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Abstract

Human action recognition through skeletal analysis represents a fundamental challenge
with significant implications for real-world applications. Contemporary approaches frequently
depend on singular skeletal sequence representations, potentially limiting their capacity to
comprehensively encode the multifaceted characteristics inherent in human actions. This work
introduces LFHAR (Latent Features for Human Action Recognition), an innovative architec-
tural framework that leverages diverse spatio-temporal latent encodings to enhance action
feature extraction. The proposed representations model the temporal progression of skeletal
configurations while incorporating both joint-level and limb-level motion patterns. The meth-
odology employs a graph-based transformation for individual skeletal frames within temporal
sequences, subsequently organizing the extracted graph features into spatio-temporal matrices.
Experiments on benchmark datasets validates the robustness and invariance properties of the
LFHAR framework. The approach achieves notable performance gains, with accuracy improve-
ments of 2.7% and 2.1% on the NTU-RGB+D 60 and NTU-RGB+D 120 datasets, respectively,
substantiating its effectiveness in advancing skeleton-based action recognition.
Keywords: Invariant representations, Latent features, Skeleton-based action recognition,
Spatio-temporal graph network

1. Introduction computer interaction systems, automated

Human action recognition constitutes surveillance, robotic systems, medical ap-

a critical component across diverse appli- plications, and immersive virtual environ-
cation domains, encompassing human- ments. Research in this domain has explored
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multiple data modalities, spanning RGB
video streams, depth-based recordings, and
skeletal joint representations (Sun et. al,,
2022). The skeleton-based paradigm has
emerged as particularly compelling due to
its inherent robustness against environmen-
tal variations including background clutter,
attire differences, and illumination changes,
while simultaneously offering high-fidelity
3D spatial coordinates of anatomical land-
marks. Historical approaches to skeletal data
acquisition relied on motion capture infra-
structures employing body-mounted sen-
sors, multi-view camera arrays, or infrared
tracking systems within constrained labora-
tory settings (Ahmad et. al., 2021).

Recent breakthroughs in computer vision
methodologies have catalyzed fundamental
transformations across diverse sectors, en-
compassing medical diagnostics, financial
modeling, predictive analytics, and visual
computing. Deep learning architectures have
particularly revolutionized automated hier-
archical feature learning from visual data,
enabling sophisticated pattern recognition
capabilities that obviate traditional manual
feature design. These advances have yielded
remarkable achievements in visual recogni-
tion tasks including categorical classification,
object localization, and semantic segmenta-
tion, often matching or exceeding human-
level accuracy. Consequently, these techno-
logical developments have facilitated robust
skeletal pose estimation directly from video
streams through deep learning pipelines,
eliminating dependencies on specialized sen-
sor hardware (Cheng et. al., 2020).

The extraction of discriminative action-
specific features from skeletal trajectories
constitutes a fundamental challenge in
skeleton-based recognition systems. Tra-
ditional approaches relied on handcrafted
feature engineering, transforming skele-
tal sequences into compact representations
suitable for conventional classifiers includ-
ing K-Nearest Neighbor algorithms, Random
Forest ensembles, or Hidden Markov Mod-
els.

2. Related works
To address the aforementioned con-
straints, this research introduces a novel
architectural framework for skeleton-based

Section 2. Computer science

action recognition, designated as LFHAR
(Latent Features for Human Action Recog-
nition). The LFHAR architecture comprises
three principal components: action represen-
tation, latent feature extraction, and human
action prediction modules. Within the action
representation component, we formulate five
distinct image-based spatio-temporal action
latent features that encode action sequences
from complementary perspectives, thereby
mitigating the inherent limitations asso-
ciated with singular action representation
schemes. Although numerous action rep-
resentation paradigms exist, our proposed
quintet of representations strategically em-
phasizes fundamental motion dynamics to
achieve distinctive characterization of indi-
vidual actions.

In examining human kinematic patterns,
action differentiation emerges through tem-
poral evolution of skeletal configurations
and the directional characteristics of articu-
lar and limb trajectories. Directional motion
attributes can be encoded through two com-
plementary modalities: angular variations
between interconnected limb segments and
spatial displacement metrics between joint
coordinates (Xin et. al., 2022). Furthermore,
temporally similar actions executed at vary-
ing velocities manifest subtle disparities in
both angular measurements and inter-joint
spatial relationships, necessitating the devel-
opment of velocity-invariant representation-
al schemes to ensure robust action character-
ization across different execution speeds.

For encoding the temporal evolution
of skeletal poses, we introduce a spatio-
temporal Graph Latent Features (GF) rep-
resentation, manifested as an RGB feature
map derived from a graph matrix wherein
columns encode individual skeletal graph
representations across the three Cartesian
dimensions. This representational scheme
achieves coordinate invariance by emphasiz-
ing temporal variations in topological joint
relationships rather than absolute position-
al coordinates. The underlying rationale for
this approach stems from the over-smooth-
ing phenomenon inherent in GCN-based ar-
chitectures, where representational efficacy
becomes contingent upon network depth
(Liu et. al., 2025). In contrast, consolidating
the complete graph sequence into a unified,
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fixed-dimensional image representation en-
sures computational stability.

Recognizing that graph representations in-
adequately capture joint motion dynamics, we
propose three complementary distance-based
latent features to encode spatio-temporal joint
and limb displacement patterns throughout
the action sequence. Each descriptor manifests
as a single-channel grayscale image derived
from distance matrices, with columns encod-
ing inter-joint or inter-limb distances. The
Joint Distance Latent Features (JDLF) encode
intra-frame joint-to-joint distances across the
temporal sequence. The Adjacent Distance
Latent Features (ADLF) capture inter-frame
joint displacements between consecutive tem-
poral instances, providing visual encoding
of action velocity that enables recognition of
identical actions performed at varying speeds,
thereby conferring velocity invariance. The
Limbs Angle Latent Features (LALF) quantify
angular variations between adjacent limb seg-
ments, additionally encoding joint directional
information through temporal angular chang-
es. To construct a comprehensive motion rep-
resentation, these three distance latent fea-
tures are integrated into a tri-channel Fusion
Distance Latent Feature (FDLF). These four
distance-based latent features exhibit view
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invariance through their exclusive reliance on
relative distances between anatomical land-
marks. Moreover, they normalize actions of
heterogeneous temporal durations into fixed-
dimensional image representations, ensuring
frame-count invariance.

The feature extraction component em-
ploys specialized models for deriving fea-
tures from the five latent representations
(GLF, JDLF, ADLF, LALF, and FDLF). Giv-
en that these latent features manifest as
texture-patterned feature maps (Fig. 1), we
implement a shallow 1D CNN architecture
optimized for pattern classification. Feature
extraction proceeds independently for each
latent representation through dedicated
single-descriptor models for action predic-
tion. Furthermore, features from all five rep-
resentations undergo concatenation to con-
struct a comprehensive and complementary
action encoding via a fusion model. The pre-
diction component generates six classifica-
tion outputs: five from individual descriptor
models and one from the fusion architecture.
Final class determination employs a voting
algorithm that implements majority consen-
sus when multiple models produce concor-
dant predictions.

Figure 1. Architectural overview of the LFHAR framework,
comprising three integrated modules
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tures (GLF), Joint Distance Latent Features
(JDLF), Adjacent Distance Latent Fea-
tures (ADLF), Limbs Angle Latent Features
(LALF), and Fusion Distance Latent Features
(FDLF). The latent feature extraction mod-
ule employs a GCN architecture followed by
Readout layer operations. After then the out-
put from this layer is processed by dense lay-
er and for classification is used SoftMaxMCW
(Marakhimov et. al., 2025). The action predic-
tion module generates classification scores
from six feature streams — encompassing the
five independent latent representations and
their concatenated fusion — utilizing one-di-
mensional convolutional layers (ConvlD).
A voting-based ensemble mechanism sub-
sequently determines the final classification
output through consensus aggregation of the
multiple prediction streams.

3. Methodology

The framework of LFHAR-GCN-Soft-
MaxMCW architecture is depicted in Fig. 1.
It mainly consists of three separate stages:
human skeleton action representation, latent
feature extraction, and action classification.

We use Human action representation,
Skeleton graph matrix and Joints distance
matrix from work (Aouaidjia et. al., 2025).
However, authors build very heavy models
which is impossible to employ in real-time
human action recognition. Thus we build our
model based on (Marakhimov et. al., 2025)
to get the faster human skeleton based action
recognition.

3.1. Human action representation

We define the skeleton sequence as
Seq=1{S;,k=1,...,T}, where T is the num-
ber of frames, and the skeleton S, as a graph
Sk Z{V)ELV={{{],-,]-}f\:’1}§:l},]i,]- is the coordi-
nate j of the joint 7, and N is the number of
joints (vertices). We normalize the skeleton
sequence by considering the “middle of the
spine” joint of the first frame as the new ori-
gin of the coordinates system. In the rest of
the coming sections, we use the term “limb”
to refer to a skeleton bone that forms an an-
gle with its adjacent bone.

3.1.1. Skeleton graph matrix

For each skeleton S, represented as
N x3 matrix, the symmetric adjacency ma-
trix is defined as A =1a; ;,i,j =1,...N}, where
a;; =1 if the joints i and j are connected,
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and ;4. . = (, otherwise. The normalized adja-
cency matrix A’ is calculated by dividing
each row by the sum of its values. The graph
G, of asingle skeleton S, is obtained by:

’
. . app dyp tang
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G, =SiA" =\ jiy oy dina || R
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where t represents the matrix transpose op-
eration. The spatio-temporal graph repre-
sentation of the sequence is given by the 3D
graph matrix )& ¢ RNVT as:
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81j1 812 - &NjT (3)
| &1 82j28N,iT
- . . . . >

| 8N1 8N, 8N T |

where j=1,2,3, §;x are the features of the
joint i of the coordinate k of the skeleton k.
M _ is a 3D matrix consists of three 2D ma-
. gr . . .

trices, corresponding to j =1,2,3, which rep-
resents the three Cartesian axes. The con-
struction of the graph matrix is illustrated
visually in Fig. 2(a).

3.1.2. Joints distance matrix

One of the key factors for a robust motion
representation is to capture the inter-joints
distance evolution over time. For example, in
the action ‘clapping’, it is important to know
how far the left-hand joint is moving from
the right-hand joint. To construct a joint
distance representation, we selected the 32
most informative pairs that have a higher
changeable rate during the motion than the
other pairs, where the joints involved in the
selected pairs.
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Given a skeleton S, » We define the set of
the selected pairs as: Pair ={p,,i =1,..., P},
where P is the total number of selected pairs,
and p —(j% ") is the pair of the joints J*
and J'. For each pair p;, the Euclidean dis-
tance d; is calculated between its two joints
as: d, =|J° —]l’H . However, the distance be-
tween two joints in a skeleton of a shorter
person is less than that of a taller person, due
to the difference in limbs length. To normal-
ize the distance d; of the pair p; for all body
sizes, we divide the distance d; by the body
size z, where the normalized distance

d'=d;/z, and the body size z= ZN_I

=1 i
which is the sum of the lengths of all the skel-
eton limbs L;, and the limb length is the dis-
tance between its joints. The joints distance
matrix M, € RP*T is defined as:

] e

i=1 k=
dy, dyy -~ dp, @

dél déz "'divz
dil"l d%z a 'dlrﬂN
where d;, is the normalized distance of the
pair p, of the skeleton S, .
3.1.3. Adjacent distance matrix
The adjacent distance matrix represents
the temporal change in the joint coordinates
values between each two consecutive frames.
In other words, the distance between the
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joint in a frame k and its new position in the
frame k + 1. It also represents action velocity,
where larger distances indicate faster move-
ment of the joints. Given two consecutive
skeletons S, and S, of the sequence, the
adjacent Euclidean distance a, k of a joint i
between two consecutive frames k and k+1
is written as: a;; =|J;x —Ji x|, - The Adja-
cent Distance Matrix M%* ¢ R%\’ x(T-1) is de-
fined as follows:

Madis — {{ai,k }11\:]1 £=_11 = {{”]i,k - ]i,k+1||2 }f\zjl }gj (5)

=1l o =tsl, - W=,
Vas=Toall, o2 =Rosly = o =Pasl

s =Tl =Twcal, s =Tl |

4. Experiments

Table 1 presents the comparative results
between LFHAR and state-of-the-art ap-
proaches on the NTU-RGB+D 60 dataset. The
proposed LFHAR method achieves superior
recognition accuracy on benchmark datasets
and outperforms existing methods that inte-
grate GCN with attention mechanisms. The
results indicate a 1.5% improvement over 2s-
AGCN, which employs reinforcement learn-
ing for dynamic joint selection. In contrast,
our approach utilizes multiple invariant rep-
resentations that offer comprehensive action
encoding, enabling adaptation to dynamic
variations without requiring complex train-
ing procedures.

Table 1. Comparison of accuracy between LFHAR-GCN-SoftMaxMCW and the other
human action recognition methods on the NTU-RGB+D 60 and NTU-RGB+D 120 dataset

Accuracy

Method NTU-RGB+D 60 NTU-RGB+D 120
ST-GCN 87.2 883
AS-GCN 95.2 94.2
EfficientGCN 92.8 96.1
RA-GCN 93.5 93.6
AGC-LSTM 92.1 95.0
25-AGCN 95.4 95.1
LFHAR-GCN-SoftMaxMCW 96.9 97.2

Table 2 presents a computational com-
plexity analysis comparing the proposed LF-
HAR-GCN-SoftMaxMCW framework with
existing action recognition methods, eval-

uated using Floating Point Operations Per
Second (FLOPS) and inference time mea-
sured in sequences per second. The compu-
tational efficiency assessment reveals that

72 YNTHESIS AND X-RAY DIFFRACTION ANALYSIS OF A HIGH-INTENSITY COPPER



The Austrian Journal of Technical
and Natural Sciences, No 9-10

the single-descriptor configuration achieves
7.8 FLOPS, positioning it as the second most
efficient model in the comparison. The mod-
el, which processes the concatenated repre-
sentations of all five descriptors, demon-
strates a computational requirement of
31.6 FLOPS. This represents approximately
a five-fold increase compared to the single-
descriptor variant, which can be attributed
to the additional computational overhead
of processing the combined feature repre-
sentations. Given that the complete frame-
work employs multiple models operating in
parallel, the overall computational cost is

Section 2. Computer science

determined by aggregating the FLOPS val-
ues of all constituent models, yielding a cu-
mulative value of 25.3 FLOPS for the entire
system.

These computational metrics indicate
that while the fusion approach incurs high-
er computational costs due to feature con-
catenation, the overall framework maintains
reasonable efficiency when considering the
performance gains achieved through multi-
descriptor integration. The inference time
measurements further support the practi-
cal viability of the proposed method for re-
al-world action recognition applications.

Table 2. Comparison of FLOPS and Inference time.

Method FLOPS Inference time
ST-GCN 16.3 42 .91
AS-GCN 14.5 18.50
EfficientGCN 17.5 234
RA-GCN 22.4 19.52
AGC-LSTM 30.3
2s-AGCN 12.90
LFHAR-GCN-SoftMax-
MCW 253 17.50

5. Conclusion

This study presents a novel framework for
skeleton-based action recognition that com-
prises three main components: action repre-
sentation, feature extraction, and action pre-
diction modules. The action representation
module employs five image descriptors to en-
code skeleton sequences. One descriptor cap-
tures the spatio-temporal relationship varia-
tions among joints throughout the temporal
dimension, while the remaining four descrip-
tors encode the distance variations between
joints and limbs over time. These descrip-
tors function as latent features that maintain
consistency across different poses, viewing
angles, and movement velocities, thereby en-
suring robust action representation. For the
feature extraction component, we implement
a GCN+SoftMaxMCW architecture that pro-
cesses both individual descriptors and their
combined representations to extract relevant
features and perform classification. The ac-

tion prediction module generates six class
predictions, which are subsequently pro-
cessed through a voting mechanism to deter-
mine the final action category.

We evaluated the proposed framework
using four standard benchmark datasets.
The experimental results, along with com-
prehensive ablation studies, confirm the effi-
cacy of our approach. The comparative anal-
ysis with existing methods demonstrates
that our framework achieves competitive
performance in skeleton-based action rec-
ognition tasks. These findings suggest that
the integration of multiple image descrip-
tors with graph-based feature extraction
provides an effective solution for robust ac-
tion recognition.
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