and posture-based Gaussian clus-
tering for near-duplicate motion classification. The CNN
models evaluated include ResNet-18 [48], SqueezeNet [49],
DenseNet [50], and MobileNet [51]. These models are tested
on a dataset of culinary tasks, which involve repetitive and
near-duplicate actions with the regular kitchen knife. This
study aimed to advance the understanding of near-duplicate
motion classification by providing a detailed comparison
of pixel-based and posture-based methods. By using the
strengths of each approach and integrating spatio-temporal
information, we sought to develop a classification framework
that could have diverse applications in real-world scenarios.
The findings of this research will contribute to the ongoing
research in improving human motion analysis [15] and help
build more intelligent and context-aware systems.

This paper offers the following contributions:

1. We introduce the Posture Estimation-based Unsuper-
vised Spatial Gaussian Clustering (PE-USGC) for
near-duplicate human motion classification, improving
accuracy by incorporating spatial and temporal patterns
in human motion into the analysis.

2. We performed an evaluation of multiple CNN archi-
tectures, including ResNet-18, SqueezeNet, DenseNet,
and MobileNet, to classify near-duplicate tasks. This
comparative analysis revealed the strengths and weak-
nesses of each model in motion classification compared
to PE-USGC.

3. The PE-USGC method demonstrated that posture-based
classification outperforms pixel-based methods, at lower
frame rates, requiring less storage, memory, and
computational resources while maintaining accuracy.

4. A benchmark analysis has been performed with
state-of-the-art (SOTA) techniques for human task
classification on the University of Central Florida
(UCF) Sports Action dataset [52], [53].

The paper is organized as follows: Section II reviews
the related work on pixel- and posture-based near-duplicate
human motion classification methods. Section III details the
methodology and data collection. Section IV explains the
data analysis, including the CNNs used, such as ResNet-
18, SqueezeNet, DenseNet, and MobileNet, as well as
the posture-based task classification approach. Section V
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presents the results of two approaches, comparing the
performance of pixel- and posture-based methods. Section VI
discusses the results and interprets the findings based on
other studies and literature. Finally, Section VII concludes
the paper and discusses potential future research directions,
highlighting limitations that could be areas for improvement.

Il. LITERATURE REVIEW

A. ResNet-18

ResNet-18 is a CNN that has various applications [54], [55],
[56], [57] in deep learning. It is part of the Residual Network
(ResNet) family [48], which introduced a method for training
deep networks using residual learning frameworks. The
main feature of ResNet-18 is the residual block [58] as
shown in Equation (1), which helps address the vanishing
gradient problem by allowing gradients to flow more easily
through the network. In traditional CNNs, increasing network
depth can lead to higher training error [59], known as the
degradation problem. ResNet addresses this by using shortcut
connections [60] that bypass one or more layers, enabling
the network to learn residual functions relative to the layer
inputs rather than unreferenced functions. The formulation of
a residual block is:

y=Fx W) +x ey

where x is the block’s input, and W denotes the weights of
the layers within the block.

ResNet-18 uses identity shortcut [48] connections in its
residual blocks to allow gradients to flow through the
network, preventing them from vanishing [61]. Comprising
18 layers, including convolutional layers, batch normaliza-
tion [62], ReLU activation [63], and pooling layers [64],
ResNet-18 is structured into stages with multiple residual
blocks, capturing various levels of abstraction from simple to
complex patterns. It can be applied to classify near-duplicate
human motion, using object detection and image analysis.
Beyond its current uses, ResNet-18 can be applied to new
challenges, such as real-time motion recognition, gesture
detection in virtual reality, and robotic navigation.

B. DenseNet

DenseNet [50] is a deep CNN designed to improve feature
reuse [65] and gradient flow through its dense connectivity.
In DenseNet, every layer receives input from all previous
layers and propagates its output to all sequentially subsequent
layers [66], creating a network where features are shared
across layers. This connectivity [50] can be expressed as:

- X1-1]) @

where x; is the output of the /-th layer, H; represents
operations like Batch Normalization, ReL.U, and convolution,
and [xp, x1, ..., x;—1] denotes the feature map concatenation
from preceding layers.

In the context of near-duplicate motion classification,
DenseNet’s architecture allows each layer to receive inputs

x; = Hi([xo, x1, ..
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from all preceding layers, enabling the network to capture
and retain detailed information about subtle variations in
human motion across different frames. The sharing of feature
maps across layers, as described by Equation (2), ensures
that fine-grained features learned in earlier layers are directly
available to subsequent layers for motion pattern recognition.
This capability is particularly useful in distinguishing nearly
identical human motions [67], where the differences may
be minimal but critical for accurate classification. By using
DenseNet, the model can effectively learn and discriminate
between these subtle differences, making it well-suited for
applications in fields such as sports analysis [5], rehabilita-
tion [68], and ergonomic assessments [69].

C. SqueezeNet

SqueezeNet [49] is a comparatively lightweight CNN
architecture designed to match AlexNet’s accuracy with
50-times lesser parameters. The architecture focuses on
reducing model size (less than half a megabyte) while
maintaining strong performance, primarily using nine Fire
modules (fire 1 to fire 9) each comprising of Squeeze
and the subsequent expansion convolution layers, as shown
in Equation (3). Each Fire module consists of a Squeeze
layer with 1 x 1 convolutions to reduce input channels,
followed by an Expand layer with a mix of 1 x 1 and
3 x 3 convolutions, efficiently balancing parameter count and
feature learning [70], [71]. This process is represented as:

Fire(x) = Expand(Squeeze(x)) 3)

For near-duplicate human motion classification, SqueezeNet’s
design and efficient feature extraction capabilities [49] can
be useful. Near-duplicate human motions, which involve
subtle differences in movement patterns, require a model
that can distinguish fine-grained [72] features while being
computationally efficient. The architecture’s ability to
compress the input data through the Squeeze layers, followed
by the expansion of feature maps using 1 x 1 and 3 X
3 convolutions, helps SqueezeNet to capture both local
and global motion patterns effectively. SqueezeNet’s small
model size allows it to be deployed on devices with limited
memory and processing power, such as mobile phones
and embedded systems for applications involving real-time
task classification, without compromising the accuracy of
motion classification. Moreover, the architecture’s efficiency
enables faster inference times, making it suitable for real-time
applications where quick decision-making is essential.

D. MobileNet

MobileNet [51] is a set of CNNs built for mobile-based
computer vision applications. The key goal of MobileNet
is to create a efficient model that can run efficiently on
resource-limited devices while maintaining strong accuracy.
This is achieved through the use of depthwise separable
convolutions [73], [74], a technique that significantly reduces
the number of parameters and computational complexity.
Depthwise separable convolutions break down standard
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convolution into two parts (see Equations 4 and 5). This
method reduces computational costs while maintaining the
network’s capacity to learn complex features by first applying
a depthwise convolution, where an individual filter is applied
to every input channel, followed by a pointwise convolution
that uses 1 x 1 convolutions to combine the outputs. The
process is mathematically expressed as:

Z=WyxX @)
Y=W, Z (5)

where W, and W), represent the weights of the depthwise and
pointwise convolutions, X is the input, * denotes convolution,
and - represents pointwise convolution.

MobileNet’s architecture is well-suited for near-duplicate
human motion classification due to its efficiency and scal-
ability in handling complex visual patterns on devices with
limited processing power. Applications like occupational
safety [75], [76] might require handheld devices to detect
near-duplicate motions or images in general, characterized by
subtle differences. MobileNet’s depthwise separable convo-
lutions allow the network to capture intricate spatial features
of human motion while keeping the model lightweight
enough to run in real-time. The reduced computational cost
not only enables faster inference times but also makes
MobileNet adaptable to a variety of platforms, including
smartphones, wearables, and embedded systems, where
real-time motion analysis can be important. The modular
nature of MobileNet allows for easy scaling of the network’s
depth and width, making it flexible for different application
needs without sacrificing performance. Previous studies have
demonstrated that MobileNet maintains competitive accuracy
with significantly fewer parameters, making it an ideal
choice for scenarios where both efficiency and accuracy are
important [73], [74].

E. POSTURE ESTIMATION

Posture estimation is an application of computer vision,
focusing on determining the configuration of the human body
from visual data. Over the years, the field has advanced from
traditional methods relying on skeleton extraction to modern
approaches powered by deep learning [77]. The main goal of
posture estimation is to accurately predict the positions and
orientations of body parts in images or video frames. Modern
techniques often use CNNs and RNNs to capture both spatial
and temporal information. A common approach involves
regressing the coordinates of landmark points as shown in
Equation (6), which represent the locations of joints in the
human body. This process can be mathematically formulated
as:

pi=f;0) (6)

where p; is the predicted position of the i-th landmark
point, I is the input image, and 6 represents the model
parameters [78].

The accuracy of posture estimation models has been
improved by using large-scale annotated datasets and
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advanced neural network architectures. For instance, the
Human3.6M dataset, which includes millions of images
with annotated human poses, has played a crucial role in
training models [79]. Deep learning frameworks such as
OpenPose and AlphaPose have set new benchmarks in the
field, achieving SOTA performance in both 2D and 3D
posture estimation. OpenPose, introduced by Cao et al.
[77], is a multi-person posture estimation framework that
detects landmark points for multiple individuals in an image.
It uses a two-branch CNN to predict part affinity fields
and confidence maps, which are then combined to generate
accurate landmark point positions. OpenPose has been widely
adopted in applications ranging from sports analysis to
human-computer interaction.

AlphaPose, developed by Fang et al. [78], further
improves the accuracy of multi-person posture estimation by
addressing the occlusion problem. It uses a single-person
pose estimator and a pose-guided proposal generator to
handle occlusions effectively. The use of Spatial Pose
Attention (SPA) mechanisms in AlphaPose enhances the
model’s capability to target contextually relevant areas,
improving the precision of landmark point predictions.
Integrating RNNs with CNNs has also been explored to
capture temporal dynamics in videos. Models like Pose-RNN
use the sequential nature of video data to refine posture
estimation over time, resulting in smoother and more accurate
predictions [80]. The combination of spatial and temporal
information allows these models to handle complex move-
ments and varying poses more effectively. In addition to deep
learning approaches, posture estimation has benefited from
incorporating prior knowledge and constraints. Techniques
such as pose priors and limb length constraints help regularize
the model’s predictions, ensuring anatomically plausible
poses. These constraints are often integrated into the loss
function during training, making the model more accurate and
realistic estimations [81].

MediaPipe [46] improves the efficiency of real-time
posture estimation by using a multi-stage pipeline approach.
It uses machine learning models to monitor landmarks points
over a frame, including face and body landmarks. Medi-
aPipe’s implementation of temporal sampling [46] could
identify the sequential flow of frames extracted from the
video, for more accurate posture estimation. This approach
incorporates prior knowledge through model constraints
and priors, ensuring anatomically consistent outputs. These
constraints are integrated into the model training process,
extracting more accurate and realistic posture estimations,
which is crucial for applications in fitness, gaming, and
augmented reality. Sdnchez-Brizuela et al. [82] created a
real-time hand segmentation that uses posture estimation
using MediaPipe. The system was developed in Python and
attained reasonable accuracy, running at over 90 frames per
second (FPS) without relying on advanced computing or
code optimization. This shows the scalability of MediaPipe,
and a viable option for posture estimation over video
frames.
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Posture estimation has found applications across various
domains, including healthcare, sports, and entertainment.
In healthcare, accurate posture estimation is essential for
assessing patients’ physical conditions and monitoring reha-
bilitation progress. For example, it can be used to analyze gait
patterns, detect movement disorders, and provide feedback
for physical therapy exercises [83]. It also facilitates the
analysis of complex movements, such as those in gymnastics,
martial arts, and dance [84]. The entertainment industry
has also used posture estimation for applications such
as motion capture and animation. By capturing human
movements accurately, posture estimation allows for the
creation of realistic animations and virtual avatars, which
are used in video games, films, and virtual reality expe-
riences, enhancing the realism and interactivity of digital
content [85].

Despite these advancements, several challenges remain
in posture estimation. One primary challenge is handling
occlusions, where parts of the body are obscured by other
objects or individuals. Occlusions can significantly impact
the accuracy of landmark point predictions, leading to
incomplete or incorrect poses [86], [87]. Techniques like
pose-guided proposal generators and attention mechanisms
have been developed to address this issue, but further
improvements are needed [78]. Another challenge is dealing
with variations in body shapes, sizes, and clothing. The
diversity of human appearances can affect the model’s gen-
eralizability across different individuals and scenarios. Large
and diverse training datasets, along with data augmentation
techniques, are essential to addressing this challenge and
improving the model’s generalization capabilities [88]. The
integration of CNNs, RNNs, and prior knowledge has enabled
the development of techniques for predicting human poses
from images and videos.

F. SPATIAL CLUSTERING

GMMs are a fundamental tool in unsupervised learning, pro-
viding a probabilistic framework for clustering and density
estimation [97]. GMMs assume that data is made using a
mixture of several Gaussian distributions, each corresponding
to a different cluster. This probabilistic approach offers
significant flexibility in modeling complex datasets, making
GMMs suitable for a wide array of applications, includ-
ing spatial clustering and posture estimation [98]. A key
advantage of GMMs is their ability to handle overlapping
clusters. Unlike hard clustering methods such as K-means,
which rigidly assign each data point to a single cluster,
GMMs assign a probability to each data point for belonging
to multiple clusters. This soft clustering capability allows
GMNMs to capture the inherent uncertainty and variability in
real-world datasets, particularly in cases where data points do
not fit neatly into distinct categories [42].

GMMs are widely applied across various fields, including
image processing, bioinformatics, and speech recognition.
In image processing, for example, GMMs are used for image
segmentation, aimed at partitioning an image into meaningful
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regions. By modeling the pixel intensity distribution with
a mixture of Gaussians, GMMs can effectively separate
different objects and background regions within an image,
providing flexibility in handling variations in lighting, color,
and texture [99]. This results in more accurate segmentation
outcomes. In bioinformatics, GMMs are used to analyze gene
expression data, helping to identify clusters of genes with
similar expression patterns. By modeling gene expression
levels as a mixture of Gaussian distributions, GMMs
can uncover underlying biological states and processes,
facilitating a deeper understanding of gene functions and
interactions [100]. This highlights GMMSs’ capacity to
manage high-dimensional data and detect complex patterns
that are challenging for traditional clustering methods. In the
domain of speech recognition, GMMs have long been
used for modeling the distribution of acoustic features in
speech signals, aiding in the classification of phonemes
and words [101]. The flexibility of GMMs in handling the
variability and uncertainty in speech data makes them partic-
ularly well-suited for this task. By modeling the probability
distribution of speech features, GMMs enhance the accuracy
of speech recognition systems, even in noisy and variable
conditions. Recent advancements have seen the integration of
GMMs with deep learning frameworks, leading to the devel-
opment of hybrid models such as Variational Autoencoders
(VAEs) and Gaussian Mixture Variational Autoencoders
(GMVAE:). These models combine the strengths of GMMs
with the expressive power of deep neural networks, using
GMMs to capture the latent structure of data while using deep
learning techniques to manage complex, high-dimensional
inputs [102]. This integration has opened new possibilities
for unsupervised learning and generative modeling, enabling
more powerful and flexible representations of complex
data.

In the context of spatial clustering, GMMs are particularly
effective for analyzing the distribution of key landmark
points in posture estimation. Posture estimation involves
determining the configuration of the human body from
visual data, typically by identifying landmark points or
landmarks such as joints and body parts [77]. GMMs can
model the spatial distribution of these landmark points as a
mixture of Gaussian distributions, capturing the variability
and uncertainty in human posture. By clustering landmark
points based on their spatial coordinates, GMMs can identify
distinct posture patterns and classify different types of
movements [103]. This probabilistic approach allows for the
modeling of overlapping and complex postures, providing a
more accurate and nuanced representation of human motion.

For instance, in a motion capture system, GMMs can be
used to cluster key landmark points of various body parts,
such as the head, shoulders, elbows, and knees. By modeling
the spatial distribution of these landmark points, GMMs can
identify different postures and movements, such as standing,
sitting, walking, or running. The soft clustering approach
of GMMs is particularly advantageous for representing
transitional postures and movements, where landmark points
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TABLE 1. Comparative review of posture estimation methods in human action analysis.

based on bones

ing bone proper-
ties

frames

Study Method Application Novelty Strengths Limitations Accuracy
Ahmad & Lee, | Cartesian optical | Human action | Multidimensional Classification ac- | Difficulty 87.5%
2006 [89] flow and shape- | recognition hidden = Markov | curacy across dif- | distinguishing
based features model for action | ferent camera an- | similar actions
recognition gles (e.g., walking,
running)
Lietal., 2008 [90] | Action graph and | Human action | Salient posture- | Scalability and | Lack of online | Over 85%
GMM classification based action graph | support for | learning capability
incremental
learning
Yan et al., 2011 | Spatiotemporal Human action | Integration of spa- | Robustness Limited 86.6%
[91] movement feature | recognition tiotemporal points | to video | effectiveness
modeling of interest segmentation in unstable camera
variations environments
Chen et al., 2021 | Pose Anatomy-aware Joint shift loss to | Use of informa- | Task-specific pre- | Superior
[92] decomposition pose estimation train networks us- | tion across video | diction limitations | performance

on Human3.6M
and MPI-INF-

3DHP datasets
Zheng et al., 2021 | Transformer- 3D humanposees- | Temporal correla- | Strong temporal | Need for pre- | 88.6%
[93] based PoseFormer | timation tion modeling us- | modeling training for
ing transformers capability and | smaller datasets
high accuracy
Yang et al., 2022 | U-shaped 3D humanposees- | Multi-level and | Incorporation of | - Outperforms
[94] spatiotemporal timation multi-scale human  skeletal SOTA methods
transformer spatiotemporal topology
representation
Lietal., 2023 [95] | Multi-scale Human pose esti- | Coordinate Reduction of | Difficulty in | 4.8%
coordinate mation attention redundancy crowded scenes improvement
attention mechanism and improved over baseline
framework for model | detection speed
enhancement
Jiet al., 2024 [96] Rigid and non- | Human pose esti- | Separationofrigid | Use of  pre- | Limited 14% improvement
rigid motion | mation and non-rigid mo- | encoded generalization over SOTA
modeling tions for better es- | knowledge for 3D
timation pose generation
PE-USGC Posture Near-duplicate hu- | Integration High accuracy | Unaccountedbody | 96.97%
(current work) estimation-based man motion classi- | of posture | in distinguishing | movement styles
unsupervised fication kinematics  and | subtle motion | due to bodily
spatial ~ Gaussian spatiotemporal variations differences
clustering joint movements

may not fit neatly into a single cluster. GMMs can also be
applied to analyze temporal sequences of landmark point
positions, capturing the dynamics of human motion over
time. By modeling the temporal evolution of landmark
points as a mixture of Gaussian distributions, GMMs can
identify patterns of movement and classify different types of
activities. This capability is especially useful in applications
such as sports analysis, physical therapy, and human-
computer interaction, where understanding the dynamics of
human motion is crucial [104]. In addition to their flexibility,
GMMs offer several practical advantages. The Expectation-
Maximization (EM) algorithm used for parameter estimation
is relatively straightforward to implement and can handle
missing data and incomplete observations [105]. This makes
GMMs suitable for real-world applications where data may
be noisy or incomplete.

GMNMs also provide a probabilistic framework that can eas-
ily incorporate prior knowledge and constraints, enhancing
their ability to model complex data. However, GMMs also
face challenges. One major challenge is selecting the number
of Gaussian components, which can significantly influence
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clustering results. Model selection criteria such as the Akaike
Information Criterion (AIC) and the Bayesian Information
Criterion (BIC) are commonly used to determine the optimal
number of components, balancing model complexity and
goodness of fit [106], [107], [108]. Another challenge is
the computational complexity associated with fitting GMMs
to large datasets, particularly in high-dimensional spaces.
Advances in efficient algorithms and parallel computing
techniques have been developed to address this issue,
enabling the application of GMMs to big data problems [109].
GMMs are a powerful and versatile tool for clustering
and density estimation. Their probabilistic framework and
flexibility in modeling complex data distributions make
them suitable for diverse applications, ranging from image
processing and bioinformatics to speech recognition and
posture estimation. The ability of GMMs to handle overlap-
ping clusters and model the spatial distribution of landmark
points in posture estimation highlights their potential for
analyzing and understanding human motion. As research
in this field continues to advance, further methodological
and computational developments promise to enhance the
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capabilities and applicability of GMMs in tackling complex
data analysis challenges.

Table 1 presents a comparative review of various posture
estimation methods applied in human action analysis. Each
study is characterized based on its methodology, application
area, novel contributions, strengths, limitations, and reported
accuracy. Notable methods include multidimensional hidden
Markov models [89], action graphs [90], and spatiotemporal
feature modeling [91], [94] for action recognition [110],
as well as recent advancements like Transformer architectures
and unsupervised spatial Gaussian clustering [93]. The
highest accuracy (96.97%) is achieved by the current
work, PE-USGC, which integrates posture kinematics and
spatiotemporal joint movements to distinguish subtle motion
variations effectively.

lll. METHODOLOGY

A. EXPERIMENT DESIGN

This study examined three culinary tasks, as shown in
Figure 1, that involved repetitive near-duplicate physi-
cal movements: chopping (see Figure 1(a)), sawing (see
Figure 1(b)), and slicing (see Figure 1(c)). Chopping [111]
requires using a knife to cut food into pieces with a straight
downward motion. This action needs force and is used for
food items like vegetables and fruits, where the size and shape
of the resulting pieces are not necessarily uniform depending
on the shape of the food. Sawing [111] is a cutting method that
uses a back-and-forth motion, just like a hacksaw is operated.
This technique cuts through tougher food items, where a
more controlled cutting motion is needed. Slicing [112] is
the process of cutting food into fine pieces using a smoothly
vertical motion. Slicing can be considered a granular version
of chopping. These tasks were carried out using typical food
items and kitchen tools commonly found in households or
restaurants. Participants were given initial instructions that
included basic expectations and safety guidelines to prevent
injuries while using sharp tools, based on the outcomes from a
previous study [113]. Their actions were recorded using three
standard video cameras, capturing the front, left, and right
views of each participant.

B. PARTICIPANTS

Thirty-four participants in total performed the three culinary
tasks. The lab experiment involved 24 laypersons (12 males
and 12 females) aged between 22 and 62 years (M =
27.2; Population SD = 8.46), while the field experiment
included 10 professional workers (7 males and 3 females)
aged between 23 and 73 years (M = 39.9; SD = 19.39).
Most of the skilled workers involved had more than 6 years
of experience in culinary work. Only one participant was left-
handed. This research adhered to the American Psychological
Association Code of Ethics and received approval from
the Institutional Review Board at Arizona State University
(STUDY00016442). Informed consent was obtained from all
participants.
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FIGURE 1. Representative near-duplicate culinary tasks performed by
participant: (a) Chopping, (b) Sawing, and (c) Slicing.

IV. DATA ANALYSIS

A. PIXEL-BASED IMAGE CLASSIFICATION

The primary objective of this study was to evaluate the
performance of various deep learning models in classifying
near-duplicate human motions, particularly within the con-
text of culinary tasks such as chopping, sawing, and slicing.
The analysis focused on assessing the effectiveness of the
four CNN architectures (see Figure 2), using a well-structured
experimental framework that allowed for evaluation across
key performance metrics, including accuracy, precision,
recall, and F1-score.

Each participant’s data was systematically organized into
distinct categories corresponding to the tasks at hand. The
images underwent preprocessing steps for effective training
of the CNN models. The preprocessing pipeline included
resizing the images to a standard dimension of 224 x 224 pix-
els, converting the images into tensors, and normalizing them
based on the mean and standard deviation values derived
from the ImageNet dataset [48]. These preprocessing steps
were crucial in standardizing the input data, ensuring that
the models could learn meaningful patterns without being
affected by inconsistencies in image size or color distribution.

The computations were conducted using Compute Unified
Device Architecture (CUDA) backend, which enabled effi-
cient processing of the data on compatible hardware. This
approach was chosen to use the parallel processing capabil-
ities of modern GPUs, accelerating the training process and
allowing for more iterations within a reasonable timeframe.
The models were trained using the Adam optimizer [114],
[115] (see Equations 7, 8, 9, and 10), a common choice
in deep learning due to its learning rate adaptiveness when
doing model training. The Adam optimizer updates the model
parameters 6 according to the following equations:

my = Bim;_1 + (1 — B1)VeJ (0) 7
ve = Bave—1 + (1 — B)(VoJ (6)) ®)
~ my ~ Vi

=g =g )

041 =06, —a (10)

iy
RV ‘,}t + €
where m; and v, are the first and second moment estimates,
m; and v, are the bias-corrected moment estimates, « is
the learning rate, 81 and B, are decay rates for the moving
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FIGURE 2. Pipeline architecture of the proposed analysis for pixel-based and posture-based near-duplicate human motion classification.

averages, € is a small constant to prevent division by zero,
VyJ(0) is the gradient of the loss function J(6) with respect
to the parameters, 6; is the current parameter value, and 6;41
is the updated parameter value.

An initial learning rate of 0.01 was selected, with
the learning rate subsequently adjusted through a StepLR
scheduler. The learning rate at epoch ¢ was adjusted, as shown
in Equation (11).

(X,=(X0X)/L%—] (11
where «y is the initial learning rate, y is the decay factor, and
T is the step size.

N
L(y,5) ==Y yilog() (12)
i=1

where y represents the true label, y is the predicted probability,
and N is the number of classes.

The training process involved iteratively minimizing
the cross-entropy loss function (see Equation 12) [116].
In every epoch, the model parameters were adjusted through
backpropagation. This process involved computing the loss
function gradients with respect to the parameters of the model
and then modifying the parameters in a way that reduced the
loss. The progress of the training was monitored using the
running loss, which provided a real-time indication of how
well the model was learning from the data. Additionally, the

163100

model’s accuracy was tracked by comparing the predicted
labels with the true labels for each batch of images.

Upon completion of the training phase, the models were
evaluated on the same dataset using a set of well-established
performance metrics. The evaluation metrics included accu-
racy (see Equation 13), precision (see Equation 14), recall
(see Equation 15), and Fl-score (see Equation 16), which
together provided a assessment of the model’s classification
capabilities. Accuracy, defined as the ratio of correctly
predicted instances to the total count of instances, offered a
general measure of the model’s effectiveness:

TP + TN

A =
Uy = TP Y TN + FP + FN

(13)

In this equation, TP (True Positives) represents the
number of instances where the model correctly identified
the positive class, while TN (True Negatives) represents the
instances where the model correctly identified the negative
class. FP (False Positives) refers to cases where the model
incorrectly predicted the positive class, and FN (False
Negatives) represents instances where the model incorrectly
predicted the negative class.

Precision, which calculated the proportion of true positive
predictions relative to all positive predictions, provided
details about the model’s ability to correctly identify
instances of each class without being misled by false
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positives:

. TP
Precision = —— (14)
TP + FP
Recall, or the true positive rate, measured the model’s
ability to capture all relevant instances of each class,
reflecting its sensitivity:
TP
Recall = ———— (15)
TP + FN

Finally, the F1-score, the harmonic mean of recall and
precision, provided a measure that accounted for both, false

positives and false negatives:

Precision x Recall

Fl1 =2x — (16)
Precision + Recall

The results of the evaluation were aggregated for direct
comparison between the different models and configurations
tested. This structured approach enabled the identification
of the most effective model architecture for the task at
hand, highlighting the strengths and potential limitations of
each model in the context of near-duplicate human motion
classification.

B. POSTURE-BASED TASK CLASSIFICATION

Posture-based task classification involved categorizing
different activities based on the spatial and temporal patterns
of human body landmarks, as shown in Algorithm 1.
The landmark points were estimated using MediaPipe and
saved. This analysis used data collected where partici-
pants performed three culinary tasks, chopping, sawing,
and slicing. The process included data loading, feature
extraction, clustering using GMM, dimensionality reduction
with Principal Component Analysis (PCA), and classification
with a Random Forest classifier [117]. To begin with, the
dataset was loaded and combined from all participants. Each
participant had performed three tasks: chopping, sawing, and
slicing. For each task, the landmark data is collected, which
includes the x, y, and z coordinates of key points on the
body tracked over time. The primary dataset is represented
as shown in Equation (17).

D = {(Xi, y)}¥, (17)

where X; represents the landmark points and y; the corre-
sponding task label.

From the raw landmark data, we calculated additional
features such as velocity and acceleration, as shown in
Equations (18) and (19), respectively. Velocity is the rate
at which the position changes with respect to time and is
calculated using:

X (t+1)—xi ()
B At

where x;(¢) represents the position of landmark i at time ¢, and
At is the time difference between frames.

vi (1) (18)
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Algorithm 1 Data Processing and Model Training

1: Input: Dataset directory path D, step size s

2: Output: Trained Random Forest classifier C, GMM G
3: Define functions to calculate velocity and acceleration:
& velocities « Bl landmarkol— 1
5. accelerations <— velocmes[{)..]0—3\?/,e>£cmes[.—1]
6: Load and combine data from all participants:
7: forp e {1,...,34}:
8: for (task, label) €
{(Chopping, 0), (Sawing, 1), (Slicing, 2)}:
9: Load data df from D
10: Subsample data dff:: s]
11: Calculate features:
landmarks, velocities, accelerations
12: Append features and labels
13: end for
14 end for

15: return combined_features, labels

16: Split data into training and testing sets

17: Fit GMM:

18: G <« GaussianMixture(n_components = 3)

19: Train G on Xipin

20: Predict clusters for Xirain and Xeegt

21: Visualize clusters using PCA

22: Train Random Forest Classifier:

23: C < RandomForestClassifier(n_estimators = 100)

24: Train C on Xirain, Yirain

25: Predict ypreq on Xest

26: Evaluate the model:

27: Compute accuracy, precision, recall, Fl-score, and
confusion matrix

28: Calculate accuracy for each task:

29: for label € {0, 1, 2}:

30: Compute task-specific accuracy

31: return Model performance metrics

Acceleration, which is the rate of change of velocity,
is computed as:
vit+1) —vi (1)

a;(t) = AL (19)
where v;(t) represents the velocity of landmark i at time ¢, and
At is the time difference between frames.

These calculated velocities and accelerations are then
combined with the original landmarks to form a feature
vector:

Sfi=lxi,vi,ail (20)

The next step involved splitting the dataset into training
and testing sets, as shown in Equation (21). This split ensured
that the model can be evaluated on unseen data to assess its
generalization performance. The dataset D is partitioned into
Dyyain and Dy, such that:

|Dtrain| + |Dtest| = |D| (21)
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TABLE 2. Performance metrics of PE-USGC at different frame rates averaged over 10 runs of randomized train-test data.

FPS Chopping [Mean (SD)] Sawing [Mean (SD)]
Accuracy Precision Recall F1-score Accuracy Precision Recall F1-score
1 66.47% (X4.24%) | 0.77 (£0.03) | 0.67 (£0.04) | 0.71 (£0.03) | 72.94% (£3.70%) | 0.82 (£0.04) | 0.73 (£0.04) | 0.77 (£0.03)
5 38.86% (L£1.01%) | 0.92 (£0.02) | 0.89 (£0.01) | 0.90 (£0.01) | 91.17% (£0.67%) | 0.95 (£0.01) | 0.91 (£0.01) | 0.93 (£0.01)
10 93.62% (£0.62%) | 0.93 (£0.01) | 0.94 (£0.01) | 0.93 (£0.01) | 93.52% (£0.47%) | 0.96 (£0.00) | 0.94 (£0.00) | 0.95 (£0.00)
30 96.39% (£0.50%) | 0.96 (£0.01) | 0.96 (£0.01) | 0.96 (£0.00) | 96.16% (£0.26%) | 0.98 (£0.00) | 0.96 (£0.00) | 0.97 (+0.00)
FPS Slicing [Mean (SD)] Average across tasks [Mean (SD)]
Accuracy Precision Recall F1-score Accuracy Precision Recall F1-score
1 89.49% (£1.73%) | 0.76 (£0.03) | 0.89 (£0.02) | 0.82(£0.02) | 76.30% (£3.22%) | 0.78 (£0.03) | 0.76 (+0.03) | 0.77 (£0.03)
5 95.69% (£0.69%) | 0.92 (£0.01) | 0.95(£0.01) | 0.93 (£0.00) | 91.91% (£0.79%) | 0.93 (£0.01) | 0.92 (£0.01) | 0.92 (+0.01)
10 96.85% (+0.37%) | 0.95(£0.01) | 0.97 (£0.00) | 0.96 (£0.00) | 94.66% (£0.49%) | 0.95 (£0.00) | 0.95 (£0.00) | 0.95 (+0.00)
30 | 98.36% (£0.24%) | 0.07 (£0.00) | 0.98 (£0.00) | 0.98 (£0.00) | 96.97% (£0.33%) | 0.97 (£0.00) | 0.97 (£0.00) | 0.97 (£0.00)
TABLE 3. Performance metrics of CNN architecture at 30 fps dataset.
. Accuracy by task Average across tasks
CNN Architecture Chopping | Sawing | Slicing | Accuracy | Precision | Recall | Fl-score
ResNet-18 93.33% 94.06% | 95.89% 94.43% 0.94 0.95 0.94
DenseNet 90.91% 83.00% | 98.12% 90.68% 0.92 0.90 0.91
SqueezeNet 73.97% 83.64% | 89.61% 82.41% 0.78 0.82 0.80
MobileNet 87.01% 90.00% | 97.50% 91.50% 0.94 0.92 0.93

Clustering was performed using GMM. GMMs assume
that the data is derived from a mixture of several Gaussian
distributions, each representing a cluster. This probabilistic
approach provides flexibility in modeling the data and can
handle overlapping clusters effectively [118]. The GMM was
trained on the feature vectors (see Equation 20) from the
training set, and the parameters of the model were calculated
using the Expectation-Maximization (EM) algorithm [42].
The EM algorithm iteratively maximized the expected
complete data log-likelihood, updating the model parameters
6 as shown in Equation (22).

N K
hew = arg max i log N (x| e, Ze))  (22)
gm; ; ,; i log (e (xi | e, Z)

where 6Oyy, represents the updated parameters that maximize
the expected complete data log-likelihood. Here, 7y, 1k, and
¥ are the mixture weights, means, and covariance matrices
of the k™ Gaussian component, respectively. The expression
N (x; | ik, i) represents the probability density function of
the k™ Gaussian component evaluated at the data point x;. The
responsibilities yjx, defined as

N (i | e, Zi)
S N G | g )

denote the posterior probability that x; belongs to the
k™ component. The outer sum Zf’: | runs over all N data
points, while the inner sum Z,’;] runs over all K Gaussian
components in the mixture model. The argmaxy term

indicates that we are finding the value of 6 that maximizes
the expected complete data log-likelihood.

Yik =

V. RESULTS

The performance metrics of the PE-USGC model and the
four CNN architectures at different frame rates are presented
in the Tables 2 and 3, respectively. The results highlight
significant differences in accuracy, precision, recall, and
Fl-score across the models and frame rates. The training
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and validation loss and accuracies of the CNN models are
shown in Figure 3. For the CNN architectures, ResNet-
18 demonstrated the highest average accuracy of 94.43%,
followed by DenseNet at 90.68%, MobileNet at 91.50%,
and SqueezeNet at 82.41%. Average precision, recall, and
Fl-score metrics were also highest for ResNet-18, with
values of 0.94, 0.95, and 0.94, respectively. The PE-USGC
model showed improvement in performance with increasing
frame rates. At 1 fps, the model achieved an average
accuracy of 76.30%, with precision, recall, and F1-score
values of 0.78, 0.76, and 0.77, respectively. As the frame rate
increased, the model’s accuracy and other metrics improved
significantly. At 5 fps, the average accuracy reached 91.91%,
with precision, recall, and F1-score values of 0.93, 0.92, and
0.92, respectively. At 10 fps, the model’s performance further
improved, with an average accuracy of 94.66%, precision and
recall both at 0.95, and an Fl-score of 0.95. At the highest
frame rate of 30 fps, the PE-USGC model achieved its best
performance, with an average accuracy of 96.97%, precision,
recall, and Fl-score all at 0.97. In comparison to the CNN
architectures evaluated at 30 fps (Table 3), the PE-USGC
model outperformed CNN models across tasks.

VI. DISCUSSION

The results demonstrate that the PE-USGC model is highly
effective for classifying human motion, particularly at
higher frame rates. Table 2 shows the performance results
PE-USGC averaged over 10 runs and Table 3 shows the
results for four CNN architectures evaluated. The model’s
performance shows a significant improvement as the frame
rate increases, with the highest frame rate of 30 fps yielding
the best outcomes. This trend suggests that higher frame
rates provide more detailed temporal information, which
enhances the model’s ability to accurately classify the
tasks. When comparing the PE-USGC model to traditional
CNN architectures, it was found that that the PE-USGC
model achieved comparable or even better performance at
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FIGURE 4. Confusion matrices for PE-USGC over 10 runs for classes 0, 1, and 2, representing chopping, sawing, and slicing,

respectively. (a) 1 fps, (b) 5 fps, (c) 10 fps, and (d) 30 fps.

lower frame rates. For example, at 10 fps, the PE-USGC
model’s average accuracy of 94.66% is comparable to that
of ResNet-18. This is an important finding, as it indicates
that the PE-USGC model can achieve high performance
without the substantial computational costs associated with
processing at 30 fps.

At 30 fps, the PE-USGC model’s performance exceeds that
of all tested CNN architectures, including ResNet-18. This
finding suggests that the PE-USGC model not only matches
but can also surpass the performance of CNN architectures
under optimal conditions. The improved performance of the
PE-USGC model could be attributed to its ability to integrate
posture estimation with unsupervised spatial clustering,
which likely provides a more detailed understanding of
task-specific movements [83]. Analyzing individual task
performance, the PE-USGC model achieved an accuracy of
96.39% for the Chopping task at 30 fps, which, while slightly
higher than ResNet-18’s 93.33%. At 10 fps, the PE-USGC
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model’s accuracy for Chopping was 93.62%. Even at 1 fps
(see Figure 4(a)), the model maintained a reasonable accuracy
of 66.47%, which is notable given the significant reduction in
temporal resolution [77].

For the Sawing task, the PE-USGC model achieved an
accuracy of 96.16% at 30 fps, slightly better ResNet-18’s
94.06%. As the confusion matrix shows in Figure 4(c) for
10 fps, the model achieved an accuracy of 93.52%, surpassing
DenseNet, MobileNet, and SqueezeNet, which highlights
the model’s robustness even at reduced frame rates. The
model’s performance at 1 fps for the Sawing task was
72.94%, which, while lower, still demonstrates reasonable
classification capability at this low frame rate. The confusion
matrices for 5 fps and 30 fps are shown in Figures 4(b)
and 4(d), respectively.

The Slicing task yielded the highest accuracy across
all tasks, with the PE-USGC model achieving 98.36% at
30 fps, outperforming all CNN architectures. Even at 10 fps,
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TABLE 4. Comparative analysis of PE-USGC and other approaches using
the UCF sports action dataset.

Study Method Accuracy (%)
El-Assal et al, 2023 | Unsupervised spike- 50.67
[119] timing dependent
plasticity-based learning
with convolutional
spiking neural networks
Sanakoyeu et al., 2018 | Unsupervised similarity 79.00
[120] learning through
exemplar-based
approach

PE-USGC (current | Unsupervised Gaussian 82.16
work) clustering and Random
Forest classification
Unsupervised hierarchi- 86.5
cal learning of invari-
ant spatiotemporal fea-
tures using Independent
Subspace Analysis for
robust action recognition
Unsupervised hierarchi- 86.6
cal slow feature learning

£3

Leetal, 2011 [121]

Sun et al., 2014 [122]

"7 out of the 10 UCF Sports Action dataset classes were used.

the model achieved an accuracy of 96.85%. At 1 fps, the
model had an accuracy of 89.49%, which is notable given
the significantly lower spatio-temporal resolution [53]. The
observed improvement in precision, recall, and Fl1-score
metrics with increasing frame rates further highlights the
effectiveness of the PE-USGC model. These metrics show
that the model becomes more accurate and reliable in its
classifications as it receives more temporal data. The highest
precision, recall, and Fl-score values at 30 fps confirm
that the model’s predictions are both precise and consistent,
reducing the likelihood of false positives and false negatives.

The PE-USGC model’s ability to achieve high perfor-
mance at lower frame rates has significant implications
for real-world applications. Lower frame rates reduce the
amount of data that must be processed, leading to faster and
more efficient computations. This is particularly beneficial
in resource-constrained environments where computational
power and storage are limited. The PE-USGC model’s
ability to maintain high accuracy and reliability at these
lower frame rates makes it a valuable tool for applications
requiring efficient and effective classification with limited
resources. Overall, the results highlight the PE-USGC model
as a powerful and efficient alternative to traditional CNN
architectures for classifying culinary tasks. The model’s
performance at higher frame rates and its competitive
performance at lower frame rates highlights its adaptability,
making it an alternative for various applications, particularly
those where computational resources are limited.

As shown in Table 4, PE-USGC achieves 82.16% accuracy
on the UCF Sports Action dataset, which contains 150 video
sequences of humans performing 10 sports actions, such
as running, diving, and swinging, in diverse backgrounds.
Although Le et al. [121] and Sun et al. [122] achieved
higher accuracies of 86.5% and 86.6% using hierarchical
feature learning and slow feature analysis, these methods
rely on pixel-level representations. This could make them
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more sensitive to variations such as lighting, background
clutter, and viewpoint changes, limiting their ability to
capture temporal dynamics and motion continuity effectively.
Reliance on pixel-level features can make them less effective
at distinguishing near-duplicate human motions-actions with
subtle differences that are visually similar as shown in
Tables 2 and 3.

VII. CONCLUSION AND FUTURE WORK

In this study, we conducted a detailed analysis of
near-duplicate human motion classification using both
pixel-based CNNs and posture-based GMM classification.
Our results show that combining posture estimation with
spatial Gaussian clustering enhances classification accuracy,
offering a more context-aware understanding of human
activities compared to traditional pixel-based methods.
While pixel-based CNNs like ResNet-18, SqueezeNet,
DenseNet, and MobileNet are effective, posture-based
methods particularly excel in handling subtle variations in
human motion. The key findings from our analysis include
improved accuracy, tolerance to frame rate variability, and
computational efficiency. Posture-based task classification
outperformed pixel-based methods by focusing on spatial
and temporal patterns of human body landmarks, capturing
details in near-duplicate tasks that pixel-based approaches
often miss. GMMs showed better performance at higher
frame rates, suggesting that posture-based methods can
effectively use increased frame rates for better classification
results. Posture-based technique required fewer image
frames, which is advantageous for real-time applications in
resource-limited environments.

However, our study had some limitations. First, the
research was conducted on a dataset built for culinary tasks,
and other types of near-duplicate human motions from other
industries needs to be explored. Second, the current posture
estimation method has not accounted for occlusions, where
parts of the body are obscured, making accurate posture
estimation challenging. Third, the study did not account for
individual differences in body size, shape, or movement style,
which can potentially influence the classification accuracy.

Future research should address these limitations by
expanding dataset diversity, improving occlusion handling,
and optimizing computational efficiency. Including a wider
variety of datasets across different domains, such as
sports, healthcare, and workplace activities, could prove the
generalizability of posture-based classification approaches.
Developing advanced techniques to handle occlusions, such
as using depth sensors or multi-view camera setups, will
improve accuracy in real-world scenarios. Optimizing the
computational efficiency of posture estimation and GMM
clustering, through methods like model pruning and hardware
accelerators, will be critical for deploying these models
in real-time applications. In conclusion, integrating posture
estimation with spatial Gaussian clustering represents a sig-
nificant advancement in the classification of near-duplicate
human motions. By addressing the identified limitations and
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pursuing further research, we aim to enhance the accuracy
and applicability of these methods across various real-world
scenarios. The code to PE-USGC model can be found on
GitHub [123].
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