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Abstract. Calculating motion features frame by frame and organizing them into a 3D matrix is a
typical CNN-based solution for human action recognition (HAR). With the widespread use of con-
sumer electronics, reducing computational costs and enabling efficient edge-side action recognition
have become a research hotspot. In this paper, we extract action key frames via a well-designed al-
gorithm to reduce computational overhead, so that the proposed method can be deployed on mobile
electronic devices. Then we construct local and global motion features from these key frames and
feed them into a cascade neural network for action recognition. The primary contributions include
three aspects. First, the strategic adoption of key frames is introduced to greatly reduce the number
of input parameters. The number of key frames can be adjusted to adapt to the temporal scales of dif-
ferent actions. Second, multiple origin points are adopted to construct motion matrices with larger
dimensions than those constructed using a single origin point. Thus, deeper neural networks can
be employed to achieve higher recognition accuracy. Third, a cascade neural network is proposed
for action prediction, which leverages global and local information to achieve better efficiency and
accuracy. Experimental results on UTKinect-Action3D, Florence-3D and our self-built HanYue-3D
datasets demonstrate that our method achieves accuracy and efficiency competitive with state-of-
the-art (SOTA) approaches. Moreover, the flexibility of the proposed method enables users to readily
balance effectiveness and efficiency, making it well-suited for resource-constrained mobile devices.

Key words: key frame extraction, cascade neural network, multiple origin points, skeleton-based
action recognition, CNN-based action recognition..

1. Introduction

Human action recognition (HAR) has a wide range of industrial applications, such as
video retrieval, video captioning, virtual reality and human-computer interaction (Sun
et al., 2022). Consequently, many researchers have proposed various solutions, includ-
ing wearable device-based methods (Yu et al., 2024; Wang et al., 2025), ambient-based
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methods (Jain et al., 2023; Wang et al., 2024), monocular camera based methods (Zhang
et al., 2025; Zhou et al., 2023), and the depth sensor based methods (Hu ez al., 2024).
Vision-based methods have grown increasingly popular due to their low cost and exten-
sive use in surveillance systems (Hussain et al., 2024). In particular, methods leveraging
depth sensors have proven to be highly effective in representing actions, primarily due to
their reliance on skeleton motion data.

Regardless of the type of sensor used, the core goal is to find an effective representation
of human actions. Before the emergence of deep learning, HAR representations mainly
depended on handcrafted features, such as spatiotemporal interest points (STIP) (Laptev,
2025), histogram of oriented gradients (HOG) (Dalal and Triggs, 2005), silhouettes (Kur-
ban and Yildirim, 2024), etc. The common solution for HAR is “handcrafted features +
support vector machine (SVM)” (Herath et al., 2017).

In recent years, with the advancement of deep learning techniques, the accuracy of
HAR has continued to improve. Many classical global-feature representations, such as
motion history image (MHI) (Yang et al., 2025), static history images (SHI) (Zhang et
al., 2016), and optical flow (OF) (Ullah et al., 2019) emerged at that time. The combi-
nation of global features with various CNNs was the mainstream HAR paradigm in the
early deep learning era. Although global feature-based methods perform well for short-
duration action recognition, they suffer from motion trajectory overlap, which causes the
loss of spatial and temporal information. To address this issue, the motion energy images
(MEI) (Abdelbaky and Aly, 2020) assigns differentiated weights to frames according to
their temporal positions. Thus, the losses of motion information can be partly reduced.
However, this approach is still not the final solution.

Furthermore, some researchers try to extract context information among frames, such
as recurrent neural network (RNN) (Zhang et al., 2026; Giveki, 2024), long short term
memory (LSTM) network (Majd and Safabakhsh, 2020). With the ever increasing com-
putational power, some researchers used 3D-CNNs (Jeyanthi er al., 2024; Arif et al.,
2021) to extract both temporal and spatial features for HAR. 3D-CNN-based methods have
achieved remarkable improvements in recognition accuracy and have been validated for
their effectiveness and robustness across diverse applications. However, their high com-
putational cost introduces substantial challenges in model training and fine-tuning. Thus,
these methods are difficult to deploy on mobile devices with limited computing resources
(Karim et al., 2024).

To effectively and efficiently extract the spatial and temporal motion information of
human actions, more and more researchers utilized skeleton/joint motion data in HAR
(Zhang, 2019; Li et al., 2023; Xie et al., 2025). The skeleton/joint-based methods have
three merits. First, skeleton motion information is strongly related to human subjects. The
usage of skeleton motion data can dramatically reduce the unnecessary input data, such
as background, illumination, actor’s appearance, etc. Second, skeleton data provided by
depth sensor contains plentiful 3D-coordinate information which is valuable for human
action quantifying or encoding. Moreover, some specific data augmentation algorithms
for human actions can be put forward more easily via these quantified data (floating-point
values). Third, the quantified/encoded human action can be represented by a 3D float
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matrix in small size. Thus, a shallow neural network can also achieve expected accuracy
with high efficiency, which is helpful for the deployment in mobile devices.

With the popularity of consumer electronic products, how to reduce the computational
requirements and perform efficient behaviour recognition at the edge has become a hot-
spot in HAR. In this paper, we have introduced an innovative method that enhances ef-
ficiency by extracting key action frames. Firstly, an algorithm is put forward to extract a
certain number of key frames from a long video. Thus, two major problems can be solved
in this step. (1) The temporal scale of the human actions can be normalized by fixing the
number of key frames, and samples with uniform temporal scales are critical for neural net-
work training. (2) The usage of key frames can dramatically reduce the input parameters,
which would greatly improve the efficiency. Secondly, a float matrix with flexible scale is
propounded to store the quantified motion data of human actions. Compared with motion
images of fixed scale, our proposed matrix can be scaled up to better match deeper neural
networks, which may achieve higher accuracy. Thirdly, the data augmentation strategies
that were used in our previous work (Yao et al., 2020) were continued and improved. These
strategies were specially designed for human action representation, which are explainable
and can be easily expanded by setting different parameters. Fourthly, the multi-scale learn-
ing theory is introduced to further improve the recognition accuracy of actions at different
time scales.

The main contributions of this paper are summarized as follows:

1) Using keyframes instead of all frames for action recognition is the core contribution
of this paper. It not only meets the demand of reducing input parameters in consumer
electronics to achieve model lightweighting, but also simultaneously addresses the re-
quirement of time dimension normalization.

2) By constructing large-scale motion feature maps, the model can accommodate deeper
convolutional layers and consequently deliver superior prediction accuracy. This allows
CNN-based method to achieve competitive performance, obviating the need to deploy
state-of-the-art, yet computationally intensive architectures such as Vision Transform-
ers, and thereby exhibits stronger adaptability for consumer electronics.

3) A cascaded neural network is put forward to further enhance the accuracy of HAR.
This architecture fully exploits the robust anti-interference capability of local features
as well as the abundant contextual semantic cues embedded in global features. By in-
troducing confidence-based regulation, the method achieves effective complementarity
between local and global representations while maintaining low power overhead.

This paper is structured as follows: Section 2 provides an overview of the latest re-
search on HAR. Section 3 details the key frame extraction algorithm and HAR algorithm.
Section 4 describes our experiments and the results. Finally, Section 5 concludes the paper
and discusses future work.
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2. Related Work
2.1. Key-Frame-Based Global Feature

The widespread adoption of depth sensors, including the Kinect v1.0/v2.0 and the Orbbec
Astra, has significantly enhanced the precision of human action recognition, as depth im-
ages furnish 3D data, thereby presenting an effective approach to pose estimation chal-
lenges. Moreover, the majority of classical methods relying on global features greatly
benefit from the low-noise data supplied by depth sensors. MHI and EMI, which are gen-
erated from skeleton motion data, have replaced those derived from body boundaries. For
example, Phyo ef al. (2019) proposed the colour skeleton motion history image (Colour
Sk1-MHI), which encodes skeleton frames with colour information to construct a novel
global motion representation for action recognition and similar action discrimination. Li
et al. (2018) similarly employed colour encoding to generate the improved joint trajectory
map (IJTM), which was then projected onto the xy, xz, and yz planes for feature extrac-
tion. Then, 3 LSTM networks and 3 CNNs were adopted to extract temporal and spatial
features for further action recognition. However, despite improvements, JTMs generated
from all frames still struggle with motion information loss due to overlapping motion tra-
jectories. Thus, researchers attempt to use a limited number of key frames to generate
motion trajectories. Wang et al. (2022) extracted key frames by the maximum redundancy
coefficient. Yang et al. (2023) adopted the autoregressive moving average (ARMA) algo-
rithm to find out key frames. Tan et al. (2022) identified key frame in each video segment
via a global max pooling operation in the temporal dimension. Dong ef al. (2022) selected
key frames by a hard attention guided frame sampling model. Xia and Xin (2024) claimed
that not all frames are positive to HAR, and proposed a key frame sampling module based
on rewards and pseudo-labels.

These key frame-based methods have two advantages: 1) Due to the sparsity of key
frames, the side effects brought by trajectory overlaps can be minimized. 2) The key frame-
based methods can effectively eliminate redundant frames, reduce the length of the motion
and uniform the temporal scale of action samples. However, it should be clearly acknowl-
edged that the adverse influence of motion trajectory overlaps is not fully resolved due to
the inherent limitations of the global features.

2.2. Skeleton-Based Local Feature

Compared with global features, local features are less sensitive to scale, observation angle,
and occlusion (Zhang et al., 2025). Therefore, they are more suitable for action recogni-
tion in real environment. Consequently, the skeleton-based local features emerged. Du et
al. (2015) were the first to store a joint coordinates (x, y, z) in the three channels (R, G,
B) of a colour pixel. Thus, an action can be encoded as a colour image, and HAR prob-
lem is transformed to a well-farmed image classification problem. Inspired by this, many
variations have emerged. In Yang et al. (2018), a tree structure skeleton image (TSSI) was
proposed to improve the action representation of literature (Du et al., 2015). This new
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structure enhances the preservation of spatial relations among the joints. These innova-
tive methods have introduced novel quantification techniques for action videos, effectively
addressing the issue of information loss during the encoding process. However, there are
at least three drawbacks that require careful attention. First, raw three-dimensional co-
ordinate data of human joints cannot be directly adopted for model input, as such coor-
dinate values are susceptible to shifts induced by the depth camera’s placement. In our
prior studies (Yao et al., 2020), we set the coordinate of the SpineBase joint in the initial
frame as the relative coordinate origin. This preprocessing strategy substantially improves
the generalization capacity of the proposed method and simultaneously elevates its pre-
diction accuracy. Second, nearly all existing motion-image-based approaches uniformly
resize visual frames to fixed dimensions to satisfy the input dimensional constraints of
convolutional neural networks (CNNs) during model training. Nevertheless, such sim-
plistic cropping or geometric warping operations frequently inject extraneous noise into
encoded motion representations and distort the inherent temporal motion characteristics
of human actions. To address this limitation, abundant research efforts have focused on
temporal normalization for action sequences, which constitutes a mainstream research
direction in motion timing analysis. Representative solutions either supplement missing
frames via frame interpolation algorithms or discard redundant frames to align sequence
lengths. Third, encoded motion images are compact in size. Although their low resolution
leads to good computational efficiency, the insufficient pixel granularity makes it impos-
sible to support multi-layer deep convolution operations, which becomes the bottleneck
for optimizing accuracy. With the continuous improvement of hardware computing per-
formance, even for consumer electronics, it has become a key requirement to construct a
scalable human motion data representation paradigm, to achieve an ideal balance between
computational efficiency and recognition performance.

To advance the research on HAR utilizing quantified action representation and CNNs,
we introduce a novel method capable of concurrently addressing high efficiency, ease of
fine-tuning, few-shot learning, and multi-scale learning requirements. A more detailed
description is provided in Section 3.

3. Proposed Method

Figure 1 shows the general block of our method. The key frames of an action video are
automatically selected by a specific strategy, so that not all frames need to be taken into
consideration. Thus, the number of input parameters is reduced by an order of magni-
tude. Then, the key frames are quantified and stored in a flexible data structure which is
named as Dense Joint Motion Matrix (DJMM) (Yao et al., 2021). We used different origin
points to calculate the joints’ motion features and generate DIMMs. Thus, the more origin
points are selected, the bigger scale of the DJMM will be, and vice versa. By this step,
it is easy to find a balance between effectiveness and efficiency. Furthermore, a data aug-
mentation module is designed to mitigate the issue of insufficient training samples, which
effectively improves the generalization performance of the deep neural network (DNN).
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Fig. 1. The general block diagram of our proposed method. (a) Key frame selecting module. (b) Data augmen-
tation strategy. (c) Action representation (including both local and global features). (d) A fusing deep neural
network for action recognition.

Finally, a multi-scale DNN was put forward to recognize human actions with different
temporal scales. Notably, the four modules of our method are independently decoupled
and can be integrated into any skeleton-based HAR framework to boost recognition per-
formance. Detailed description of the 4 parts are as follows:

3.1. Depth Image and Human Skeleton

A depth image provides 3D coordinates of every pixel, which makes it easier for re-
searchers to perform spatial calculations across pixels. Furthermore, the human joints
detected by depth sensors are closely related to the subjects being studied. Therefore, re-
searchers can concentrate solely on the joints and rigid bones, disregarding other pixels
in the depth image. Therefore, the skeleton-based HAR methods always have superiority
in efficiency.

For instance, Kinect v2.0 offers data on a total of 25 joints, all of which can be tracked
or estimated by its embedded software. Figure 2 shows the 25 joints and those used as
origin points to calculate relative motion features.

3.2. Key Frame Extraction

Inspired by the principle of comic strips, where a small set of key frames suffices to convey
a complete human action, we adopt a key frame-based strategy for efficient action repre-
sentation. This observation can lead to two key insights. First, if an action’s key frames
can be extracted from a video, the whole action can be precisely represented. Second, the
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Fig. 2. Twenty-five joints of the human skeleton used in our method. The joints labelled in red are used as origin
points for feature extraction.

key frames typically correspond to moments of intense physical activity. Therefore, fac-
tors such as displacement and changes in body geometry can serve as measurable criteria
for identifying key frames.

Our proposed method involves calculating joint displacement and joint angle varia-
tions frame by frame, thereby quantifying the action intensity within a specific frame.
Equation (1) shows the way to calculate displacement of a joint between 2 frames.

D' = \J (i = xi)? + (i = yi-1)? + (i — 7o) (1)

where D' means the displacement of a certain joint of the ith frame, and the value range
of i is (0, x], x stands for the total number of an action’s frames. Thus, the motion intensity
of a certain frame can be quantified as the total displacement of the whole 25 joints, as
equation (2) shows:

i

24
—~ = .
D =Y 0 @)
n=0

1
where ? means the total displacements of all the 25 joints in the ith frame.

Motion analysis research indicates joint displacement and joint angle dynamics should
both be considered to improve key frame extraction accuracy. Certain motions such as
boxing, clapping and waving feature dramatic local joint rotation yet slight overall dis-
placement. Our method computes the 19 annotated joint angles shown in Figure 3 for
each frame.



8 J. Xiong et al.

Fig. 3. The joint angles used in the proposed method.

The angle constructed by the three adjacent joints in a certain frame can be calculated
using equation (3).

— —>
Indn - 1y

; —_— —
0" =cos(UuJu, 1) = ———,
[ Jul X |J1Jy]

3

where Gi_st)ands for a certain joint angle in ith frame, J,,, J, and J; are the 3 adjacent
joints, J,, J, and J; J,, are two vectors which are from joint J,,, to J,,, and from joint J; to
Ji respectively. Thus, the joint angle variation that compares to its previous frame can be
represented as 6 = |67 — 6'=1|. Then, the total variation of the 19 joint angles can be
obtained by equation (4).

i

—_ 18
0 => 0., 4
z=0

where 7 is the order of the joint angle, i is the frame order and the value range of i is (0, x],
x stands for the total number of an action’s frames.

After quantification, key frames are selected by ranking motion displacement or joint
angle variations in descending order and retaining the top-N entries. A weighting strategy
is required to jointly incorporate both criteria.

W= D . >
= 2 PR 2 x ®
_ —_—— —_— A —_—

MAX(D , D ,...., D) MAX( 9 , 8 ,..., 0)

where W' is the weighted quantified value, and key frames can also be selected via the
reverse order of W's.
The pseudo-code of the key frame extracting algorithm was shown as Algorithm 1.
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Algorithm 1 The key frame extracting algorithm based on skeleton motion sequence

Input: Ny, // The number of key frames to be extracted
Fay = getSampleTotalFrames(); //Obtain the total frame count of the currently
processed video sample.

—_—
Arr D =new Array(); //An array used to record frame-wise displacement values.

—_

Arr 6 =new Array(); //An array used to store frame-wise angular variations.
ArrW = new Array(); // An array for storing frame-wise quantified motion metrics.
for(i = 1;i < Fay; i++){

——
D =0;
—

6 =0

for (n = 0; n < 25; n++){
Di, = calculateJointDisplacement(); //Calculate the displacement of a single joint
in the i-th frame.
D + = D';// D denotes the cumulative displacement of all joints in the
i-th frame.

1
for (z =0;z < 18; z++){

g = calculateJointAngleVariation(); //Calculate the variation of a single angle
in the i-th frame.
i i
i . L
6 + =20/l 6 denotes the parameter representing the aggregate variation of
all angles in the i-th frame.

}

i
—_—

D)

1
—~

—_—

Arr D .push(
—_—
0 .push( );

Arr
}

Arr D = getDescendingSort(Arr

J

s

——
D)

j

—_—

Arr 0 = getDescendingSort(Arr 6 );
for(i = 1;i < Fay; i++){

. —_— —_—
Wi =Arr D [il/Arr D [1];

i : .
w - =Arr 0 [i]l/Arr 6 [1];
W =Wwp +W! p
ArrW.push(Wi);
}

ArrW = getDescendingSort(ArrW);
ArrKF = ArrW]O0, Ny — 11 // obtain the frame order for the top Ny f entries in ArrKF
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3.3. Action Representation

In our approach, we select explainable features possessing significant physical and kine-
matic implications. These features encompass four quantified motion characteristics and
one global motion image. In the following sections, the detailed information about motion
features’ calculating and the final action representation will be elaborated.

3.3.1. Motion Feature 1: Joint Displacement

This feature captures the spatial changes of a joint over a specific duration. Equation (1),
which determines whether a frame is key, can also serve as a feature to represent actions.
Notably, D represents the joint displacement in the 3D coordinate system. To obtain a
larger-scale motion matrix, D is projected onto the x, y, and z axes in this study.

3.3.2. Motion Feature 2: Joint Moving Direction
The physical or kinematic meaning of this feature is recording the direction variation of a
joint in a certain frame’s duration. It contains both spatial and temporal information. The
context information is essential to describe an action.

According to the vector’s translation in-variance, the motion direction in (j —i) frames’
duration can be projected on plan xy, xz and zy, and their values can be calculated by the
law of cosines.

i,j X
o = ——,
)'cy' VAxZ4+Ay?
ij __ L] __ Xz
o =1ay; = = 6
)'CZ' VAx2+AZ2 ©)
LJ _ Z

ad = =
<y VAZZ+AY?’

where {x, y, z} is the position of a certain joint in the ith frame, while {Ax, Ay, Az}
represents the joint’s displacement along the x, y, and z-axes between the ith and jth
frames.

3.3.3. Motion Feature 3: Joint Motion Velocity

This feature indicates the motion intensity of a certain joint in a period. From the physics
perspective, it can be used to discriminate similar actions. Based on the data D, the velocity
V can be readily computed using equation (7).

D

V= 0033 xn’

(7
where 0.03333 is the duration time of one frame (the Kinect v2 record video at 30 fps,
which indicates there are 30 frames in a second), and » is the number of interval frames.

3.3.4. Motion Feature 4: Joint Angle in a Certain Frame
In the geometrical view, the set of joint angles of a certain frame can be partly considered
as a description of human pose, while an MHI-like global feature can be quantified by
storing the angles in a float-point array by time sequence.
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As itis shown in Figure 3, there are two types of joint angles. One is constituted by 3 ad-
jacent joints and their related bones, and another one is constituted by the designed joints
and red dotted lines (such as Head, HandTipLeft, Hand TipRight, FootLeft and FootRight).

3.3.5. K-DJMM: The Data Structure of The Proposed Action Representation

In many works, the joints’ coordinates, even the raw coordinates, are the only adopted data
to describe an action. Our previous works (Yao et al., 2020) have proved 3 rules for action
quantification and representation.

(1) The relative coordinates are more suitable than raw coordinates to represent
human actions. Raw coordinates are highly variable and may be influenced by the cam-
era’s installation position, leading to unintended consequences. Consequently, methods
relying on raw coordinates are inherently dataset-oriented, often resulting in poor perfor-
mance when the dataset varies or is applied in real-world scenarios.

(2) The necessary pre-processing of the coordinates is helpful to improve the ac-
curacy. Despite CNNs’ exceptional feature extraction capabilities, the calculation of es-
sential motion features, including speed, orientation, and joint angles, among others, can
furnish CNNs with additional valuable data, ultimately leading to enhanced detection ac-
curacy.

(3) It is necessary to define several temporal scales for action samples. Because the
durations of different actions can vary significantly (for example, a ‘punch’ action may be
completed in 10~15 frames, while a ‘sit down’ action may take 30 ~60 frames), only one
uniformed scale may result in motion information loss or motion variation.

In this paper, we followed the above three rules and addressed a small-scale issue to
further improve the flexibility and accuracy of our method. In most research endeavours,
the action representation typically consists of an image or a float matrix. Given that exist-
ing algorithms or depth cameras can provide at most 25 joints, the resulting motion image
or motion matrix is relatively small in size. With continuous advances in computing hard-
ware, lightweight representation models have hit inherent performance bottlenecks. Their
low-dimensional design, once a key advantage, now restricts accuracy improvements.

To meet all the requirements of the above analysis, a multi-original-point idea was
raised to generate the motion matrices with flexible scales. As shown in Figure 4(a), dis-
placement, direction, velocity, and angle are calculated on a frame-by-frame basis.

According to literature (Le et al., 2018), the relative origin point should be selected
at the joint that exhibits minimal movement during action. Therefore, the 8 joints, such
as Neck, SpineShoulder, ShoulderLeft, ShoulderRight, SpineBase, SpineCenter, HipLeft,
HipRight, are adopted as the candidates of the relative origin points. As it is shown in
Figure 4.

Using multiple relative original points has two advantages. First, one motion feature
can be calculated multiple times. Thus, the scale of feature dimension can also be enlarged.
Second, one motion feature based on different relative original points can partly reflect the
geometrical information of the human body in a certain frame, which is also useful for the
CNN to learn deep features.

In most of the “skeleton + CNN”-based methods, the dimensions of the motion repre-
sentation are ‘joints x features x frames’. For example, with four motion features, a 45-
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Fig. 4. The multi-scale motion matrix (MSMM) which consists of the features calculated by different origin
points.

frame action yields a representation of dimensions 25 x 4 x 45. If only 10 key frames are
extracted, the dimensionality shrinks to 25 x 4 x 10, which is too small to support deep
convolutional operations. However, if we take all the relative origin points to calculate
the 4 motion features and use their variations, the scale can be enlarged. For example, the
joint displacement of a joint in 3D coordinate can be reflected in three planes. Thus, one
displacement feature can be divided into 4 features. Furthermore, if all the 8 relative ori-
gin points are adopted, the final scale of the action representation matrix can be enlarged
to (25 x (4 x 4) x (10 x 8)), which can be re-sized to (200 x 160 x 1).

3.3.6. The Cascade Network for HAR
In our method, an action is represented by a local feature form—MSMM, and a global
feature form—SMHI. As Figure 1(d) shows, the MSMM is used as the input of the first-
stage neural network because of its small size and the innate merits of local features. If the
prediction confidence of the first-stage network exceeds a certain threshold, the prediction
result is deemed final. However, if the predicting confidence is lower than the threshold
value, the second-stage neural network starts working. The SMHI is fed into the second-
stage network, which produces a supplementary prediction from a global semantic per-
spective. The final confidence score is computed as the average of the two stages’ outputs,
and the class with the highest final confidence is selected as the recognition result.

The advantages of this network structure can be summarized in two aspects. First, the
network uses both local feature and global feature. Local feature utilization in the first-
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stage network mitigates inherent limitations of global feature. In the second-stage network,
global feature-based predictions offer semantic enhancements, boosting accuracy when
first-stage confidence is lower than a specific threshold. Second, by adjusting the threshold
of prediction confidence in the first-stage network, a clear distinction can be made between
effectiveness and efficiency.

4. Experimental Results and Evaluation

The method was implemented using the TensorFlow-gpu v2.3 and Keras. The experiments
were performed on a desktop equipped with an NVIDIA GTX 4090 GPU, an Intel Core
i7-13700K processor running at 3.70 GHz, and 64 GB of RAM operating at 3200 MHz.

We conducted three sets of experiments to evaluate the key frame extraction perfor-
mance on two public datasets (Florence 3D Actions (Seidenari et al., 2013) and UTKinect-
Action3D dataset (Xia et al., 2012), and one self-collected dataset. Recognition accuracy
and computational efficiency are used as core metrics to assess the overall performance
of the proposed method. The performance of our model was compared with typical meth-
ods. The results demonstrated that our proposed model achieved competitive accuracy and
surpassed other methods in terms of efficiency.

4.1. Dataset

Florence-3D was collected using a Kinect camera. It includes 9 activities: wave, drink
from a bottle, answer a phone, clap, tighten laces, sit down, stand up, read a watch, and
bow. During acquisition, 10 subjects were asked to perform the above actions 2 or 3 times.
This resulted in a total of 215 activity samples, with each action class containing approx-
imately 20 to 30 samples. For each subject in this dataset, 15 joints were recorded.

The videos in UT-3D were captured using a single stationary Kinect. The dataset in-
cludes 10 types of actions: walking, sitting down, standing up, picking up, carrying, throw-
ing, pushing, pulling, waving hands, and clapping hands. There are 10 subjects, and each
subject performed each action twice. However, the ‘carry’ action group contains only 19
samples due to the failure to capture skeleton information for one sample. For each subject,
20 joints were recorded, 15 of which were used in our method.

HanYue-3D is a self-collected dataset. The dataset was gathered utilizing a Kinect v2.0
camera. It includes 15 simple action types: make a phone call, drink, wave hands, look at
a watch, pat dust off clothes, fall, push a chair, jump in place, stand up, stand still, stand
clap, walk, sit, sit still, and sit clap. Nine participants were instructed to execute each of
the 15 activities three to four times. The 3D coordinates of all 25 joints, as detected by the
Kinect v2.0 sensor, were meticulously documented. In total, 413 samples were collected,
and each action type is represented by 35-37 samples.

4.2. Key Frame Extraction Evaluation

In our proposed method, two features, displacement and joint angle variation, are used
to extract action key frames. It should be noted that other features can be easily added
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Fig. 5. The motion history images of 4 typical actions, where the SMHIs were generated by 10 key frames. From
horizontal perspective, the 1st line is “sitting and clapping”, the 2nd line is “falling”, the 3rd is “walking”, the
4th line is waving. From vertical perspective, (a) MHI (b) SMHI generated via displacement feature. (¢) SMHI
generated via Angle variation feature. (d) SMHI generated via displacement and angle variation features.

or replace the features here we used to improve the precision of key frame extraction or
balance the effectiveness and efficiency.

In this part of experiments, all action samples were depicted using a sparse motion
history image (SMHI), created from 10 key frames. Figure 5 takes 4 typical actions as
examples to show the universality of the proposed key frame extracting method. These 10
key frames and SMHIs were generated through displacement, joint angle variations, and
a combination of both. From the experiments, 2 conclusions can be drawn as follows:
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(1) The SMHI is capable of accurately capturing the motion tendency of an action.
Hence, it has been demonstrated that the utilization of key frames for action recognition
is technically viable. By leveraging key frames, which are significantly fewer in number
than the total frames, the computational effort can be notably diminished.

(2) Although the three types of SMHIs share high similarity, the one generated through
the combination of displacement and joint angle variation outperforms the others. For
instance, in the “falling” scenario (line 2 of Figure 5), the key frames derived from the
displacement feature solely concentrate on the final position, whereas in the “walking”
example (line 3 of Figure 5), those from the joint angle variation feature exhibit insufficient
continuity. Therefore, in subsequent experiments, we solely utilize the SMHI produced by
displacement and joint angle variation (SMHI-D + A).

4.3. Evaluation and Comparison

In this section, 5 different types of experiments are conducted to evaluate the effectiveness
and efficiency of our proposed method carefully.

4.3.1. The Evaluation of Effectiveness of SMHI

Just as its original version—MHI, SMHI is also a kind of global feature. Due to the
fixed size of motion image, the input parameters that are based on MHI and SMHI will
be the same. Therefore, there is no difference in the efficiency between MHI-based and
SMHI-based methods. Hence, this section focuses solely on evaluating the effectiveness
of SMHI-based methods and comparing it with MHI-based results. In the experiments,
80% of the samples are used for training, while 20% of them are used for testing. How-
ever, for SMHI, 80% of the samples are used for extracting key frames and generating
SMHI, while in testing stage, all the samples are used for generating MHI and testing.
Notably, to ensure experimental consistency and rigour, a stratified 80/20 train-test split is
performed at the category level for each dataset, rather than a global random split applied
to all samples collectively. The sample IDs for each partition are recorded and fixed. All
experiments are conducted using the identical set of training samples for model training
and the identical set of test samples for evaluation. Table | records the detailed results
based on DenseNet121.

Table 1 demonstrates that all four motion image types can supply the neural network
with essential motion data for HAR tasks. Furthermore, SMHI-D + A exhibited the best
overall performance in experiments, confirming the efficacy of our key frame extraction
algorithm. Experimental results indicate that 10 key frames of SMHI are optimal. Hence,
in subsequent experiments, we will exclude 5 and 15 key frames of SMHI-D + A, focusing
on SMHI-D + A in the following sections that stands for SMHI-D + A generated by 10
key frames.

4.3.2. The Evaluation of Effectiveness of MSMM
Compared with global features, local features offer numerous advantages, especially when
occlusion occurs. In our previous work (Yao et al., 2021), motion features were computed
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Table 1
Comparison of HAR statistics among MHI and different types of SMHIS.

Accuracy (%)

DataSet Criterion
Florence-3D UT-3D HanYue-3D
MHI ACC 82.50% 64.10% 61.04%
TOP-3 87.50% 94.87% 88.31%
TOP-5 92.50% 94.87% 96.10%
SMHI-D + A 5 key frames ACC 80.00% 58.97% 53.25%
TOP-3 90.00% 84.62% 83.11%
TOP-5 97.50% 94.87% 93.51%
SMHI-D + A 10 key frames ACC 82.50% 61.54% 62.34%
TOP-3 92.50% 94.87% 89.61%
TOP-5 100.0% 94.87% 97.40%
SMHI-D + A 15 key frames ACC 82.50% 58.97% 61.04%
TOP-3 92.50% 87.17% 89.61%
TOP-5 95.00% 94.87% 94.81%

frame by frame to construct a 3D floating-point matrix called the Dense Joint Motion
Matrix (DJMM), which served as the input to a self-defined CNN. The small size and
flexibility of the motion matrix endow our previous works with great superiority in time
efficiency and competitive achievements in accuracy. However, the bottleneck shows when
further improvement is conducting. While the compact size of the motion matrix enhances
efficiency, it poses a significant challenge in employing deeper neural networks to boost
accuracy. In the proposed method, this bottleneck is broken by utilizing MSMM. Based
on Figure 4(b), the subsequent experiments calculate MSMMs using the method of Mean
Squared, which involves 8 relative origin points. Additionally, to facilitate multi-scale
learning, the softmax layer in conventional CNNss is substituted by the SPP layer.

In the MSMM group of Table 2, it can be indicated that the test accuracies are gener-
ally superior to those in the DJMI group, though the networks also suffered from overfit-
ting problems. In the experiments, there are 2 networks, VGG19 and Densenet121, which
should be paid special attention to. Within the DIMI group, VGG19 in the DIMIM subset
achieved a training accuracy of only 26.41%, suggesting that DJMM is not suitable for
VGG19 or other deep networks. However, the MSMM group achieved a peak value of
100% in the training stage, demonstrating that a larger-scale MSMM is a superior choice
for deep neural networks.

Table 2 also reveals that test accuracies are generally lower than those achieved during
the training phase. This indicates that the neural networks exhibit overfitting. This pattern
is particularly pronounced in early sequential architectures such as VGG16 and VGG19,
as deeper network structures are more prone to overfitting. Furthermore, it is worth not-
ing that data augmentation alone is insufficient to fully mitigate the overfitting problem.
For example, as Table 3 shows, in the VGG19 model with DJMM input (tensor dimen-
sions: 23 joints x 7 features x 9 key frames), the tensor size is reduced to (..., 1,...) at
the third convolutional block—a dimension too small to sustain subsequent convolutional
operations.
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Table 2
Comparison of detection accuracy between DJMM and MSMM in the training and
testing stages which are conducted on HanYue-3D dataset.

Typical CNN DIMM ACC(%) MSMM ACC(%)
Training Testing Training Testing
LeNet-5 100% 66.23% 100% 70.13%
VGG16 86.35% 42.86% 100% 45.45%
VGG19 26.41% 31.17% 100% 38.96%
Densenet121 100% 71.43% 100% 81.82%
ResNet50 100% 66.23% 100% 70.13%
ResNet50V2 99.41% 67.53% 100% 68.83%
ResNet101 100% 59.74% 99.70% 66.23%
ResNet101V2 100% 67.53% 100% 72.73%
ResNet152 99.11% 61.04% 100% 63.64%
ResNet152V2 100% 59.74% 100% 71.43%
Table 3
Output shapes of each layer of VGG19.
Layer(type) OutputShape
input_1(InputLayer) [(None, 23,7, 9)]
block1_conv1(Conv2D) (None, 23, 7, 64)
block1_conv2(Conv2D) (None, 23,7, 64)
block1_pool(MaxPooling2D) (None, 12, 4, 64)
block2_conv1(Conv2D) (None, 12, 4, 128)
block2_conv2(Conv2D) (None, 12, 4, 128)
block2_pool(MaxPooling2D) (None, 6, 2, 128)
block3_conv1(Conv2D) (None, 6, 2, 256)
block3_conv(Conv2D) (None, 6, 2, 256)
block3_conv3(Conv2D) (None, 6, 2, 256)
block3_pool(MaxPooling2D) (None, 3, 1, 256)
block4_conv1(Conv2D) (None, 3, 1, 512)

To further prove this conclusion, the training processes are visualized and displayed
in Figure 6. It is shown that the MSMM can help neural networks reach training purposes
more quickly. As depicted in Figure 6(a), the network attained a training convergence at
approximately 65 epochs, whereas in Figure 6(b), the network reached a training conver-
gence at around 50 epochs. Furthermore, an analysis of the training curves of VGG16
and VGG19 reveals that adopting large-scale motion matrices is an effective strategy to
alleviate prevalent deep learning obstacles and prevent neural networks from suffering
overfitting induced by small-scale tensors. Additionally, the arbitrarily configurable count
of relative origin points enables flexible tuning of the MSMM dimension. This character-
istic is compatible with both shallow and deep neural network architectures and facilitates
a favourable trade-off between computational efficiency and model performance.
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Fig. 6. The training curves of the typical neural networks evaluated on HanYue-3D by using the DIMMs and
MSMMs. (a) The training curves based on the DJMMs. (b) The training curves based on the MSMMs.

4.3.3. Evaluation and Comparison of The Proposed Cascade Neural Network Structure

The above experiments explained and proved 3 key points. 1) Is it feasible to use key
frames to represent human actions? 2) How many key frames are the best choice to rep-
resent an action? 3) Is the proposed data structure—MSMM a better representation for
describing human actions? However, the overfitting problem caused by insufficient train-
ing samples remains unresolved. Furthermore, the proposed method’s final HAR model
has yet to undergo evaluation. In this section, we present the detailed solutions for ad-
dressing these two issues.

In our experiments, we developed a data augmentation program to simulate actions
performed by subjects of different heights. The height scale factor was adjusted within
[0.85, 1.15] with a step size of 0.01. As a result, the number of training samples was
increased by 30 times. Thus, there are 6 450 samples of Florence-3D, 5970 samples of
UT-3D, and 115 500 samples of HanYue-3D respectively. Assume that an adult’s height is
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Fig. 7. The training and testing results of DenseNet121 that evaluated on Florence-3D, UT-3D and HanYue-3D
respectively.

about 1.7 meters, then the generated person’s height is among [1.45, 1.96], which matches
the height of people in the real world. Furthermore, based on the methodology of our
proposed data augmentation technique, additional strategies can readily be employed to
create more action samples, including altering motion directions and adjusting motion
speeds. The threshold of the first stage is defined as 0.8.

Figure 7 records the training and testing results of DenseNetl121 that evaluated on
Florence-3D, UT-3D and HanYue-3D respectively. From the results, three points can be
concluded. First, the smoothness of the curves indicates that MSMM is a good data struc-
ture for action recognition. Second, the high accuracies achieved in both training and test-
ing stages have proven that an action can be adequately represented by several key frames,
with other frames considered as redundant input that can be discarded. Third, either multi-
scale learning or data augmentation has positive influence on HAR accuracy improvement
(Xin et al., 2024). Moreover, since the nature of the proposed method is CNN, other prior
technologies, including attention mechanisms, batch normalization and etc., can further
contribute to accuracy improvement.

4.3.4. Comparison With Other Classical or Latest Methods

In the previous experiments, the proposed method has demonstrated its capacity and
adaptability. However, the comprehensive evaluation of our network’s architecture has
not been conducted.
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Table 4

Comparison of HAR accuracy between the proposed method and other typical methods.

Method Acc(%)
Florence-3D UT-3D HanYue-3D

Dataset creators’ method (Seidenari et al., 2013) 82.20% - -
Dataset creators’ method (Xia et al., 2012) - 90.92% —
ST-GCN (Yan et al., 2018) 85.00% 87.18% 87.01%
2s-AGCN (Shi et al., 2019) 90.00% 92.30% 84.42%
ShiftGCN (Cheng et al., 2020) 87.50.% 92.30% 79.22%
Hyperformer (Zhou et al., 2023) 85.00% 89.74% 79.22%
DIMI + ZfNet + Data augmentation 92.50% 91.84% -
DIMI + ZfNet + LSTM + Data augmentation (Yao et al., 2020) 93.77% 94.23% -
Multi-scale + ZfNet + Data augmentation (Yao ez al., 2021) 94.74% 94.74% 83.87%
MHI + DenseNet121 82.50% 64.10% 61.04%
SMHI + DenseNetl121 82.50% 61.54% 62.34%
DJMM + DenseNet121 - - 71.43%
MSMM + DenseNet121 - - 81.82%
MSMM + DenseNet121 4 Data augmentation 95.00% 92.30% 83.12%
Our method 95.00% 92.30% 89.61%

In this section, the two-stage cascade structure of our neural network and data augmen-
tation strategy were all adopted to show the best performance and superiority by compar-
ing it with other typical methods. To further verify the outstanding performance of the pro-
posed framework, Table 4 compares its performance with classical CNN-based methods,
key frame-based methods, and our previous works across multiple evaluation dimensions.
For all comparative approaches listed in the table, we strictly follow the hyper-parameter
configurations reported in their original publications. Their evaluation metrics are directly
extracted from published literature if available; for methods lacking official reported re-
sults, we replicate the experiments under a unified dataset split to obtain corresponding
performance values.

For additional performance improvement of the proposed framework, we conducted
exhaustive analysis on all mispredicted samples. Among these samples, several “wave
hand” actions were incorrectly identified as the “answer phone” category.

For an intuitive visualization of such misclassification cases, Figure 8 selects 3 repre-
sentative key frames of the samples and the corresponding JTMs of the two action cat-
egories. Since the Florence-3D dataset lacks annotations for left and right hand joints,
the resultant JTMs extracted from these two distinct movements exhibit extremely similar
feature distributions. Although this limitation can be effectively alleviated by introduc-
ing separate left- and right-hand joint coordinates to reconstruct new discriminative joint
temporal maps (JTMs), neither the DJMM nor the MSMM framework achieves reliable
recognition performance on publicly available datasets. Specifically, samples misclassi-
fied by the DIMM model cannot be correctly distinguished by the MSMM either.

Furthermore, regarding the efficiency improvement based on the DJMM method, a de-
tailed analysis and proof have been conducted in our previous work (Yao et al., 2020), (Yao
et al., 2021). The concept of MSMM is based on DJMM. Therefore, we will not repeat
the proof of its efficiency improvement here.
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Fig. 8. The JTMs of two similar samples in the Florence-3D dataset. (a) “wave left hand”, Sample ID: 1_30_2.
(b) “answer phone”, Sample ID: 2_151_8.

5. Conclusions

Inspired by the narrative logic of comic strips, where a small number of key frames suf-
fice to convey a complete action, we propose an efficient HAR method based on key frame
selection. This paper introduces an efficient method for HAR, leveraging the use of key
frames. Initially, our solution identifies frames containing significant movements and geo-
metric changes as key frames, selecting the top N to represent an action. It is the core step
of the whole method. Two major issues are addressed. 1) The temporal scales of different
actions are normalized to the same size. 2) The complexity of the representation of an
action video has been significantly reduced. Then, a sparse motion history image (SMHI)
and four per-joint motion features, displacement, velocity, motion direction, and joint an-
gle, are computed and fed into a cascade neural network. The cascade network mechanism
further enhances the efficiency of the network. Finally, to use a deeper network for higher
accuracy purposes, multiple origin points are adopted in our method to gain the motion
matrix with a larger size. The number of origin points can be flexibly defined for high
accuracy or high-efficiency purposes.

Although the proposed method exhibited remarkable performance in the experiments,
two aspects should be continually refined in future work. One is the key frame selecting
algorithm, and the other is the design of motion features. These two components form the
foundation of the HAR framework, and further accuracy improvements can be achieved
through more precise key frame selection and finer-grained motion feature quantification.
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