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Abstract—Human action recognition (HAR) plays a vital
role in many real-world applications, such as sports. However,
illumination changes and complex backgrounds make video-
based HAR highly challenging. Skeleton-based HAR (SHAR)
alleviates these issues by representing human motion using
structured joint coordinates, which are less sensitive to variations
in illumination and background. Despite recent progress, popular
deep neural network based approaches to SHAR often rely on
large-scale labeled data and offer limited interpretability. To
address these limitations, we explore genetic programming (GP)
as an alternative that can automatically construct discriminative,
human-interpretable motion descriptors from skeleton sequences.
In this work, we propose a GP-based approach, named Skele-
tonGP, which extracts informative geometric, motion, statistical,
and correlation features via a multi-layer feature extraction
framework. The performance of our approach is evaluated on a
popular skeleton-based HAR dataset (Penn Action dataset). The
results suggest that the proposed SkeletonGP approach achieves
competitive performance compared to deep neural network
methods, while providing a promising interpretable solution.
Furthermore, the ablation study demonstrates the importance
of adding a statistical and correlation feature extraction layer on
top of the geometric and motion feature extraction layer.

Index Terms—Skeleton-based Human Action Recognition, Ge-
netic Programming (GP), Multi-layer Feature Extraction.

I. INTRODUCTION

HUMAN action recognition (HAR) is the task of recog-
nizing human actions from a set of predefined categories

based on sensor observations (e.g., videos, depth maps, skele-
ton sequences), by modeling the spatio-temporal dynamics of
human actions [1]. HAR is a highly active research area in
computer vision and has a wide range of real-world appli-
cations, such as sports [2], human-computer interaction [3],
video surveillance [4], robotics [5], and healthcare [6]. This
topic has been investigated using different types of data,
including RGB videos, depth videos, and body skeleton joints.
Skeleton-based human action recognition (SHAR) has gained
significant attention because it is not affected by background,
clothing, or lighting, and it provides precise body pose infor-
mation in the form of 2D or 3D coordinates of the body joints.
In recent years, rapid advances in AI techniques have made it
much easier to extract accurate human-skeleton data directly
from video without relying on additional sensors [1].

Skeletons can be considered as graphs, where the vertices
correspond to the skeleton joints and the edges represent

the connections between joints. Since Graph Convolutional
Networks (GCNs) were introduced [7], Chen et al. [8]
demonstrated the effectiveness of GCNs in capturing spatio-
temporal skeleton features. The remarkable success of the
Transformer [9] for modeling sequential data through the self-
attention mechanism has inspired numerous studies to adopt
transformers for SHAR. Transformer-based methods assign
attention weights to different joints and frames, which allow
the model to focus on the most representative spatial and
temporal parts in each sequence[10], [11]. In certain cases,
attention-based methods are combined with GCNs to achieve
robust action representation [11], [12].

Although deep neural network–based (DNN-based) methods
have achieved strong performance in SHAR, they suffer from
two key limitations. Firstly, they typically require a large
amount of labelled training data. However, large-scale annota-
tion is often costly, particularly in sports scenarios and other
domain-specific scenarios, where accurately labelling profes-
sional actions demands domain-specific expertise. Secondly,
owing to their black-box nature, these methods provide limited
interpretability. In sports action recognition, interpretability
is often important for coaching staff, as it enables targeted
analysis and refinement of athletes’ movements.

Genetic programming (GP) offers a promising solution.
Compared with DNN-based approaches, the potential inter-
pretability of GP makes it well suited for analysing actions
in interpretability-critical scenarios. Moreover, GP’s flexibility
and feature-extraction capability suggest strong potential for
extracting and constructing effective information from skeleton
data. Therefore, this paper proposes a novel GP approach to
SHAR. The main contributions of this paper are summarized
as follows:

• To the best of our knowledge, this is the first attempt
to apply GP to skeleton-based human action recogni-
tion, which can achieve competitive recognition accuracy
while also exhibiting promising interpretability.

• A novel GP approach is proposed, which adopts a new
representation, along with a new function set and a new
terminal set, to extract multi-level features from skeleton
data, including geometric and motion features such as
angles, velocities, accelerations, and displacements, as
well as statistical and correlation features derived from
these geometric and motion features.



2

• To examine the effectiveness of the proposed method,
we compare it against mainstream DNN-based SHAR
methods on a popular SHAR dataset.

II. RELATED WORK

A. Traditional Machine Learning and DNN-based Methods
for SHAR

Early studies employed machine learning to extract hand-
crafted features from skeleton joint sequences, typically in-
cluding joint motion trajectories, spatio-temporal descrip-
tors, and rotation angles. For motion trajectories, Hussein
et al. [13] partitioned each skeleton sequence into multiple
subsequences and computed covariance matrices to capture
trajectory-related joint dynamics. For spatio-temporal features,
Xia et al. [14] proposed using histogram-based representations
to model the spatio-temporal position variations of the arms
and legs, thereby mining fine-grained motion details from
the underlying features. For rotation-angle features, Alan et
al. [15] computed key-joint angles from Kinect skeleton data
and combined them with the relative positions among the
head, spine, and hands to characterize limb motion trends,
then organized continuous action representations into action
sequences for classification. Although these machine learning
methods achieve good performance in action recognition, their
reliance on handcrafted features imposes clear limitations in
terms of generalization and efficiency.

DNN-based methods currently dominate the field of SHAR,
with mainstream approaches primarily built on GCNs and
attention-based architectures. Yan et al. [16] introduced ST-
GCN to model the spatial and temporal relationships among
the joints in a skeleton sequence. This pioneering work marked
the first successful application of GCNs for skeleton-based
action recognition, and became the main component for nu-
merous methods.

A Transformer-based action recognition method can glob-
ally model the dynamic variations of joints within skeleton
sequences, enabling more precise representation of joint inter-
actions throughout the action [17]. Plizzari et al. [18] proposed
a spatio-temporal Transformer network that decouples spatial
and temporal dimensions of human motion. The spatial at-
tention module learns the intra-frame joint interactions, while
the temporal attention module models the inter-frame motion
dynamics.

Although DNN-based methods have achieved strong perfor-
mance in SHAR, they still suffer from a reliance on large-scale
labeled data and limited interpretability.

B. GP for Human Action Recognition

Liu et al. [19] proposed a GP-based method to automatically
learn spatio-temporal motion descriptors for action recogni-
tion, rather than handcrafted features. GP evolves multi-layer
feature descriptors from a predefined set of primitive 3D
operators (e.g., 3D-Gabor and wavelet) to extract scale- and
shift-invariant representations from both color and optical-
flow sequences. This work demonstrates the potential of GP
for action recognition. However, directly processing color and
optical-flow sequences leads to a high computational cost and

a much longer GP runtime. In addition, there has not been any
GP approach with skeleton features reported to date.

III. PROPOSED METHOD

In this section, we first present the overall algorithm. We
then detail the architecture of the new GP-based framework,
followed by a description of the proposed function set, termi-
nal set, and the fitness function used for evaluation. Finally,
we report the experimental setup and results.

A. Algorithm Overview

In SkeletonGP, firstly, an initial population of GP individuals
are randomly generated using ramped half-and-half for pro-
gram generation based on the SkeletonGP representation. Each
individual extracts a set of high-level features from the input
skeletons, and then the features are fed into a linear support
vector machine (SVM) to predict the action class. The linear
SVM will perform a 5-fold cross-validation on the training
set, and the average value of the classification accuracy is
used as the fitness value of that individual program. After
completing the fitness evaluation, parent individuals will be
selected by tournament selection and then the offspring will
be generated by genetic operators such as subtree crossover,
subtree mutation, and elitism. This process is repeated for a
number of generations, and finally the best individual program
is returned as the trained model.

In the testing process, the high-level features are first
obtained by feeding the test set samples to the GP solution.
Then the extracted high-level features are fed into the linear
SVM to obtain the classification results using the same process
as training.

B. Program Structure

Fig. 1 illustrates the proposed tree structure and an example
GP individual, where different colours indicate different layers.
The SkeletonGP tree structure is built based on strongly typed
GP (STGP)[20], which is capable of evolving programs with
functions or terminals that operate on the appropriate data
types. Based on STGP, SkeletonGP adopts a multi-layer tree
structure comprising an input layer, a geometric and motion
feature extraction layer, an optional statistical and correlation
feature extraction layer, a feature concatenation layer, and
an output layer, with different function types assigned to
each layer. The terminals are joint coordinate sequence (JCS)
extracted from a skeleton sample, and each leaf node is a single
joint’s T ×2 coordinate sequence, where T is the number
of frames. The geometric and motion layer derives joint-to-
joint distances and their variations, as well as joint angles and
frame-to-frame angle changes, from the input joint coordinate
sequence (JCS). The statistical layer, highlighted by the dashed
box in Fig. 1, further computes segment-wise max/min/mean
statistics and inter-feature dependency measures, including
Pearson correlation, covariance, and mutual information, on
the geometric/motion outputs. This layer may exist or be
absent in SkeletonGP trees, allowing SkeletonGP to output
only geometric/motion features for simpler tasks or to combine
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Fig. 1. The new program structure of SkeletonGP and an example program
of SkeletonGP.

them with statistical features for more complex recognition.
Finally, the feature concatenation layer merges the features
from child nodes into a single feature vector, which will be
fed into a linear SVM for classification. =

C. Terminal Set

In SkeletonGP, the terminal set contains a single type,
namely the JCS extracted from each skeleton sample. A
skeleton sample is a temporal sequence of T frames, each
providing 2D coordinates for a set of body joints. For each
joint, we represent its trajectory as a T ×2 JCS, and each leaf
node corresponds to one joint’s T × 2 sequence. This design
offers two key benefits: 1) it supports subsequent geometric,
motion, statistical, and correlation feature extraction; and 2)
it improves interpretability by allowing explicitly revealing
which joint-based distances, angles, and related features con-
tribute to recognition.

D. Function Set

There are three different types of functions in the function
set of SkeletonGP: geometric and motion feature extraction
functions, statistical and correlation feature extraction func-
tions, and feature concatenation functions. The input and
output data types of the three different types of functions,
along with their brief descriptions, are summarized in Tables I,
II, and III. The followings are detailed introductions to these
operators.

Distance-Different: This function randomly selects two
joints from all joints in a skeleton sequence and computes
the Euclidean distance between them at each frame. The
dimensionality of the output feature vector equals the number
of frames in the sample. Frame-wise distances between 2
different joints can capture the temporal dynamics of human
action.

Distance-Same: For a given joint, this function computes
Euclidean distances between consecutive frames (t, t + 1)
and between the first and last frames, producing an output
feature vector with length equal to the number of frames.
These distances directly quantify the joint’s motion magnitude.

TABLE I
GEOMETRIC AND MOTION FEATURE EXTRACTION FUNCTIONS

Functions Input Output Description
Distance-Different 2 different JCSs Vector Frame-wise distance be-

tween 2 different joints
Distance-Same 1 JCS Vector Distance of the same joint

between different frames
Angle 3 different JCSs Vector Frame-wise angle between

3 different joints
Angle-delta 3 different JCSs Vector Frame-to-frame angle dif-

ference among three joints
Distance-delta 1 JCS Vector Second-order frame-to-

frame distance of the
same joint

Distance-diff 2 different JCSs Vector Frame-wise distance vari-
ation between 2 joints

TABLE II
STATISTICAL AND CORRELATION FEATURE EXTRACTION FUNCTIONS

Functions Input Output Description
Segment-wise-Max Vector Vector The maximum values of FSEC
Segment-wise-Min Vector Vector The minimum values of FSEC
Segment-wise-Mean Vector Vector The mean values of FSEC
Covariance 2 Vectors Vector Calculate the covariance of

FSEC of the input two vectors.
Pearson-correlation 2 Vectors Vector Calculate the Pearson correla-

tion of FSEC of the input two
vectors

Mutual-Information 2 Vectors Vector Calculate the mutual informa-
tion of FSEC of the input two
vectors

THCD 3 Vectors Vector Calculate the segment-wise co-
variance matrix among the
three vectors

Note: FSEC is an abbreviation for “the first half, the second half, and the
entire sequence”.

Angle: This function calculates the angle formed by three
different joints for every frame in the sequence. The dimen-
sionality of the output feature vector equals the number of
frames in the sample.

Angle-delta: This function computes the per-frame angle
defined by three joints and then takes frame-to-frame angle
differences (t, t + 1), plus a first-last difference, producing
a vector whose length equals the number of frames. These
differences capture joint flexion-extension speed and help
distinguish actions with similar poses but different angular
change rates (e.g., slow vs. fast running).

Distance-delta: This function computes frame-to-frame Eu-
clidean distances for a given joint and then takes differences
between consecutive distances, and a first-last difference,
producing a feature vector whose length equals the number
of frames. The resulting second-order distance acts as an
acceleration-like cue, capturing higher-order joint dynamics
that are informative for explosive or rapid movements.

Distance-diff : This function computes the per-frame Eu-
clidean distance between two joints and then takes frame-
to-frame differences, and a first-last difference, producing
a vector whose length equals the number of frames and
capturing distance variation over the action.

Segment-wise-Max, Segment-wise-Min, and Segment-
wise-Mean compute the maximum, minimum, and mean val-
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ues over the first half, second half, and the entire input
vector, respectively. These statistics summarize phase-wise and
global extrema and averages of angle/displacement sequences,
capturing peak and low-amplitude configurations (e.g., most
flexed/contracted states) and average motion intensity in differ-
ent temporal stages, producing noise-robust and discriminative
features for skeleton-based action recognition.

Covariance: This function computes the covariance between
two input vectors over the first half, the second half, and the
full sequence. The resulting segment-wise covariances capture
inter-joint motion coordination (e.g., between angles and their
velocities), which is highly discriminative for action recog-
nition. For instance, kicking often exhibits strong covariance
between leg angle and leg angular velocity.

Pearson-correlation: This function computes Pearson cor-
relation coefficients between two input vectors over the first
half, the second half, and the full sequence. These segment-
wise correlations quantify whether the two feature sequences
vary synchronously (positive or negative), providing robust and
discriminative cues for skeleton-based action recognition.

Mutual-Information: This function computes mutual infor-
mation [21] between two input vectors over the first half, the
second half, and the full sequence. Unlike covariance and
Pearson correlation, which capture only linear dependence,
mutual information measures nonlinear inter-joint coordination
and is therefore well suited to complex actions.

Temporal Hierarchical Covariance Descriptor: This func-
tion computes covariance matrices over three temporal seg-
ments (first half, second half, and full sequence) for three
feature vectors (e.g., angles or displacements). For each
symmetric matrix, only the six upper-triangular elements are
retained, yielding an 18-dimensional output across the three
segments.

FeaCon2 and FeaCon3 are able to connect two and three
feature vectors from the feature extraction layer into one
feature vector, respectively. Additionally, FeaCon2 can be used
as an input to either FeaCon2 or FeaCon3, and the same goes
for FeaCon3.

TABLE III
FEATURE CONCATENATION FUNCTIONS

Functions Input Output Description
Feacon2 2 Vectors Vector Concatenate two vectors into one

feature vector
Feacon3 3 Vectors Vector Concatenate three vectors into one

feature vector

E. Fitness Evaluation

SkeletonGP uses K-fold cross-validation on the training set
to evaluate each GP individual. The training set is divided
into K folds, where K−1 folds (referred to as the evaluation
training set) are used to train a classifier, while the remaining
fold (the evaluation test set) is used to evaluate the trained
classifier. This process is repeated K times. The fitness of each
GP individual is calculated as the average accuracy across all
K evaluation test sets. Due to the limited size of the training
set, K is set to 5.

IV. EXPERIMENT SETUP

To verify the proposed method, a series of experiments are
designed in this section. This section introduces the dataset,
the setup of the comparison methods and the related parameter
settings.

A. Datasets

Experiments were performed on the Penn Action
dataset [22]. The Penn Action dataset contains 15 action
classes (e.g., baseball swing, golf swing, and tennis serve) and
2,326 RGB video sequences collected from multiple sports,
each with manually annotated 2D skeleton joint keypoints,
and is widely used for SHAR.

Since the original Penn Action dataset contains sequences of
varying lengths, we perform a preprocessing step to facilitate
model training and evaluation. All original samples contain
more than 16 frames, so we uniformly sample 16 frames from
each sequence to construct a new dataset with sequences of
same length. The official split of the Penn Action dataset
consists of 1,258 training samples and 1,068 test samples.

B. Methods for Comparisons

We compare our approach against various mainstream
skeleton-based action recognition approaches on the Penn
Action dataset, including ST-GCN [16], 2S-AGCN [23], MS-
G3D [24], and UNIK [25]. ST-GCN is the first work to
apply GCNs to SHAR and has become a widely used base-
line. 2s-AGCN introduces adaptive graph learning (learnable
adjacency) and a two-stream joint/bone architecture, where the
bone stream uses adjacent-joint difference vectors and the two
streams are fused for improved accuracy. MS-G3D proposes a
unified spatiotemporal graph convolution (G3D) operator and
combines it with multi-scale graph convolutions to capture
long-range dependencies more effectively. UNIK learns data-
driven spatiotemporal relations via learnable dependency ma-
trices within a unified framework, aiming to improve general-
ization beyond fixed, hand-crafted graph topologies.

C. Parameter Settings

In SkeletonGP, the size of the population is 200 and the
maximal number of generations is 50. The depth of the indi-
viduals in the initialised population is from 2 to 6. SkeletonGP
initializes the population using the ramped half-and-half pop-
ulation initialization strategy. During the evolutionary process,
bloat may occur, that is, the size of the individuals keeps
increasing but the performance is not improved. Therefore,
the maximal depth of individuals in the evolution process is
set to 8 to alleviate this problem. Tournament selection with a
tournament size of 5. For the genetic operators, the crossover
probability is 0.8, the mutation probability is 0.19, and the
elitism probability is 0.01. These parameter values are set
based on common practice [26]. The proposed algorithm is in-
dependently run 30 times. Unless otherwise stated, all settings
for the compared methods follow their original papers [24],
[23], [16], [25].
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V. RESULTS AND DISCUSSIONS

A. Ablation Study

We evaluate the effect of the statistical layer on the Penn
Action dataset by comparing the proposed method with the
statistical layer against a variant without using the statistical
layer. All experiments are independently repeated 30 times. A
Wilcoxon rank-sum test is conducted at the 5% significance
level to evaluate the statistical significance of the performance
improvements. For the Wilcoxon test results, “+” indicates
that proposed SkeletonGP performs significantly better than
the variant without using the statistical layer.

TABLE IV
ABLATION EXPERIMENT RESULTS ON THE PENN ACTION DATASET.

Methods Accuracy(%)(Mean ± Std)
SkeletonGP(without statistical feature layer) 70.53±5.87+
SkeletonGP 84.28±2.67

From the results in Table IV, the proposed method achieves
nearly 14% higher mean accuracy than the variant without
the statistical layer over 30 runs on the Penn Action dataset.
This result is reasonable, since an action typically involves
coordinated movements across multiple joints; therefore, ex-
tracting inter-joint coordination features on top of the first-
layer geometric and motion features is necessary.

B. Comparison with DNN-based Methods

In the Table V, “*” denotes SkeletonGP’s best accuracy over
30 independent runs, while “†” denotes the mean accuracy
and standard deviation. It is important to note that we used
the best result of SekletonGP here, since those DNN-based
methods mostly reported the best results (or those papers did
not explicitly state whether the results are the best among
multiple runs or that of a single run). As shown in Table V,
SkeletonGP achieves a best accuracy of 88.05% using JCS
as input, and its performance is highly competitive to deep
neural network methods that also rely solely on joint data. This
result demonstrates that the proposed GP-based framework can
effectively capture discriminative motion patterns.

TABLE V
COMPARISON WITH BASELINE METHODS ON THE PENN ACTION DATASET.

Methods Modality Accuracy (%)
ST-GCN [16] Joint 89.6
2s-AGCN [23] Joint 89.5
MS-G3D [24] Joint 88.5
UNIK [25] Joint 90.1
SkeletonGP (Ours) Joint 88.05∗
SkeletonGP (Ours) Joint 84.28±2.67†

C. Further Analysis

This GP individual program constructs a spatio-temporal
motion descriptor from selected joints (J0–J12). In the Penn
Action dataset, the mapping between joint indices and joint
names is summarized in Table VI. As shown by the evolved
GP program in Fig. 2, in the geometric and motion feature

extraction layer, the best individual employs inter-frame dis-
placements of the left/right wrists (J5/J6) and their temporal
differences, inter-frame displacements of the left/right ankles
(J11/J12), and shoulder–elbow–wrist angles for both arms.
These primitives are effective because wrist-end trajectories
are prominent in actions in baseball swing/pitch, tennis fore-
hand/serve, and guitar strumming, and fine-grained differences
are often reflected in wrist motion amplitude and peak speed.

TABLE VI
JOINT INDEX MAPPING IN PENN ACTION

Idx Joint Idx Joint Idx Joint
J0 Head J5 Left wrist J9 Left knee
J1 Left shoulder J6 Right wrist J10 Right knee
J2 Right shoulder J7 Left hip J11 Left ankle
J3 Left elbow J8 Right hip J12 Right ankle
J4 Right elbow

In the statistical and correlation feature extraction layer, the
best individual employs the Pearson correlation between the
inter-frame displacement sequences of the left ankle (J11) and
right ankle (J12), together with the segment-wise maximum
of the temporal difference of the right-wrist (J6) inter-frame
distance, which approximates stage-wise peaks in wrist ac-
celeration. These operators are effective because many Penn
Action classes are symmetric (e.g., jumping jacks, jump rope,
bench press, and squat), where left–right ankle coordination
is discriminative. They are also informative for swing- and
serve-type actions (e.g., baseball swing/pitch, golf swing, and
tennis serve), where stage-wise right-wrist peak acceleration
captures fine-grained motion dynamics.

By evolving compact symbolic programs instead of optimiz-
ing large-scale neural networks (the mainstream model UNIK
contains approximately 3.45 million parameters), SkeletonGP
significantly reduces model complexity and computational
requirements while achieving competitive recognition perfor-
mance. Unlike DNN-based models that rely on gradient-based
optimization and GPU-intensive training, SkeletonGP employs
an evolutionary search process, reducing reliance on large-
scale labeled data and expensive computational resources.
This capability is particularly promising for deployment in
real-world, resource-limited environments, such as edge de-
vices deployed in sports venues or wearable systems, where
computational resources and labeled training data are both
constrained.

VI. CONCLUSIONS

The goal of this paper is to develop a novel GP-based
method for SHAR. This goal has been successfully achieved
by developing a new GP program structure of multiple feature
extraction layers, including a geometric and motion feature
extraction layer, an optional statistical and correlation feature
extraction layer, and designing a new function set with various
operators (e.g., angle and distance computations), and using
joint coordinate sequences as the terminal set. The new method
was examined and compared with several modern DNN-
based methods on the Penn Action action dataset, which
is regarded as a benchmark for SHAR. The results suggest
that the proposed GP approach, SkeletonGP, achieved very



6

Fig. 2. An example program of SkeletonGP on the experiment of Penn Action
dataset.

competitive accuracy performance to the recent DNN-based
methods. More importantly, the evolved recognition models by
the new GP method are much more interpretable than those
learned by deep neural networks with millions of parameters.

A key limitation of DNN-based methods is their black-
box nature, which makes it difficult to interpret the deci-
sion process despite strong predictive performance. In con-
trast, SkeletonGP outputs an explicit symbolic program built
from interpretable primitives (e.g., joint angles, distances,
and velocity-related measures), enabling fine-grained analysis
of joint-level motion patterns. This interpretability can help
coaches and athletes identify the most influential inter-joint
angles, joint-wise motion magnitudes and accelerations, and
coordination patterns within an action, providing valuable cues
for performance analysis.

In the literature, we have found that dual-stream deep neural
networks have used both the joint and the bone modalities
for improving the performance. As a future work, we will
extend SkeletonGP to a multi-tree GP framework. In this
framework, separate trees will extract joint- and bone-based
features, and an additional fusion tree will explicitly com-
bine features across modalities. This extension is expected
to further improve recognition accuracy while preserving the
interpretability and efficiency of the proposed approach.
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