INFORMATICA, 2025, Vol. 36, No. 4, 985-1012 985
© 2025 Vilnius University
DOIL: https://doi.org/10.15388/25-INFOR613

Key Frame-Based Skeleton Extraction for
Lightweight Human Action Recognition Networks

Leiyue YAO!, Chao ZENG!, Jianying XIONG'*, Keyun XIONG!,
Lei ZHANG?, Yucheng WANG?

! College of Computer Science, Jiangxi University of Chinese Medicine, Nanchang, China
2 Hanlin Hangyu (Tianjin) Industrial Co., Ltd., Tian Jin, China

3 The University of Melbourne, Melbourne, VIC, Australia

e-mail: special8212@sohu.com

Received: May 2025; accepted: November 2025

Abstract. Human Action Recognition (HAR) is an important task in computer vision with diverse
applications. However, most existing methods rely on all frames of an action video for classifica-
tion, which leads to high computational cost and low efficiency. In many cases, a compact set of key
keyframes can effectively encode the essence of a complete action. Therefore, this study proposes
an efficient HAR method that combines a new keyframe extraction algorithm with a lightweight
neural network. Our contribution is three-fold. Firstly, an accurate and efficient key frame algo-
rithm is proposed to alleviate the issue of frame-order confusion in classical clustering methods.
Secondly, a key-frame-based multi-feature fusion matrix is constructed to address information loss
from spatio-temporal trajectory overlap and the sensitivity issue of viewpoint changes in classi-
cal models. Thirdly, a lightweight neural network model is designed to achieve effective conver-
gence within a short training period. The proposed method was evaluated on two public datasets
(UTKinect-Action3D and Florence-3D) and a self-collected dataset (HanYue-3D). The experiment
results show the advantages of our method in both accuracy and efficiency.

Key words: key frame extraction, lightweight neural network, multi-scale learning, skeleton-based
action recognition, CNN-based action recognition.

1. Introduction

HAR has always been regarded as a core task in computer vision and pattern recogni-
tion. Its applications include intelligent monitoring (Chen et al., 2023), security protection
(Biswal et al., 2024), sports analysis (Zhao et al., 2025) and human-computer interaction
(Yu et al., 2024). These fields often require efficient and accurate video understanding.
However, human action videos are typically long and complex, and often contain redun-
dant information for HAR. To address this issue, many researchers have begun to study
how to extract key frames with rich information (Lanzoni et al., 2024; Liu et al., 2024).
In recent years, Convolutional Neural Networks (CNNs) have benefited from their
strong ability in image feature extraction and pattern recognition to provide solid and
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extensive technical support for HAR (Kong and Fu, 2022). At the same time, Simonyan
and Zisserman (Simonyan and Zisserman, 2014) found that effective keyframe extrac-
tion and preprocessing can significantly improve the performance of action recognition.
Researchers have been trying to find effective and unique frame extraction methods and
representations and improve them to increase the accuracy of HAR. Early HAR methods
relied on Motion History Images (MHI), Static History Images (SHI), and Motion Energy
Images (MEI). However, SHI performs poorly with occlusions and deformations. MHIs
and MEIs have problems such as loss of time information and cumulative error. Conse-
quently, these methods have gradually fallen out of favour in the field of HAR. With the
increasing popularity of the Kinect camera and the development of deep learning algo-
rithms such as OpenPose, the acquisition of human skeleton data has become both efficient
and accurate. Generally, skeleton data can be represented in either two dimensions (2D)
or three dimensions (3D). However, compared with 3D skeleton data, 2D skeleton data
lacks depth information, which may limit its ability to capture complex human motions.
The accuracy of action recognition based on 3D skeleton features is usually higher than
that based on 2D skeleton features. Therefore, 3D skeleton features are widely used in
HAR (Khezerlou et al., 2023).

Researchers have developed a variety of effective representations for skeleton data
analysis and modelling. The well-known methods include Skeleton Motion Mapping
(SMM) and Joint Trajectory Mapping (JTM). Through these new motion representations
and the powerful spatial feature extraction capabilities of CNNss, the accuracy of HAR has
gradually improved. Compared with recurrent architectures such as LSTM and BiLSTM,
CNNs pay more attention to local spatial correlations and perform more efficiently in fea-
ture extraction (Dutta et al., 2025). The recurrent architectures usually perform better in
temporal modelling of input data. Inspired by the characteristics of human visual atten-
tion, researchers have proposed the concept of attention mechanism that enables models
to selectively emphasize information-rich features while suppressing irrelevant features.
Among them, lightweight modules such as the Convolutional Block Attention Module
(CBAM) can achieve fine processing in channels and spatial domains. Transformer-based
architectures are good at modelling global dependencies and have demonstrated remark-
able performance across various sequence learning tasks (Xin ez al., 2023). However, long-
standing challenges such as spatio-temporal overlap and viewpoint sensitivity at the input
stage remain difficult to address satisfactorily. The recognition accuracy largely depends
on low-noise data.

Recognizing the same behaviour will significantly increase the recognition difficulty
under different perspectives, body proportions and lighting conditions (Zhu et al., 2023).
In addition, the recognition task becomes even more challenging due to the differences
in the movement styles of individuals. Meanwhile, frame-by-frame video analysis meth-
ods face three major difficulties in motion feature extraction: excessive computation, se-
rious data redundancy, and inefficient processing speed (Zhao et al., 2024), especially
when distinguishing subtle differences between similar behaviours such as walking and
running, walking forward and backward, and sitting and standing (Alsaadi et al., 2025).
These behaviours require the proposed method be able to accurately capture the subtle
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differences in motion patterns. The use of appropriate key frames in HAR tasks can fur-
ther improve the recognition accuracy. However, researchers face two basic challenges in
keyframe extraction: accurate selection of key frames and extraction of a unified num-
ber of key frames. At present, keyframe extraction methods are mainly divided into three
categories: 1) shot-boundary detection methods, 2) sampling and clustering techniques,
and 3) deep learning-based frame selection (Kar et al., 2024; Gan et al., 2023; Zhang,
2024). Although these methods improve processing efficiency, they have serious limita-
tions: clustering-based methods will lead to temporal disorder, and deep learning based
methods generally lack sufficient interpretability. The core challenge of keyframe extrac-
tion is to optimize computational efficiency without reducing recognition accuracy.

In this paper, we propose a key frame clustering algorithm (KKF), which solves
the problems of overlooking temporal sequences and limited accuracy in unsupervised
keyframe clustering. We further extract relative motion features to construct a key dense
joint motion matrix (KDJIMM) based on the selected keyframes. The new feature con-
struction method significantly improves the recognition efficiency while maintaining the
recognition accuracy. In addition, a lightweight convolutional neural network (L-KFNet)
is constructed to learn from KDJMM. Compared to classical CNNs, L-KFNet achieves
faster convergence and higher accuracy.

The structure of this paper is that Section 2 introduces the latest research progress of
HAR based on CNN and keyframe extraction; Section 3 introduces the KKF algorithm
design, KDJIMM construction, and L-KFNet model in detail; Section 4 presents and dis-
cusses the experimental results; Section 5 provides an overview of future research works.

2. Related Work

The existing methods have achieved notable results in extracting spatiotemporal features,
but there are still some issues. Firstly, many methods rely on fixed image construction
or basic key-frame extraction strategies. These methods are difficult to maintain both a
consistent number of key frames and temporal continuity, which leads to suboptimal per-
formance in handling dynamic, continuous, and similar actions. Secondly, classical clus-
tering and feature extraction methods have limited adaptability with respect to temporal
consistency and action diversity while capturing certain spatial variations. Therefore, they
are insufficient for similar action recognition and few-shot learning tasks (FSL).

2.1. CNN-Based HAR Methods

Du et al. (2015) addressed the problem of trajectory overlapping. They constructed colour
motion pseudo-images of uniform size by using a skeleton sequence (X, y, z) mapped se-
quentially to the three channels of a colour image (R, G, B). The motion information is
placed sequentially in non-overlapping slices. Later, Yang et al. (2018) mentioned that
human skeletal joints are not isolated from each other. Therefore, they proposed a tree-
shaped skeleton joint arrangement, which better preserves spatial information. Liu et al.
(2019) proposed a novel spatio-temporal image representation of skeleton joints called
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“Skepxels.” The method utilizes basic building blocks called “Skepxel” to construct skele-
ton images of arbitrary dimensions. These images encode fine-grained spatiotemporal in-
formation about the human skeleton across different frames. Additionally, multiple joint
permutations are employed to enhance action recognition using spatio-temporal visual
attention on skeleton image sequences. Ke et al. (2017) proposed a skeletal representa-
tion. Four base points are selected, and the 3D information of their connection points
is represented in three slices each. Twelve grayscale images are then generated and fed
into a multi-task learning network to learn the internal relationships among the selected
base points for action classification. Caetano et al. (2019) noted that CNNs implicitly ex-
tract temporal human motion information from skeleton images. The position information
and motion direction of the skeleton joints are computed by setting the period to capture
the long-term joint interaction information in the action. Meanwhile, it introduces the ar-
rangement of tree skeleton joints (Yang et al., 2018) to construct a new skeleton motion
representation.

These methods partly solved the spatio-temporal overlapping problem, but some sig-
nificant limitations remain: 1) Constructing a colour image requires the feature values to
be within the range of 1-255, which makes it difficult to distinguish subtle actions and may
obviously reduce feature accuracy. 2) Simple scaling and cropping can deform the action
representation to achieve a uniform size required by CNN input. For example, a running
action may be misclassified as walking when forced to resize to a fixed dimension as a
colour motion image. To solve these problems, our previous work (Yao et al., 2022) pro-
posed to utilize more joint information, displacements, angles, velocities, etc., to construct
a compact 3D Dense Joint Motion Matrix (DJMM) in the form of floating-point numbers.
This forms a DIMM with dimensions: number of joints x number of features x frame
size, ensuring the preservation of raw data. However, efficiently generating a uniform-size
input remains an urgent challenge.

2.2. Key Frame Extraction Method

At present, key frame extraction methods for HAR are mainly evolved from traditional
summary extraction techniques. Due to the rich information in images, hand-crafted fea-
tures such as HOG, SSIM, SIFT, and optical flow have been developed. Researchers have
conducted extensive work on key frame extraction in RGB video (Zhao et al., 2024), which
can be categorized into three parts: shot-based, sampling, and clustering-based techniques.
Inspired by research in RGB video and the need for more efficient HAR, researchers be-
gan to study key frame extraction from human action videos. Li ef al. (2023) identify 3D
skeleton action sequences based on a series of meaningful movements, including changes
in body posture direction and geometric features and improve motion analysis efficiency.
Phan et al. (2021) constructed a motion variation curve by calculating the pixel intensity
change between two consecutive frames and selecting the k highest localized extremes as
the corresponding key frames.

The inter-frame sampling strategy is a commonly used method to extract key frames.
However, it will likely lose frames with rich information. Similarly, simply using the in-
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formation difference between adjacent frames to select key frames relies only on local in-
formation and fails to capture long-term dependencies. Thus, more and more researchers
are exploring and proposing new algorithms to identify the most suitable key frames. For
example, Gan et al. (2023) utilized deep learning techniques to select key frames. They
extracted the motion and appearance information of each frame through CNN, labelled
each frame with a score and fitted a curve. Then, the local maxima and minima on the
curve were identified and corresponded to the key frames in the video. Zhao et al. (2023)
proposed an improved k-means algorithm based on joint contribution weighting, which
makes the key frame extraction pay more attention to the joints with more significant rel-
ative motion. For the skeleton data, k frames with the maximum inter-frame euclidean
distance and their corresponding previous frames are selected. They are used to construct
the left and right boundaries to form k clusters for initialization. One frame is selected
as the cluster centre, and the euclidean distance is used for iteration until the centre no
longer changes. Zhang et al. (2023) proposed a video key frame extraction method based
on multi-feature fusion of quaternion fourier transform. The proposed method first extracts
dynamic and static features from colour video sequences. Their fused phase spectra are
then obtained according to the quaternion fourier transform. Gaussian filtering is used to
remove noise in the fused phase spectra. Then, the inverse fourier transform is performed
to obtain the fused feature map. Finally, an adaptive key frame selection criterion is con-
structed. The final key frame set is obtained by feature map selection. Chen et al. (2024)
transformed the key frame selection problem into a multi-objective optimization problem
for binary coding. An evaluation model based on domain information and the number of
key frames was proposed, which can adaptively adjust the number of key frames according
to the compression rate while preserving the temporal order of actions.

The method of cluster-based key frame extraction is superior to basic difference-
maximization approaches. The reason for its advantage is that it iterates clusters by us-
ing spatial features as indicators and extracts a consistent number of key frames between
different action types. This explains why it is widely adopted in HAR systems. However,
clustering methods overemphasize spatial feature variations. This can easily lead to incor-
rect grouping of frames that are distant in time but similar in space. This will disrupt the
preservation of action phase transitions (e.g. take-off vs. landing in jumps). Researchers
have attempted to introduce temporal modelling. However, these approaches either require
adjusting the threshold for specific actions or cannot maintain a uniform number of key
frames between different action types.

3. Our Method

Figure 1 shows the overall framework of our method. The design of key frame extrac-
tion method is introduced firstly. We calculate various local relative features based on
the key frames to form the KDJMM. To handle the constructed KDJMM input, we de-
sign the L-KFNet for processing and classification. This combination of key frames and
the shallow CNN significantly reduces input parameters and model training complexity.



990

Enriched feature
frame

. Yao et al.

BEBREE~

a

Cnov

EEEEER

BEBBEE~

EEELEER:

C.

Frame order:

=

Pooling

Flatten

BEBBEE~

aQ

FC layers

—

Cnov

(d)

Pooling

EEEEER

NSy

Fig. 1. Overall framework of the method. (a) Key frame selection module. (b) Multi-scale training method.
(c) Feature representation module. (d) Shallow CNN for HAR.

The method improves the efficiency of HAR. Furthermore, we propose a simple and effec-
tive data augmentation method for a small-sample dataset of human behaviour. A multi-
scale learning strategy is also employed during training so that the network can learn
behavioural information at different time scales. The specific methods are described as

follows:
3.1. Key Frame Extraction Algorithm (KKF)

A drawback of unsupervised key frame based clustering algorithms is that they rely
solely on the euclidean distance between skeleton joints when performing clustering. This
method may group frames that are far apart in time based on pose similarity, thereby
disrupting the inherent temporal continuity of actions. These methods often disrupt tem-
poral order during clustering, which can lead to misjudgments in HAR. Many current
algorithms that maintain temporal stability of actions face a critical limitation, as they
either fail to achieve scale-consistent key frames or introduce random errors during scale
normalization. These methods often rely on random frame deletion or insertion, which
carries the risk of losing informative frames and adding low-saliency frames. To address
these issues and establish network inputs with a unified scale without compromising input
quality, we propose the KKF algorithm.

The proposed KKF algorithm aims to select the K key frames that can best represent
the motion trend of the entire action. Inspired by the previous experiments (Zhang et al.,
2023), we employed the concepts of inter-frame difference and cluster mean frame. As
indicated in Fig. 2, we take 15 skeleton joints as an example, and the position data of
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Fig. 2. Fifteen joints of the human skeleton, used as original points for feature extraction.

Fig. 3. Joint angles are used for our proposed method. Each joint is used to construct our KDJIMM.

these joints in each frame are represented as the following 45-dimensional feature vector.
In all the following equations, the i represents the frame number of the human behavioural
skeleton, the n represents the n-th skeletal joint point of each frame, and the position
information of each frame F; can be expressed as:

F; = {(xil,y,-],zil),..., (CANAN7) TR (xils,yils,z,-ls)}. 6))

Although inter-frame difference methods effectively capture motion magnitude, they
exhibit limitations in detecting subtle kinematic patterns like hand clapping. This paper
introduces a hybrid method that combines joint angle and joint position features. It im-
proves keyframe extraction accuracy, especially in fine-grained action recognition tasks.
As shown in Fig. 3, we select the angle of each joint and map it across the three planes
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using the calculation methods in formulas (16) and (17). The angle information of each
frame can also be represented A; as a 45-dimensional vector:

A ={(o}

Xi?

1 pl 15 15 15
O3i0zi) - (035, 0,075, - (0,770, 057) - @)

When extracting key frames, we apply min-max normalization to standardize the scale
of both angle and position features to a [0, 1] range. This process ensures compatibility be-
tween features that originally have divergent value ranges (e.g., joint angles in radians vs.
displacement in meters), allowing their joint utilization in the unified key frame selection
metric.

WX.Y) = S~ MIN®) e ay x ety 3
X, )—MAX(Y)_MIN(Y) € {Fi, Ai}, e {r}, 3

Wi = AW (sl ), W20 F) W B W (0 B,
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The normalized data of each frame are summed to form a 90-dimensional vector W;
for calculating the key frame algorithm index.

The inter-frame difference (V;,j) and frame-to-CMF distance (V; ;) can be expressed
as

90
Vi = Doy (W) = W), 5)
n=1
90 5
Vie; = Y (CMFL —Wr), (6)
n=1

where the W' represents the n-th dimension of the normalized vector and CMF, ?,- repre-
sents the n-th dimension of the CMF, cj-

This indicates that a larger V value corresponds to a greater comprehensive differ-
ence between frames. The core objective of our KKF algorithm is to cluster frames with
high spatio-temporal similarity into one category, while assigning frames with significant
spatio-temporal differences to distinct clusters. To ensure temporal stability, the KKF al-
gorithm first divides all frames evenly into K initialization intervals based on temporal
order to form K clusters C; = {cy,c2, ..., cik_1, ck}. The first and last frames of each
initialization interval are selected to form two sets: The right boundary set of the initial-
ization cluster {r¢,, ey, ..., Fep_ys ¥ }> and the left boundary set {Ic), ey, ..., leeqs le, )
This method satisfies the requirement of significant spatial differences in cluster initial-
ization to reduce the time consumption of iterations.
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The concept of a cluster mean frame (CMF) is proposed and defined in equations (7)
and (8):

Fe:

N Z _wr )
“ (rC; - lC,‘)’

t :l"i

CMF. = {N\. N2, NJ.....N3® N¥ N}, (8)

where the [, and r,,; are the left and right boundaries of cluster c¢;, the N, c"l is the n-di-
mensional vector of the CM F of cluster ¢;. The CMF is derived from each dimension
and mean of all frames in cluster ¢;, which is the vector that can best comprehensively
represent the spatial information in the cluster frame. The CMF facilitates computation of
the inter-cluster and frame-to-cluster dissimilarities so that the obtained frames can opti-
mally characterize the cluster, ensuring that the holistic action semantics is obtained to the
greatest extent. To operationalize this principle, we iteratively refine the attribution of the
boundary frames of adjacent clusters by calculating the CMF of each cluster to achieve
the balance of spatial information for each cluster and avoid cross-time compression. Fi-
nally, we iteratively optimize the cluster boundary frames and select the frame closest to
the cluster CMF as the key information frame. In this way, we can extract the key frames
that represent human behaviour. The pseudo-code of the critical moment mode selection
algorithm is given in Algorithm 1 (i.e. KKF).

The proposed method optimizes the trade-off between accuracy and efficiency by dy-
namically weighting kinematic metrics. During human action analysis tasks, there exist
some classic key frames predefined by human kinematics. These moments are manifested
as: 1) peak kinematic discontinuity, and 2) maximum spatial deviation. These frames are
rich in dynamic information and crucial for understanding the whole action sequence. For
example, we can define the peak kinematic discontinuity of human movement as: the frame
with the most extensive variation S(x) from the previous frame, while the maximum spa-
tial deviation as the frame with the most extensive variation L (x) from the first frame. We
introduce two functions: S(x) and L (x). Specifically, S(x) denotes the short-term motion
difference between consecutive frames, formulated as

SG) = Viora x 22 ©)

In contrast, L(x) denotes the long-term spatial deviation of frame x relative to the
initial frame, defined as

Lx)=Vi., x>1. (10)

Taking the action of waving the hand twice as an example, the change curves of both
movement and maximum spatial deviation are visualized in Fig. 4 S(x) and L(x). When
a peak is detected in the curve, we directly set that cluster’s CMF value to the value of the
special frame.
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Algorithm 1 Skeleton key frame extraction(KKF)

Input:Initialization of clusters;
Output: k key frames;

begin
repeat
Calculate the CMF for each cluster using Eq. (8)
forj=1to K—1do
a=re,x = CMFc/., y= MF,:J.Jrl
Calculate the V; x, V,,y from re; to CMFCj, CMFCj 41 using Eq. (6)
while V, » > V,
do
Move re; to Citi
Update CMF; and CMF, , using Eq. (8)
Calculate the distances Vj x, Vs, y from r, ; to CMF, B CMF, it
end
end
for j =2to K do
a= lC_i’ X = CMFCJ,_I, y = CMFCI.
Calculate the distances V,, », V,,y from [, ; to CMFCH, CMFCJ. using Eq. (6)
while V, » < Vg y
do
Move I¢; to Cj—
Update CMF; ,, CMF; using Eq. (8)
Calculate the distances V, y, V,,y from re; to CMFCj, CMFC];1
end
end
until the CMF of each cluster does not change
Compute KF in each cluster that has the smallest V with the CMF..
Return KF;
end

3.2. Key Dense Joint Motion Matrix (KDJMM)

Following our previous work (Yao et al., 2022), the DJMM has solved the problem of mo-
tion information loss when joint motion trajectories overlap. Inspired by this approach, we
use the key frames obtained by the KKF algorithm to extract features such as displace-
ment, angle, velocity, and angular velocity of the corresponding skeleton. The feature cal-
culations are based on relative coordinates, which enhances viewpoint robustness. Finally,
the features are arranged into a uniform-scale KDJMM, allowing us to better capture the
subtle movement changes.

The construction of KDJIMM is shown in Fig. 5. Each frame contains information on
15 3D skeletal joints. Among them, 19 features are extracted for each joint on position,
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Fig. 5. KDIMM (a) Extracting feature information from a key frame. (b) Extracting skeletal joint information
from K key frames to construct the KDJMM.

displacement, velocity, angle, and angular velocity, demonstrated in Fig. 5(a). Then, the
constructed K 2D matrices are stacked together in the order of the extracted K key frames
to form a temporally stable and uniform KDJMM, as shown in Fig. 5(b). The details of
the feature calculation procedure are given below:

3.2.1. Relative Coordinate Feature
Relative coordinates are less sensitive to changes in viewing angle than absolute coordi-
nates. Therefore, the features we extract are based on relative coordinates. Meanwhile, to
enhance the fine-grained description of human action, we introduce a variety of geometric
features, including inter-joint angles, velocities, displacements, and other features, as well
as their mapping in the three planes.

The physical significance of the position information of each joint is to provide us with
the most basic spatial information about human behaviour. The following method is used
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to calculate the most basic relative coordinates:

n __.n 1
Xip =X — X1,

Yir= vl =i, an

n __ _n 1
=45 T

In the calculation method, the xl.”l denotes the x relative coordinate of the n-th joint
of the i-th frame we calculated, the x/' is the original coordinate of the n-th joint of the
i-th frame, and the )cl1 denotes the original coordinate of the first joint of the first frame.
Similarly, the relative positions of all the joints are calculated. Three feature values for
each joint are obtained.

3.2.2. Displacement Feature

The physical significance of the total displacement of the joints of each frame from the first
frame is that it provides a long-distance temporal dependence to observe the human body
movement from a global perspective. At the same time, in order to get a more detailed
and comprehensive change situation, we map the change situation to the three planes (x —
¥, ¥ — 2, 2 — x). The three-plane mapping of each joint and the method of calculating the
total displacement are given below:

n_ ..n __ .n
Dx;’ = xj; — xy;,

Dy;" = yj — i (12)
Dzl =z}, — 2.

The Dx!' represents the displacement in the X-plane of the n-th joint of the i-th frame
and the corresponding joint of the first frame, and the xJ; represents the relative position
of the n-th joint of the i-th frame. The Dy}' and Dz} are calculated in the same way.

The total displacement is calculated as follows:

Df =\ (Dx{)’ + (D3} + (D))’ (13

The formula D! denotes the total displacement of the n-th joint of the i-th frame from
the joint corresponding to the first frame. The four feature values for each joint are obtained
with the above formula (12)—(13).

3.2.3. Velocity Feature

The intensity of displacement change per unit time of each skeletal joint is expressed in a
physical sense as the velocity of each skeletal joint of the human body. The eigenvalues
of the joint velocity components in the x, y, and z directions are computed as follows:

n_ .n _ .n
Vxi =xi —Xi_y
n__.n n
Vy,' =Yii — Yi-11» (14)
n__._n n
Vi =z =z
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where the Vx!', Vy!', and Vz} denote the mapping values of the n-th joint in the i-th
frame in the three-plane velocity. The x;"_;;, y;'_;;, and z_,; denote the three-dimensional
relative coordinate values of the n-th joint in the i-th frame. We define the three mapping
values of the feature value to be zero when i is zero.

The velocity feature is calculated as follows:

Ve = (V) + (o) (v (1s)

3.2.4. Angle Feature

The physical meaning of an angle is that it provides a geometrical feature of the human
body structure and represents the geometrical relationship between neighbouring joints.
In our definition, an angle is composed of three joints. We preferentially define two neigh-
bouring joints as the corresponding angles of the intermediate joints. The combination of
angles is identified by us as (J2, J', I3), (01, I2, 1), (02, I3, IV, (012, J*, %), (J*, 13, 19), (I°,
J6’ J3), (JZ’ J7, JS)’ (J7, JS’ J9)’ (]8’ J9’ JS), (Jl’ JIO’ Jll)’ (JIO’ Jll’ JIZ), (Jll’ Jl2’ JS), (Jl’
713 J14), (J13, 714, J15), (J14, J15, J3), where each combination represents the angle of the
joint at its_i)ntermediate &sition. Taking (A, B, C) as an example, we calculate the angle
between BA vector and BC vector as the angle feature of joint B as follows:

BA = (A, — By.A, — B, A. — B..)
- x — Px, Ay — Dy, Az — Dz, ),
— (16)
BC = (C, — B,.Cy — B,.C. — B).

The vectors ]ﬁ and B—C) are calculated by subtracting the values of the B joints using
the skeletal joints A and C, respectively.
The angle is calculated as follows:
—  —
180 1 BA -BC
93 = —— X COS s = |- (17)
T [IBA[l x [IBC]|

The 6p is the angular feature of the joint B. The dot product of vec_tc))rs ﬁ ir)ld B_()i is
calculated by removing the product of the modes of the two vectors ||[BA| x ||BC| to get
the cosine value and then converted by the inverse cosine function cos ™! to get the radians
to get our angular feature 65. We calculate the three-plane angular feature by choosing a
two-by-two combination of coordinates of BA and BC vectors and then using the above
angular formula to get the three-plane mapping eigenvalue of the angle. The change in
angle per unit of time for each joint and the mapping on the three planes are computed
to obtain the three mapping values for each joint. In the end, 19 features are calculated
for each joint in proposed method. The main features are focused on displacement and
angle, of which we choose 15 joints, and finally form a K x 15 x 19 size of the KDJIMM.
Our framework enables task-adaptive kinematic feature computation (displacement, ve-
locity, direction, acceleration) through configurable joint selection. Specifically for ges-
ture recognition, incorporating detailed hand joints (e.g. metacarpophalangeal) improves
recognition accuracy compared to using only major limb joints.
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Fig. 6. Lightweight shallow convolutional neural network (L-KFNet).

3.3. Lightweight Shallow CNN (L-KFNet)

Deeper CNNs often demonstrate stronger learning capabilities on the constructed data,
but they also require a larger input scale. This is because, during continuous convolution
and pooling, the matrix scale progressively decreases until convolution becomes unfeasi-
ble. Although solutions were provided (residual blocks), deeper architectures inevitably
demand more computational resources. To overcome this computational limitation, we
designed a lightweight shallow neural network, retaining only three convolutional layers.
Considering the size of the KDJMM, we reduced the kernel size, strides, and pooling win-
dow. Additionally, to accelerate convergence, we added a batch normalization layer after
each convolutional layer. The specific network structure is shown in Fig. 6. In our exper-
iments, we replace the final maximum pooling and flattening layers in the network with
Spatial Pyramid Pooling (SPP) layers for multi-scale purpose. To further improve the rep-
resentation quality, we introduced a CBAM ahead of the SPP layer, allowing the network
to emphasize salient features before performing multi-scale training. The structures of the
SPP and CBAM modules are jointly illustrated in Fig. 7.

3.4. Data Augmentation Strategy

Human action characterization must account for inherent biological variability. Con-
sider two individuals executing identical motions — one standing 1.8 meters tall, the
other 1.6 meters. Their height disparity introduces measurement artifacts. Furthermore,
inter-subject kinematic variations manifest in three domains: temporal (movement pacing
discrepancies), spatial (viewpoint-dependent morphological distortions), and directional
(trajectory orientation effects). These observations motivate our multi-modal augmenta-
tion protocol incorporating camera perspective adjustments, anthropometric scaling, and
velocity profile warping.
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Fig. 7. The overall architecture of the CBAM block and SPP layer integrated in our network.

Considering that our feature construction choices are based on relative coordinates,
the KDJMM is unaffected by viewpoint changes. In this experiment, we follow our previ-
ous work (Yao et al., 2020). Body size was controlled by multiplying all coordinates by a
body size coefficient (BS). The speed of movement is controlled by the velocity coefficient
(VS). We control the difference between the body shape and the speed around 0.2, BS =
(0.8,0.85,0.9,0.95, 1.0, 1.05, 1.10, 1.15, 1.2) and VS = (0.8, 0.9, 1.0, 1.1, 1.2, 1.3). By
combining the BS and the VS, the set of data will be enlarged up to 54 times of the original
one. The diversity of data will be effectively increased, helping the model to accelerate
the training process and learn a more comprehensive representation of features, thus im-
proving the accuracy of classification or detection.

The proper setting of VS and BS coefficients is crucial. Taking a 1.7-meter-tall individ-
ual as an example, when BS = 1.5 is applied, their height would be scaled to 2.55 meters,
which clearly exceeds normal human body dimensions. Similarly, excessively large VS
coeflicients would distort the speed characteristics of actions like walking and running,
making it difficult to distinguish these basic motion patterns. We recommend maintaining
these ranges: 0.8 < BS < 1.2and 0.8 < VS < 1.3.

4. Experimental Results

The experiments are based on the use of TensorFlow-gpu 2.7.0 and Keras on a desktop
computer equipped with an Nvidia GTX 3060 GPU, an Intel Core i7-11700KF 3.60 GHz
processor and 32 GB of RAM clocked at 2666 MHz.

We conduct experiments on two public small datasets, UTKinect-Action3D (UTK-3D)
and Florence-3D (FL-3D), and a self-collected HanYue-3D (HY-3D) dataset. We compre-
hensively validate the effectiveness of keyframe extraction strategies, KDJMM, L-KFNet,
as well as additional strategies such as data augmentation, multi-scale learning, and atten-
tion mechanisms.

4.1. Dataset

The FL-3D dataset was collected in 2012 at the University of Florence, using a Kinect
camera, and contains nine activities: “wave, drink from a bottle, answer phone, clap, tie
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lace, sit down, stand up, read watch, bow.” Ten subjects performed each action two to three
times, yielding 215 samples in total, with approximately 20-30 samples per action. For
each subject, 15 skeletal joint points were recorded.

The UTK-3D dataset consists of depth sequences collected at 15 fps using a Kinect
camera from the Windows SDK Beta version, providing RGB, depth, and 3D skeleton
data. The dataset covers ten daily activities: “walking, sitting down, standing up, picking
up, carrying, throwing, pushing, pulling, waving and clapping.” Ten subjects performed
each action twice, but only 19 samples of the carrying action were available as the skeleton
information for one sample was not captured. Twenty joints were recorded for each subject.

The HY-3D dataset was independently collected, using the Kinect v2.0 camera, and
covered 15 simple movement types: “talking on the phone, drinking water, waving, look-
ing at the clock, patting dust off clothes, falling, pushing a chair, jumping in place, standing
still, clapping, walking, sitting down, sitting still, and sitting and clapping.” Nine subjects
were asked to perform each of these 15 activities between three and four times. They
recorded the 3D coordinates of all 25 joints provided by the Kinect v2.0 sensor, obtaining
413 samples, with each movement type represented by 35 to 37 samples. In addition, four
complex behaviour types were collected to study the timing of the movements, namely
“Sit — Stand up — Pat dust on clothes, Jump — Sit — Jump — Wave, Walk — Sit — Jump —
Wave — Sit and Sit down and clap — Stand up and clap — Jump — Wave.” Fifteen of these
simple movement types were used for our current study.

4.2. Key Frame Extraction Evaluation

In this section, we evaluate the extraction of key frames by visualizing the clustering pro-
cess, comparing the colour distributions of frames in the clusters produced by different
clustering methods, and finally obtaining a sparse motion history map (SMHI). As demon-
strated in Fig. 8, SMHIs effectively represent motion trajectories for elementary actions,
validating the feasibility of algorithmically extracted key frames for HAR.

HAR differs from simple image classification. HAR not only relies on spatial infor-
mation but also on temporal information. As shown in Fig. 8(b), traditional clustering
methods (DBSCAN, HC, SC, K-means) cannot distinguish frames with the same spatial
position but opposite velocity directions for periodic actions such as jumping in place
in keyframe extraction. In the figure, frames with significant colour differences are clus-
tered together. Figure 8 shows that the proposed method maintains temporal coherence.
The cluster colours range from light to dark, and the method decomposes the “jumping
in place” action into crouch preparation, take-off, and landing. This result verifies that the
proposed method effectively addresses temporal disorder and accurately extracts the key
frames of the action.

4.3. Methodological Assessment and Comparison

Considering that MHI is widely known in the field of HAR, and that the original MHI and
the key frame extracted SMHI behave as the exact size of images, their computational ef-
ficiency as input to the model is the same. We used both representations to compare HAR
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Fig. 8. Visualization of extracted key frames. Taking “jumping in place” as an example, five key frames are
extracted. From top to bottom, the clustering processes of DBSCAN, Hierarchical Clustering (HC), Spectral
Clustering (SC), K-means, and KKF are shown. (a) shows the classical original Motion History Image (MHI),
(b) illustrates the visualization of frames within each cluster, and (c) presents the SMHI generated by the algo-
rithm.

accuracy, thereby evaluating the effectiveness of the key frames. Three scales of SMHI
(SMHI-5, SMHI-10, SMHI-15) are extracted using angle and displacement. The accu-
racy of different clustering methods on the dataset and the time of extracting key frames
are compared based on key frames to verify the validity of the algorithm. Then, the valid-
ity of KDIMM is demonstrated by comparing the performances of SMHI and KDJMM
on the dataset. Throughout the experiment, 80% of the dataset is used for training and
20% for testing. The number of training rounds is set to 200. Meanwhile, an early stop-
ping mechanism is employed to halt training when the loss falls below 0.005, preventing
overfitting.

4.3.1. Evaluation and Comparison of Key Frame Effectiveness
In the experiments, we first compare in detail the test results of the four data forms on
three datasets. The detailed experimental records are presented in Table 1. The main ad-
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Table 1
Comparison of MHI and SMHI for different key frames.
Date Criterion Accuracy (%)
HY-3D UTK-3D FL-3D
MHI ACC 70.12 58.97 71.50
TOP-3 92.20 76.92 90.00
TOP-5 96.10 87.17 100.00
SMHI+A 5 key frames ACC 59.74 48.71 72.50
TOP-3 87.01 84.61 90.00
TOP-5 96.10 94.87 97.50
SMHI+A 10 key frames ACC 76.62 64.10 82.50
TOP-3 96.10 87.17 92.50
TOP-5 97.40 100.00 95.00
SMHI+A 15 key frames ACC 68.83 64.10 71.50
TOP-3 89.61 84.61 92.50
TOP-5 98.70 92.30 100.00
Table 2

Comparison of different clustering methods SMHI.

Accuracy (%)

Method Criterion Time (s)
HY-3D UTK-3D FL-3D

DBSCAN ACC 61.03 48.71 55.00 9.26
TOP-3 88.31 84.61 75.00
TOP-5 96.10 94.87 87.50

HC ACC 72.72 61.53 82.50 4711.87
TOP-3 92.20 97.17 90.00
TOP-5 97.40 100 97.50

SC ACC 71.42 48.71 75.00 24.87
TOP-3 92.20 84.61 87.50
TOP-5 97.40 94.87 92.50

K-means ACC 75.32 64.10 77.50 139.36
TOP-3 93.50 92.30 87.50
TOP-5 96.10 97.43 95.00

KKF ACC 76.62 64.10 82.50 46.17
TOP-3 96.10 87.17 92.50
TOP-5 97.40 100.00 95.00

vantage of SMHI over MHI is that it can alleviate the spatio-temporal overlap problem of
MHI, especially for some actions that contain repetitive behaviours. However, when repet-
itive behaviours occur very quickly, this problem still remains challenging. As shown in
Table 1, the SMHI performance based on our 10-frame extraction method is the best over-
all. Therefore, the following HAR experiments are based on ten frames. To verify the
effectiveness of our proposed algorithm, Table 2 shows the comparison between the key
frames extracted by different clustering methods and the SMHI generated by our method.
Our method is optimal in terms of accuracy, which verifies the conclusion of 4.2 that the
classical clustering algorithms do not take into account the temporal sequence informa-
tion of human behaviours. Secondly, our algorithm adds more computational metrics to
make the key frame selection more precise. Although the DBSCAN algorithm is optimal
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Table 3
Comparison of different clustering methods KDJIMM.

Accuracy (%)

Dateset Criterion
HC SC K-meas Our method
HY-3D ACC 79.22 77.92 79.22 83.11
TOP-3 98.70 97.40 97.40 98.70
TOP-5 98.70 97.40 98.70 98.70

in terms of computational efficiency, it cannot unify the number of key frames extracted.
In practice, the actual effectiveness of the algorithm mainly depends on two parameters
required by the algorithm: neighbourhood radius (Eps) and minimum number of neigh-
bours (MinPts). It is often difficult to give a standard value for these two parameters for
different behaviours of the human body. In our experiments, we finally set Eps = 0.5 and
MinPts = 2.

Tables 2 and 3 show the time required to extract key frames using different cluster-
ing techniques and the recognition accuracy of the constructed SMHI and KDJMM. The
proposed keyframe extraction method performs the best in overall performance, while
requiring only about 1/100 of the time needed by the HC method (the second most ac-
curate method). The HAR accuracy of KDIMM improves by 4-9% compared to SMHI
when used as input. The improvement can be attributed to KDJMM’s ability to provide
more detailed features, which enables stronger robustness under changes in viewpoint and
spatio-temporal overlap of behaviours.

4.3.2. Evaluation of Adding Key Frame Indicators

We conduct comparative experiments to verify that adding angle metrics to the algorithm
can improve the accuracy of keyframe extraction. In the experiment, we set up two data
input forms: KDJMM-DA constructed by combining displacement and angle indicators to
extract key frames, and KDIMM-D constructed by only using displacement indicators to
extract key frames. All other conditions are kept the same and experiments are conducted
on three datasets. As illustrated in Table 4, the results on both the HY-3D and UTK-3D
datasets indicate that using the KDJMM-DA data format can achieve higher accuracy.
This indicates that introducing appropriate indicators is beneficial for keyframe selection.
Notably, the proposed method can adjust these indicators according to specific application
scenarios to achieve a balance between accuracy and efficiency.

4.3.3. Evaluation of L-KFNet
The scale of KDJMM is relatively small, which means it is not suitable for conventional
deep CNNs such as VGG16 and VGG19. We design L-KFNet and compared it with clas-
sical neural networks to validate the effectiveness of the proposed network. Detailed ex-
perimental records are presented in Table 5 and Fig. 9.

As shown in Table 5, among the listed classical neural networks, our proposed net-
work is optimal in the test accuracy of recognition and the training time. We visualize the
network’s training process to further validate the effectiveness of the proposed network.
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Table 4

Comparison of the accuracy of key frame extraction with and without angle

metrics.

Accuracy (%)

Dateset Criterion
HY-3D UTK-3D FL-3D
KDIMM-DA ACC 83.11 89.74 95.00
TOP-3 98.70 100.00 100.00
TOP-5 98.70 100.00 100.00
KDJMM-D ACC 80.51 87.17 95.00
TOP-3 97.40 100.00 100.00
TOP-5 97.40 100.00 100.00
Table 5
Comparing the training results of different network methods for KDJMM.
Typical CNN KDIMM
Training (%) ACC (%) TOP-3 (%) TOP-5 (%) Time (s) MFLOPs
ResNet50 98.80 77.92 89.60 94.80 78.91 63.75
ResNet50V2 100.00 76.62 93.50 98.70 69.79 61.60
ResNet101 97.30 70.12 90.90 97.40 142.58 101.65
ResNet101V2 100.00 79.22 96.10 98.70 143.70 99.50
ResNet152 91.39 70.12 89.61 98.70 236.35 139.57
ResNet152V2 98.51 75.32 93.50 94.80 230.24 137.40
VGG16 87.83 81.81 97.40 100.00 48.93 2074.20
VGG19 87.24 75.32 92.20 97.40 66.63 3176.24
ZFNet 100.00 70.12 89.61 97.40 25.42 1118.89
MobileNetV2 100.00 76.62 97.40 97.40 6.79 30.03
MobileNetV3Small 99.40 9.09 22.07 35.06 59.92 3.38
Xception 100.00 70.12 88.31 94.80 20.17 44.66
L-KFNet 100.00 83.11 98.70 98.70 4.25 59.55
100% m ﬂg“ﬁ‘w 6 our ResNet50
80% () 5 ResNet50V2 ResNet101
5 A RENt1S2V2 —— MobileNetv2
g 60% ﬁz:ﬁgfgl 2 MobileNetV3S—— Xception
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Fig. 9. Accuracy and loss curves for each network training (a) Accuracy curve (b) Loss curve.

In Fig. 9, the proposed network converges quickly and learns discriminative features. This
proves it can effectively learn the constructed KDIJIMM and perform HAR.
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Table 6
Comparing the training results of different network methods for KDJMM.
Method Criterion
Accuracy (%) Precision (%) Recall (%) F1-score Training time (s)

LSTM 70.13 71.67 69.1 0.67 33.94
LSTM+CBAM 83.11 84.49 82.71 0.82 64.04

BiLSTM 75.32 74.76 74.71 0.72 39.18
BiLSTM+CBAM 80.52 80.22 80.76 0.79 51.32

L-KFNet 83.11 84.04 83.05 0.82 4.25
L-KFNet+CBAM 84.41 85.93 84.38 0.84 5.75

To further highlight the advantages of the proposed L-KFNet over recurrent architec-
tures, we conducted additional comparative experiments with LSTM and BiLSTM, both
with and without the CBAM attention mechanism. As shown in Table 6, on the constructed
KDIMM, LSTM and BiLSTM still suffer from long-term dependency issues in long-
sequence modelling, leading to slower training convergence and limited overall perfor-
mance. In contrast, the L-KFNet demonstrates superior performance across all evaluation
metrics. Furthermore, the CBAM enhances all deep learning models by adaptively refining
spatial and channel representations. Notably, L-KFNet+CBAM achieves the best overall
balance, with superior recognition accuracy and remarkably low training time compared
to recurrent baselines.

4.3.4. Evaluation of Multi-Scale, Data Augmentation, and Attention Strategies

In the preceding experiments, we demonstrate the advantages of our proposed key frame
algorithm within clustering algorithms and compared the lightweight network with clas-
sical CNNs based on the constructed KDJIMM. Nevertheless, the challenge of limited
training samples remains. The proposed method first uses the proposed data augmenta-
tion strategy to expand the training samples. Then, it extracts different scales of KDJMM
from the samples to implicitly expand the training samples.

In this experiment, three scales are set: 5, 10, and 15 frames, to construct KDJIMMs of
different sizes. Notably, the proposed KKF algorithm can easily expand this scale to obtain
more temporal information. However, this also leads to increased training time for the
model. In addition, we embed an attention module into the lightweight CNN to adaptively
focus on discriminative joints and frames, thereby further improving recognition accuracy.

As illustrated in Fig. 10, Fig. 10(a) depicts the training process of the benchmark (N),
Fig. 10(b) portrays the training process with multi-scale (MS), Fig. 10(c) illustrates the
training process with data augmentation (DA), Fig. 10(d) demonstrates the training pro-
cess with multi-scale plus data augmentation (MS+DA), and Fig. 10(e) demonstrates the
training process with the combination of multi-scale, data augmentation, and attention
mechanism (MS+DA+AM). In addition, the quantitative results of these strategies on
three benchmark datasets are summarized in Table 7, further validating the effectiveness
of combining multi-scale, data augmentation, and attention mechanism.

As shown in Fig. 10, when L-KFNet combines multi-scale learning, data augmenta-
tion, and attention mechanisms, the accuracy of HAR improves across all three datasets.
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Fig. 10. (a)—(e) illustrates the accuracy and loss curves of the training process based on the three datasets of
HY-3D, UTK-3D, and FL-3D with varying training strategies. (f) depicts the corresponding histogram of the

test results.
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Table 7
Performance comparison of different strategies on three benchmark datasets.
Method Dataset Criterion
Accuracy (%)  Precision (%) Recall (%) Fl-score
N HY-3D 83.11 84.04 83.05 0.82
UTK-3D  89.74 90.50 90.00 0.89
FL-3D 95.00 95.93 94.44 0.94
MS HY-3D 84.41 85.04 84.05 0.83
UTK-3D  92.30 93.50 92.50 0.91
FL-3D 97.50 97.78 97.22 0.97
DA HY-3D 83.11 83.98 83.05 0.82
UTK-3D  92.30 93.50 92.50 091
FL-3D 97.50 97.78 97.22 0.97
MS+DA HY-3D 85.71 86.47 85.71 0.84
UTK-3D  94.87 95.50 95.00 0.94
FL-3D 97.50 97.78 97.22 0.97
MS+DA+AM  HY-3D 87.01 88.19 87.05 0.86
UTK-3D 97.44 98.00 96.67 0.96
FL-3D 97.50 97.78 97.22 0.97

Specifically, by combining L-KFNet with data augmentation, the accuracy of the UTK-3D
dataset increases by 2.56%, and the FL-3D dataset increases by 2.5%. After further com-
bining multi-scale training, the accuracy of the HY-3D dataset increases by 1.3%. After
introducing the attention mechanism, the accuracy further improves to 97.44% for UTK-
3D and 87.01% for HY-3D, and 97.5% for FL-3D. The experimental results are shown in
Table 7.
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Fig. 11. Confusion matrices (a—c) obtained by our proposed method on the three datasets FL-3D, UTK-3D and
HY-3D.

4.4. Analysis of Results

We evaluated our proposed method on three datasets. The experimental results of con-
fusion matrices (Fig. 11) and overall accuracy (Table 8) demonstrated its effectiveness.
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Table 8
Comparison of previous state-of-the-art methods with ours.
Method Ace (%)
FL-3D UTK-3D HY-3D

DIMI + ZfNet + DA 92.50 91.84 -
DIMI + ZfNet + LSTM + DA[29] 93.77 94.23 -
MS + ZfNet + DA[23] 94.74 94.74 83.87
MHI + L-KFNet 71.5 58.97 70.12
SMHI + L-KFNet 82.50 64.10 76.62
KDJMM-D + L-KFNet 95.00 87.17 80.51
KDJMM-DA + L-KFNet 95.00 89.74 83.11
KDIMM-DA + L-KFNet + DA 97.50 92.30 83.11
KDJMM-DA + L-KFNet + MS 97.50 92.30 84.41
KDIMM-DA + L-KFNet + DM 97.50 92.30 84.41
KDJMM-DA + L-KFNet + MS + DA 97.50 94.87 85.71
Our method 97.50 97.44 87.01

% %‘
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Fig. 12. HanYue-3D dataset similarity actions.

Specifically, the confusion matrices for FL-3D and UTK-3D (Fig. 11a-b) show that our
method not only classifies different action categories such as “clap, bow, and sit down”, but
also correctly classifies most of the similar action categories, such as “stand up, sit down,
and stand still”. Only the actions of “drink and carry” exhibited slightly lower recognition
rates. However, the recognition accuracy of sit-still and check watch behaviours remains
limited in the HY-3D dataset. The main reason is that there are many similar actions in
HY-3D, such as “drink, check watch, call phone” or some composite actions contain some
other atomic actions, such as “sit, sit still, sit-applaud”. These may bring ambiguity to our
proposed method. To further investigate the cause of these confusions, we visualized some
similar actions in the HY-3D dataset (Fig. 12). The actions like “drinking water, looking
at a watch, making a phone call” are all share a highly similar arm-raising gesture towards
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the head. Similarly, all the actions of “sitting, sitting still, sitting and clapping” contains
the action of sitting. Although the HY-3D dataset provides 25 joints per frame, our current
model uses only 15 major body joints. Therefore, incorporating these additional joints into
the model’s representation could provide distinctive features to mitigate these recognition
errors.

Finally, comparative experiments with benchmark methods are conducted to objec-
tively assess our method’s performance. The results in Table 8 show that our method
achieves superior accuracy across all three datasets. At the same time, our method relies
only on key frames for HAR, and it reduces processing time significantly.

5. Discussion and Conclusion

Inspired by animation and film production, this paper introduces a key frame-based
method for HAR that avoids processing every video frame. The method significantly re-
duces computational costs (625 FPS processing speed), avoids the problem of tempo-
ral disorder in traditional clustering, and enables normalization of variable-duration ac-
tions. Based on the extracted key frames, we derive rich features to construct KDIMM,
which is then used in combination with a lightweight CNN. Experiments show that the
proposed method improves the recognition efficiency without compromising accuracy.
Meanwhile, the combined strategy of data augmentation, multi-scale training, and atten-
tion mechanism maintains robustness under limited sample conditions. Although the pro-
posed method performs well in terms of latency and accuracy, there remains room for
improving the accuracy of feature representation and key frame extraction. These will be
the focus of our future work in HAR.
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