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Abstract: This study proposes a novel approach to human action recognition (HAR) via depth sensor data. We introduce explainable features derived from skeleton 
sequences and a sparse motion history image (SMHI) to effectively capture motion characteristics. Our method addresses the limitations of current approaches by reducing 
the computational requirements while maintaining high accuracy. We propose a SlowFast-like network that combines these features for efficient HAR. Experiments on three 
datasets demonstrate the effectiveness of our approach, which achieves competitive accuracy with fewer features. The method also ensures user privacy by relying solely 
on skeleton data. This research contributes to the theoretical advancement of HAR and its practical application in various fields. 
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1 INTRODUCTION 

Vision-based applications of human action 
recognition (HAR) have made significant progress because 
of its widespread applications in human-machine 
interaction, security monitoring, surveillance systems, etc. 
[1, 2]. Especially since the emergence of deep learning 
technology, HAR research and its applications have 
increased in popularity in recent years. 

Due to the excellent feature-extracting ability of the 
deep neural network (DNN), the most immediate work is 
replacing the pre-popular classifier with a convolutional 
neural network (CNN) or long short-term memory (LSTM) 
for higher accuracy. These simple classifier-replacing 
works achieved better performances in experiments and 
applications than the pre-popular classifier. Another simple 
but effective solution is putting all frames of an action 
sample into a DNN to train the model or obtain the 
predicted result. This solution is called the "end-to-end" 
method, and it was once popular because of its simplicity 
in algorithm and application. 

In the pre-deep-learning era, the common HAR 
method was "extracting the features of human action 
quantifying these features using the quantified features to 
train a support vector machine (SVM) predicting or 
classifying a new human action by the well-trained SVM" 
[3]. The kernel of this type of method involves extracting 
the features of a human action. Many well-designed 
hand-crafted features were proposed, some of which 
continue playing important roles in the current pattern 
recognition field. These handcrafted features can be 
divided into two categories: global features and local 
features. The extraction of global features uses the   
top-down methodology, treats the human body as an entity 
and typically extracts features via the interframe difference 
method or background subtraction method. The typical 
features are the motion energy image (MEI) [4], motion 
history image (MHI) [4], static history image (SHI) [5], 
and motion history volume (MHV) [6]. The most obvious 
merit of a global feature is its meaningful semantic 
information, which can be used to explain the entire model 
or improve its accuracy. However, global features heavily 
depend on the hardware and are extremely sensitive to 
illumination, occlusion, and dynamic background. Thus, 
HAR methods that use only global features are always 
dataset-oriented and not robust. To address the issues of 

global features, local features that are mathematically 
calculated are proposed. Representative features are 
spatio-temporal interest points (STIPs) [7], histograms of 
oriented gradients (HOGs) [8], and 3D Harris [9]. 
Compared with global features, local features are much 
less sensitive to illumination, occlusion, and dynamic 
background [2]. Thus, local features are more suitable  for 
real-world applications. However, local features cannot 
reflect the high-level semantic information of human 
actions, which results in difficulties in method 
improvement. Local features are also typically 
computationally intensive, and their algorithms always 
have high complexity. This drawback partly prevents its 
application in real-time situations. In particular, mobile 
applications lack powerful computational ability. 

As mentioned, in the deep learning era, due to the 
excellent feature extraction capabilities of CNNs and 
LSTM, many DNN-based methods and their variations 
[10-13] significantly outperform SVM-based methods. 
Depending on the powerful computational capacity of the 
graphics processing unit (GPU) and massive training 
samples, DNN-based methods can always achieve high 
recognition accuracy without complex algorithms. Unlike 
rul-based methods, DNN-based methods are driven by data 
and referred to as "end-to-end” methods. However, 
"end-to-end” methods soon face their bottleneck. An 
unexplainable characteristic of the deep feature is that 
DNN-based methods have great difficulties in fine-tuning. 
Although researchers have proposed many solutions, such 
as transformer learning [14-[16], few-shot learning 
[17-[19], and zero-shot learning [20][21], the most 
effective solution continues to be enlarging the training 
samples. Many researchers have paid special attention to 
data augmentation methods. In image classification, many 
data augmentation methods have been shown to be 
effective and widely applied in various applications, such 
as rotation, cutting angles, and disturbances [22]. However, 
data augmentation methods of video recognition are far 
more complex because of the temporal features and context 
information in a video. Thus, in most video recognition 
applications, pre-processing is essential. In this step, 
meaningful features are well designed, extracted, 
quantified, and stored in a matrix to fit the input 
requirements of the DNNs. For example, optical flow (OF) 
is a classic pre-processed image  to describe motion 
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pixels in a video. Many early HAR methods used OF and 
its variations to realize action video classification [23,[24]. 

With the development and popularization of depth 
cameras, it has become much easier for researchers to 
extract human skeletons from videos. Since a human action 
can be considered the motion of the key joints and rigid 
bones [26], increasing amount of skeleton-based HAR 
methods have emerged. Y. Du et al. [27] converted human 
actions to colour images and classified these images via a 
CNN. The position of a joint in 3D coordinates (x, y, z) was 
innovatively stored in the three channels (R, G, B) of a 
colour pixel. In [28], the action image in [27] was improved 
by a tree structure skeleton image (TSSI). The TSSI can 
better preserve the spatial relationships of the joints, which 
helps improve the accuracy. In our previous works [29], 
[30], these methods were further improved, and a         
self-defined data structure named the Dense Joint Motion 
Matrix (DJMM) was used to store joint motion features 
with high precision. Since the advent of the GCN, various 
GCN-based methods [33-[35] have emerged to effectively 
model the human skeleton and improve the HAR accuracy. 
The advantages of using skeleton motion information to 
recognize human actions can generally be summarized in 3 
points. 

1) Compared with motion pixels, the human skeleton
is strongly related to the acting subject. Using skeleton 
motion information can dramatically reduce the side 
effects of noisy inputs. 

2) Using skeleton motion information can ignore the
differences caused by the height, body shape, and other 
individual differences. All humans have similar skeleton 
structures. 

3) Using the skeleton motion information, it is easy to
mimic an action conducted by different people with 
different body sizes; i.e., data augmentation becomes 
easier. 

Among numerous skeleton-based HAR methods, 
researchers proposed various motion features [36] and 
designed multifarious deep learning models [35], [37-39] 
to classify videos or recognize human actions. Although 
the proposed feature and deep learning model partly 
promote HAR to a new level, the universality of the 
application and the balance between efficiency and 
effectiveness remain challenging. In this work, we 
continue our previous research and prove that adopting the 
key motion feature is sufficient to recognize human 
actions. Several new motion features with explainable 
characteristics were introduced, many experiments were 
conducted to find the best combination of the new motion 
features and classic features, and a multi-scale CNN with 
high universality was constructed to recognize human 
actions. Our work has three major contributions: 

1) A 3D float matrix was proposed and constructed
using only features that have explainable physical or 
kinematic meanings and can be easily calculated from the 
coordinates of 25 joints. 

2) An efficient multi-scale CNN and a series of data
augmentation strategies were designed to prevent the 
model from overfitting and recognize human actions with 
different temporal durations. 

3) Full experiments were conducted to find the best
feature combination that can balance efficiency and 
effectiveness. 

The remainder of this paper is structured as follows: 
Section 2 covers related works on the skeleton-based HAR 
method. Section 3 discusses the proposed features and an 
efficient multi-scale CNN. Section 4 evaluates the 
proposed method using three typical datasets. Finally, 
Section 5 presents the conclusions. 

2 RELATED WORK 

As mentioned, MEI, MHI, SHI and their variations or 
combinations are typical global features that are widely 
used for HAR and achieve good performance. However, a 
significant drawback prevents these global features from 
being applied in real scenes: when the motion trajectories 
overlap, the temporal or spatial information of the action 
may be lost. Thus, local features such as the 3D coordinates 
[27], [28], displacements [29], and motion directions [30] 
of each joint of the skeleton were introduced to solve the 
problem caused by trajectory overlaps. Many researchers 
have proposed features to classify actions or distinguish 
similar actions. For example, Liao L. C. et al. [31] used the 
angles of adjacent bones as a new local feature for HAR. 
Du Y. et al. [27] rearranged the joints and stored their 
coordinates in a sequence to represent the physiological 
information of the skeleton. Dhiman C. et al. [32] 
synthetically used 5 classical local features to improve the 
accuracy. 

In the current data-driven era, if more motion features 
are used, the HAR model will be more accurate. Thus, 
many methods attempt to use as many features as possible, 
whereas few researchers are concerned about which feature 
combination is the most cost-effective and how to make 
further improvements based on the existing features. Here, 
we continue our previous work and propose 3 instructive 
rules for skeleton-based HAR methods. 

1) Explainable features, especially those defined by
classic physical or kinematic theories, are recommended 
for input matrix construction. Thus, the method can be 
fine-tuned in the input stage. 

2) Regardless of the number of training samples, a
data augmentation method based on explainable features is 
necessary because of the high cost of video sample 
labelling. 

3) A multi-scale neural network with attention
mechanisms helps improve the flexibility and accuracy of 
the HAR method, and because of the pre-processing work 
in the feature extraction stage, a deeper network is not 
better. 

3 PROPOSED APPROACH 

The proposed method follows the 3 aforementioned 
rules. As shown in Fig. 1, the work can generally be 
concluded in 3 steps. First, an action is quantified frame by 
frame and encoded as a 3D float matrix. Then, a data 
augmentation method generates new action samples with 
different temporal scales. Finally, a multi-scale CNN is 
proposed to recognize the action. As shown in Fig. 1a, the 
motion matrix and motion image are input into two 
networks, and the prediction confidences of these two 
networks of all action classes are averaged. The final result 
is the action with the highest average confidence score. 
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The key to our proposed method is how to extract 
explainable features and quantify and encode an action 
video as a 3D float matrix. It is the prior work of the data 
augmentation method and multi-scale CNN construction. 

This kernel work is also strongly related to the ablation 
experiments, which are conducted to determine the best 
combination of the selected features. The detailed 
introduction is described in the following section. 

a) 

  b)                                           c) 
Figure 1 General block of our proposed method. (a) Data flow chart of the proposed method. The global features and local features are extracted from the skeleton 

sequence. Then, the global features and local features are put into two neural networks to recognize human actions. (b) Hyper parameters of the proposed CNN. The 
flatten layer of the classical CNN is replaced by a self-designed layer, called the GMS layer, which can satisfy the multi-scale learning purpose. (c) Structure of the self-
defined GMS layer. The GMS layer is composed of a global average pooling (GAP) layer, a global max pooling (GAP) layer and a spatial pyramid pooling (SPP) layer 

3.1 Feature Selection 

In many prior methods, the 3D coordinates of joints 
are directly used as input parameters [26], [27]. As shown 
in Fig. 2, 25 joints in total can be captured by Kinect v2.0. 

However, our previous works [29], [30] demonstrate 
that the related coordinate is the better choice because of 
its flexibility and universality. In the proposed method, it 
is recommended to use the coordinates of the "Spine Mid" 
joint in the first frame as the original point. 

Figure 2 Diagram of 25 joints of the human skeleton captured by Kinect 
v2.0 

Since the deep feature is unexplainable, the greatest 
challenge of "end-to-end" methods is manually fine-tuning 
the deep network instead of using algorithms or strategies. 
To address this issue, in the action encoding stage, we 
select explainable features  with significant physical or 

kinematic meanings. These features include 5 quantified 
motion features and a global motion image. 

1) Motion direction of a joint between two frames (θ).
The physical or kinematic meaning of this feature is to 
record the direction variation of a joint in the duration of a 
frame. It contains both spatial and temporal information. 
The context information is essential for describing an 
action. 

According to the translatability of the vector, the 
motion direction in the duration of frames (j − i)  can be 
projected on planes xy, xz and zy, and their values can be 
calculated via the law of cosines. 
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where ｛x, y, z｝ is the position of a joint in the ith frame, 

and ｛∆x, ∆y, ∆z｝ is the displacement of the joint on the 
x, y and z-axes among frames i and j. 

2) Displacement of a joint between two frames (D).
This feature records the spatial variation of a joint in a time 
period. 
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where ｛xi, yi, zi｝and｛xj, yj, zj｝are the coordinates of a 
joint in the i th and j th frames, respectively. 

3) Motion speed of a joint between every two frames
(D'). This feature indicates the motion intensity of a joint 
in a time period. From a physical perspective, it can be used 
to discriminate similar actions. Based on D, D' can be 
easily calculated via Equation 3. 

´=
0 3333

D
D

. n
    (3) 

where 0.3333 is the duration time of one frame (Kinect v2 
records video at 30 fps, i.e., there are 30 frames in a 
second), and n is the number of interval frames. 

4) Joint angles in a frame (α). In the geometrical view,
the set of joint angles of a frame can be partly considered a 
description of the human pose, whereas an MHI-like global 
feature can be quantified by storing the angles in a float 
array in a time sequence. 

Figure 3 Joint angles in the proposed method 

As shown in Fig. 3, there are two types of joint angles: 
one type consists of 3 adjacent joints, and the other consists 
of head, hand, and foot joints. The angles constituted by 
the red dotted lines are designed to help this feature better 
discriminate similar actions. 

5) Variations of the proposed features. To recognize a
human action, it is necessary to consider the immediate 
value of a feature in each frame and its final value in the 
last frame. The collection of the immediate value contains 
valuable context information, whereas the final value is the 
final status of a joint and may include qualitative spatial 
and temporal information. Thus, the immediate motion 

direction  , 1i i 
, final motion direction  0, ,

immediate displacement  , 1i iD 
, and total displacement

 0,D 
 must be extracted for HAR.

6) Sparse motion history image (SMHI). Human
actions, especially complex ones with context information, 
are difficult to recognize when only local features are used. 
Global features can well describe context information. The 
MHI, which is the most classic motion image, can be 
complementary for HAR. Since the temporal or spatial 
overlap problem is not negligible for global features, in the 
proposed method, the dense sampling method of MHI is 
abandoned; only the frames at every 10% interval of the 

action duration are used, and the motion image created in 
this manner is named the sparse motion histogram image 
(SMHI). Fig. 4b shows its comparative advantage over the 
typical MHI. Fig. 4a indicates that the MHIs may 
sometimes confuse an action with another similar action 
because of its dense sampling method. Thus, although this 
sparse sampling method is not the best solution for 
generating MHIs, it is sufficient for describing the motion 
tendency of an action and works as an effective 
complementary feature of the above 5 local features. 

(a) 

(b) 
Figure 4 Comparison of MHI and SMHI. (a) MHIs of "run" and "walk". (b) 

SMHIs of "run" and "walk" 

3.2 Data Augmentation and Motion Matrix Design 

Using CNNs and pre-processing video data to 
recognize human action is a mainstream method of HAR. 
Compared to RNN-, LSTM- and GCN-based methods, its 
greatest advantage is the flexible data structure. Moreover, 
since our selected features are explainable, the action 
samples can be mathematically generated. In the proposed 
method, the data augmentation strategies are designed with 
4 strategies: 

1) Scaling the actor's skeleton to mimic an action that
is conducted by people of different sizes. It is the simplest 
but most effective method to generate action samples. 
Because the proposed method is based on the human 
skeleton and people of different sizes have similar skeleton 
proportions, a new action sample can be easily generated 
by a) multiplying the 3D coordinates of each joint in each 
frame by a coefficient and b) calculating the quantified 
features and generating the SMHI, as introduced in Section 
3.1. 

2) Modifying an action's duration to mimic an action
that is conducted by the same people at different speeds. 
When the CNN is used to recognize human actions, an 
important step is to standardize the size of all samples. 
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However, maintaining the duration of the actions on the 
same scale is very difficult, and the existing uniform 
methods, which are widely used in image classification, 
such as rotation, cutting and scaling, are not suitable for 
HAR. To retain the maximum motion information of an 
action, we propose an algorithm based on the bilinear 
interpolation theory to unify the temporal sizes of the 
action samples. Fig. 5 shows its flow chart, where TN is 
the uniform number of action durations, and TS is the 
frames of the current processing action sample. 

3) Rotating an action's motion direction to mimic an
action that is conducted by the same people at the same 
speed in different directions. Since the gravity line is 
always the y-axis of the depth image, we selected the 
"SpineMid" joint as the origin of the coordinates, and the 
coordinates of other joints in a depth frame are rotated at a 
certain angle around the y-axis. Then, all features of 
Section 3.1 can be similarly extracted. Eq. (4) is used to 
calculate the rotated coordinates of a joint. 
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4) Generating more action samples using a
combination of the above 3 strategies. 

3.3 A Multi-Scale Remoulding Strategy for CNNs 

To address the 3D float matrix with variable size, 
especially variables in the time dimension, we proposed a 
multi-scale CNN remoulding strategy using a spatial 
pyramid pooling (SPP) layer in our previous work. In this 
work, we improve the strategy by combining the SPP layer, 
GAP layer and GMP layer into the GMS layer. Compared 
with the previous work, the accuracy is improved because 
the GAP layer can effectively preserve the global features 
of the hidden layers, whereas the GMP layer can reserve 
the distinguishing features. 

Fig. 6 shows the multi-scale structure of the GMS 
layer. The final output size of the GMS layer can be 
calculated using Eq. 5: 

n

f i
i

L N   P   (5) 

where L is the output length of the GMS layer, Nf is the 
number of feature maps, and P = (P0, P1, …, Pi) is the 
pooling layers in the SPP layer. Taking P = [(4,4), (3, 3), 
(2, 2)] as an example, if we assume that the number of 
feature maps before the SPP layer is 128, the output size of 
the GMS layer is (4×4 + 3×3 + 2×2) × 128 + 128 + 128 = 
3968. 

Figure 6 Structure of the GMS layer with 1 SPP layer, 1 GMP layer and 1 
GAP layer. The pooling parameter of the SPP layer was set as [4, 3, 2]. Thus, 

the output of the GMS layer has a fixed length of 31 dimensions. 

4 EXPERIMENTS AND EVALUATION 

The method was implemented using the TensorFlow 
2.3 GPU version and Keras. The experiments were 
conducted on a desktop computer with an Nvidia GTX-
3060 GPU, Intel Core i7-10700K 3.70 GHz processor and 
64 GB of RAM clocked at 3200 MHz. 

To investigate the effectiveness of our proposed 
methods, we conducted experiments on three datasets: the 
Florence 3D actions dataset [40], UTKinect-Action 3D 
dataset [41] and HanYue Action 3D dataset  (hereafter 
referred to as Florence-3D, UT-3D and HanYue-3D, 
respectively). The first two are small datasets, and the third 
one is a self-collected dataset. Eighty percent of the 
samples for each action in the dataset were used as training 
samples, and 20% of the samples for each action in the 
dataset were used as testing samples. 

4.1 Datasets 

Florence 3D Action Dataset: The dataset was 
collected at the University of Florence in 2012 and 
captured using a Kinect camera. It includes nine actions: 
wave, drink from a bottle, answer phone, clap, tight lace, 
sit down, stand up, read watch and bow. During the action 
data collection process, 10 subjects were asked to perform 
the above actions 2 - 3 times each, which resulted in 215 
activity samples [40]. 

UTKinect Action Dataset: The dataset was collected 
using a single stationary Kinect sensor. There were 10 
actions: walk, sit down, stand up, pick up, carry, throw, 
push, pull, wave hands and clap hands. There were 10 
subjects, and each subject performed each action twice, 
which resulted in 199 activity samples [41]. 

HanYue Action 3D dataset: The dataset was collected 
using a Kinect v2.0 camera. It includes 15 simple action 
types: make a phone call, drink, wave hands, look at a 
watch, pat the dust off the clothe, fall, push a chair, jump 
in place, stand up, stand still, stand clap, walk, sit, sit still, 
and sit clap. Nine subjects were asked to perform the 15 
activities 3 - 4 times. All positions of 25 joints in 3D 
coordinates provided by the Kinect v2.0 sensor were 
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recorded. There are 413 samples in total, and each action 
type contains 35 ~ 37 samples. Additionally, for action 
temporal localization purposes, 4 complex behaviour types 
were collected, each of which contained several of the 
above simple actions. The 4 complex behaviours are: "walk

→fall→stand up→pat the dust off the clothes"; "sit still→

stand up→look at a watch→stand still→look at a watch→
wave hands"; "push a chair→drink→push a chair→drink

→sit down→sit still→stand up→walk"; "sit clap→stand

up →stand clap→jump→wave hands".

Table 1 Comparison of the test accuracy of different CNNs that were trained on the original samples and enlarged samples [29] 
Dataset Score Item leNet-5 AlexNet ZfNet DenseNet121 VGG16 VGG19 ResNet50 

Florence-3D 

based on original samples 79.07% 74.42% 62.79% 20.93% 76.74% 58.14% 37.21% 

based on generated samples 83.47% 90.80% 92.50% 92.87% 87.95% 83.37% 88.80% 

Accuracy improved 4.40% 16.38% 29.71% 71.94% 11.21% 25.23% 51.59% 

UT-3D 

based on original samples 67.50% 67.50% 72.50% 50.00% 65.00% 37.50% 47.50% 

based on generated samples 82.36% 85.87% 91.84% 88.71% 85.44% 83.09% 94.87% 

Accuracy improved 14.86% 18.37% 19.34% 38.71% 20.44% 45.59% 47.37% 

4.2 Evaluation of the Coordinate Transformation Strategy 

To avoid interference caused by the installation 
positions of different cameras, we proposed two coordinate 
transformation methods: global-trans (G-trans) and  
local-trans (L-trans). 

G-trans converts the coordinate system origin to the
"SpineMid" joint in the first frame of an action. Then, all 
of the other frames were set according to the transformed 
origin of the coordinates to reset their coordinates. We 
suggest that G-trans should be used in calculating motion 
features, such as the motion direction of a joint between 
two frames, the motion speed of a joint between every two 
frames, and the motion speed of a joint between every two 
frames. 

L-trans converts the coordinate system origin to the
"SpineMid" joint in the current frame of an action. Since 
L-trans cannot represent the motion information of an
action, we suggest that L-trans is better used to calculate
static or geometrical features, such as the joint angles in a
frame.

4.3 Evaluation of Data Augmentation Strategies 

The small sample problem is a large obstacle to the 
application of deep learning technology. The 3 datasets that 
we adopted have few samples. UT-3D includes 119 action 
samples in total, and each action group contains only 20 
samples. Florence-3D includes 215 action samples in total, 
and each action group contains only approximately 24 
samples. MSR-3D consists of 20 action groups and 567 
action samples in total, and each action group contains only 
27 ~ 30 samples. The samples are insufficient to effectively 
train a CNN, and deep neural networks will suffer from 
overfitting. 

In our previous works [29], [30], the duo-quadratic 
interpolation algorithm, a human skeleton scaling method 
and a temporal translation strategy were adopted to 
generate 3 types of samples. Tab. 1 shows the experimental 
results of our previous work, and the generated "creditable" 
samples are helpful for training CNNs. The term "credible" 
refers to samples that are both reasonable and valuable. 
Unlike traditional data augmentation methods, the samples 
generated using the original version can simultaneously 
mimic people of different sizes performing the same 

action, a certain action being conducted at different speeds, 
or both situations. 

In this paper, we insist on generating "creditable" 
samples and improving the data augmentation strategies. 
As introduced in Section 3.2, rotation of the motion 
direction of an action is added as a new data augmentation 
strategy. 

All of the following experiments were conducted on 
the amplified datasets. 

4.4 Evaluation of the Proposed Multi-Scale CNN 

To enable a CNN to learn deep features from multi-
scale samples, we raised the GSM layer to replace the 
"Flatten" layer of the classical CNNs. Tab. 1 records the 
accuracies of 6 classical CNNs and their modified versions, 
which were tested on UT-3D and Florence-3D, 
respectively. 

Tab. 2 implies that the remoulded CNN performed as 
well as or slightly better than its original version in most 
situations. Furthermore, the remoulded CNNs generally 
performed better when the samples were amplified at 
different scales. The oldest CNN-LeNet achieved 
competitive performance during the experiments because 
the input feature matrix was small. It is unnecessary to use 
a too-deep network. Under the guidance of this ideology, 
we proposed a shallow network (S-GMS) and fine-tuned it 
until it achieved satisfactory accuracy. The structure of 
S-GMS and its parameters are shown in Fig. 1b. In the
remaining experiments, S-GMS was selected as the
backbone.

Table 2 Comparison of the remoulded CNNs and original CNNs 
UT-3D Florence-3D

LeNet-5 
84.62% 77.50%
82.05% 77.50%

AlexNet 
84.62% 82.50%
87.18% 85.00%

ZfNet 
79.49% 70.00%
82.05% 70.00%

VGG16 
77.50% 85.00%
80.00% 87.50%

VGG19 
71.79% 85.00%
61.54% 87.50%

S-GMS
(Our proposed CNN) 

87.18% 87.50%
89.74% 90.00%
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4.5 Ablation Experiment of Motion Feature Combinations 

With the development of vision-based HAR methods, 
increasingly many features have emerged. Some 
researchers have adopted as many features as possible to 
improve the detection accuracy [32]. However, this is not 
the best solution because of the ever-increasing computing 
power demand. In addition, using different features 
without pre-filtering may have side effects on the accuracy. 
To determine the best combination of different features, 
ablation experiments were conducted in 4 steps. 

1) Find the most sensitive feature to HAR and
consider it the baseline. In this paper, there are 4 
explainable features, and their variations are proposed. In 
this step, individual features and their variations were 
tested to determine the most sensitive feature to HAR. As 
shown in Fig. 7, feature C (relative coordinates) achieved 
the best performance and was consequently considered the 
baseline. 

2) Add a new feature to the baseline, compare the
accuracies of different new features, and select the best one 
as the new baseline. 

3) Repeat step 2 until all features have been included.
Then, compare all combinations and confirm the most 
cost-effective one. Tab. 3 records the detailed experiment 
results and shows that it is unnecessary to use all features 
in section 3.1. The combination of "C + D" achieved the 
equally best performance as the entire feature combination. 
Furthermore, "C + D + θ" and " C + D + D" " performed 
worse than "C + D". Thus, an unsuitable feature may have 
side effects on the model, and more features are not 
necessarily better. 

Figure 7 Accuracies of different features and their variations. Feature C 
(relative coordinates) achieved the best accuracy during the experiments, so it 

was selected as the baseline for the remaining experiments 

4) Evaluate the global and local feature combinations.
As a necessary complementary feature, the SMHI provides 
the motion tendency information. 

Table 3 Comparison of the test accuracies of different CNNs 

Baseline 
Adding 
feature 

Accuracy 
UT-3d Florence-3D 

C 

D 89.74% 90.00%
θ 87.18% 87.50%
D' 89.74% 60.00%
α 89.74% 87.50%

C + D 
θ 87.18% 90.00%
D' 87.18% 90.00%
α 89.74% 90.00%

C + D + α 
θ 87.18% 90.00%
D' 89.74% 90.00%

C + D + α + D' θ 89.74% 90.00%

Tab. 4 shows that the SMHI plays an important role 
in all feature combinations. Even the single feature + SMHI 
method achieved satisfactory performance during the 
experiments. However, when a combination includes an 
increasing number of features, the effectiveness of the 
SMHI weakens. The reason is that the proposed features, 
which are derived from classical physics theories, contain 
important temporal information of the HAR, and the 
temporal information can partly reflect the motion 
tendency of the entire body. This finding also proves the 
importance and necessity of selecting explainable features. 

To evaluate the proposed method, we adopted a more 
complex dataset that we collected. This dataset is named 
the HanYue-3D dataset, and it contains similar action 
groups and different temporal scales. Some actions that 
were manually arranged into different action groups are 
very difficult to discriminate. Fig. 8a and Fig. 8b show the 
accuracy curve and loss curve, respectively, during the 
training stage. 

Table 4 Comparison of feature combinations with/without SMHIs. 

Features 
Accuracy 

UT-3D Florence-3D 
C 82.05% 90.00% 

C + SMHI 87.18% 92.50% 
C + D 89.74% 90.00%

C + D + SMHI 87.18% 92.50% 
C + D + α 89.74% 90.00% 

C + D + α + SMHI 87.18% 92.50% 
C + D + α + D' 89.74% 90.00% 

C + D + α + D' + SMHI 92.31% 92.50% 
C + D + α + D' 89.74% 90.00% 

C + D + α + D' + θ + SMHI 94.87% 92.50% 

Figs. 8a and  Fig. 8b)show that the curves remained 
stable after 20 epochs. This result proves that the model, 
explainable features and augmented training samples are 
effective and function well, and the 84.42% accuracy 
proves that the S-GMS can well address complex HAR 
problems. 

(a) 

(b) 
Figure 8Training curves of the S-GMS model tested on HanYue-3D. (a) 

Accuracy curve. (b) Loss curve 
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4.6 Comparison of the State-of-the-Art Methods 

To continue evaluating the proposed method, we 
compared it with 4 typical CNN-based methods. The 
methods of literature [27, 28] are typical representatives of 
the joint coordinate-based methods, whereas the methods 
of literature [40, 41] are dataset collection methods. 
Selecting these 4 methods for comparison can effectively 
prove the superiority of our proposed method. The results 
of these methods are recorded in Tab. 5. 

Table 5 Comparison with related CNN-based methods 
Method Dataset Accuracy

Joint coordinates [27] 
Florence-3D 67.50% 
UT-3D 82.05%

Arranged joint coordinates [28] 
Florence-3D 70.00% 
UT-3D 79.49%

Dataset creators' method [40] 
Florence-3D 82.20% 
UT-3D

Dataset creators' method [41] 
Florence-3D  
UT-3D 90.92%

Our Method 
Florence-3D 92.50% 
UT-3D 94.87%

Tab. 5 indicates at least 3 points. 
1) Coordinate transformation is necessary and

essential for feature extraction. Because the camera can be 
installed at any location, the direct usage of the original 
coordinates will inevitably result in a database-oriented 
problem. The proposed G-trans and L-trans strategies can 
effectively address this issue. 

2) The use of the explainable feature is helpful for
both action quantification and data augmentation. 
Compared with features that are extracted from a statistical 
viewpoint, the proposed features generated from a physical 
or kinematic viewpoint are more explainable. Thus, it is 
much easier to fully quantify the actions using limited 
features, and explainable features are much easier to find 
than a priori theories of physics and kinematics for data 
augmentation purposes. 

3) Feature selection is more important than computing 
all features. The experiments effectively proved this point. 
When the number of features decreases, a deeper neural 
network is not better. A shallow network can efficiently 
achieve satisfactory performance. 

The proposed method achieved the best performance 
in the experiments. Nonetheless, the skeleton-based 
method has inherent shortcomings. First, the best 
observation distance is 1.1 ~ 5 metres. Compared with the 
monocular camera, the observation distance is too short to 
be applied in outdoor environments. Second, the frequent 
monitoring deviation may cause all skeleton-based 
methods to have incorrect judgment. Finally, the estimated 
joint coordinates provided by the Kinect sensor always 
substantially deviate from their real values, which should 
be improved when some similar actions are differentiated. 

5 CONCLUSIONS 

This study presented a novel approach to HAR using 
explainable features and sparse motion history images. By 
carefully selecting a limited set of informative features and 
introducing the SMHI, we have demonstrated that efficient 
and accurate HAR can be achieved without relying on 
extensive feature sets. Our method outperforms several 

state-of-the-art approaches on three datasets while 
maintaining computational efficiency. The use of skeleton 
data ensures user privacy and makes our approach suitable 
for sensitive applications. Future work should focus on 
extending this method to more complex action sequences 
and exploring its potential in real-time applications. This 
research contributes to the ongoing effort to make HAR 
systems more interpretable, efficient, and practical for 
widespread deployment. 
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