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Abstract

With the continuous growth in the scale of student physical health (SPH) monitoring
data, annually sampled time-series records provide a valuable foundation for risk early
warning. However, traditional models often fail to capture multi-year developmental
trajectories of individuals, resulting in delayed intervention for students at potential health
risk. This study aims to develop a Transformer-based Student Physical Anomaly Detection
System (TSPADS), which is a dedicated intelligent software system to enable effective and
timely anomaly detection in SPH data. The proposed TSPADS is built on the Transformer
architecture and incorporates a novel masked anomaly-attention mechanism to learn
implicit long-span dependencies in SPH data. A density-based clustering algorithm is
then applied to distinguish anomalies and automatically generate hierarchical warning
signals. Comprehensive experiments were conducted on a public multimodal movement
and health dataset. The results demonstrate that TSPADS achieves high effectiveness and
efficiency in both anomaly detection and classification tasks. The system shows strong
potential to assist educational administrators and physical education teachers in providing
timely, personalized health guidance, thereby addressing a critical gap in existing student
health monitoring approaches.

Keywords: anomaly detection; time series analysis; student health monitoring; deep
learning; educational data mining

1. Introduction
The deep integration of computer technology and software tools has become a sig-

nificant driving force in innovation in science, technology, engineering, and education.
Students’ physical health (SPH) has always been a concern in both the education and
public health areas, as it is closely related to the comprehensive development of adolescents
and the future reserve of national human resources. However, large-scale longitudinal
monitoring data show that several key physical fitness measures have sharply declined,
especially in adolescents’ cardiorespiratory endurance in recent decades [1–4]. Evidence
from [4] indicated that the pandemic-induced deterioration in cardiorespiratory endurance
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among adolescents persists, even after the removal of COVID-19 restrictions. Furthermore,
the research findings in [1] demonstrate a consistent downward trend from 2010 to 2019
in boys’ physical capacities, including flexibility, explosive power, and muscular strength.
Those phenomena reveal potential downward risks to the future physical fitness of ado-
lescents. Meanwhile, multidimensional physical fitness data of student populations are
continuously collected and accumulated on an unprecedented scale Such rich multidi-
mensional time-series data provide a solid foundation for in-depth analysis of changes
in SPH. Nevertheless, traditional fitness evaluation and analysis methods are relatively
outdated, mainly focusing on annual static scores and one-time pass/fail judgments [5,6].
These methods ignore individual temporal trends, making it difficult to quickly detect and
warn potential anomalies. Therefore, in the dual background of national emphasis and
data proliferation, it is necessary to explore more advanced time-series analysis methods to
monitor the evolution of SPH.

The current SPH system easily ignores dynamic changes in data that fail to com-
prehensively reflect developmental pathways of students’ physique. Typically, even if
the performance of a student in a given year meets the passing standard, an abnormal
decrease compared to previous years might be masked by static evaluation. Conversely, a
student with weaker foundational skills who makes significant progress in a given year
might still be categorized as failing under static criteria, failing to capture the extent of
progress [7,8]. In addition, fitness is influenced by various factors, resulting in vastly
different health change patterns between students. The authors of [9] verified both fat-free
mass, chronological age, and age at peak height velocity as significant determinants of
physical fitness performance in students. Similarly, as noted by refs. [10,11], behavioral
and lifestyle factors such as learning motivation and living habits can also impact SPH.
Fluctuations that fall within the normal range according to population-level standards
may actually represent abnormal signals for specific individuals. However, traditional
methods lack comprehensive interrelationships among multidimensional metrics, making
it difficult to adopt the complexity and individualization of time-series SPH monitoring
data [12,13]. These limitations have driven us to search for more intelligent and dynamic
anomaly detection methods.

Deep learning models designed for time-series data have provided a new technical
approach of monitoring SPH in recent years [14–17]. In the classic recurrent neural network
(RNN) architecture, state information is recursively updated across a sequence, where
the resulting prediction or reconstruction loss is used as evidence of anomalies. How-
ever, RNN is prone to vanishing gradients during the training process, making it difficult
to stably retain information across long time intervals. Furthermore, their inherently se-
quential recursive computation limits parallelization, resulting in reduced training and
inference efficiency in long-sequence scenarios. These drawbacks hinder its use in appli-
cations requiring the real-time monitoring of long-span SPH data. As a key architectural
innovation, Transformer replaces recursive structures with a self-attention mechanism,
thereby eliminating time-step recursion for sequence modeling. This mechanism not only
facilitates parallelization, but also directly establishes connections between any two points
in time. For multidimensional SPH data, multi-head attention can capture various interac-
tions across different subspaces, enabling the model to learn both long-term trends and
multidimensional covariations within a unified framework. The variant of Transformer
for time-series tasks has also developed a relatively systematic research lineage, which
provided a reusable technical foundation for modeling SPH data with long sequences and
complex patterns.

Nevertheless, the application of Transformer-based technology to anomaly detection
and early warning of SPH still faces two key challenges: (1) SPH data are usually collected
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annually, with the time span covering the entire academic period or even longer. Although
the sequence length may not be large, the data generally suffer from problems such as long
time intervals, missing measurements, and unevenness, which will weaken the model’s
ability to capture long-term dependencies and trends of slow variables. (2) Existing meth-
ods typically produce binary results (normal or abnormal), while frontline management
require more detailed explanations regarding the types and causes of abnormalities. In
response to these challenges, we introduce a Transformer-based Student Physical Anomaly
Detection System (TSPADS). Through an improved attention mechanism, our TSPADS
model captures meaningful patterns in long-span longitudinal SPH data better than ex-
isting deep learning and Transformer-based methods. To enable graded warnings for
abnormal physical conditions, an anomaly discrimination and grading module that fuses
DBSCAN clustering with maximum similarity matching, distinguishing between different
severity levels and types of anomalies. This establishes a basis for proactive prevention
and intervention of student health issues. In summary, this study makes the following
innovations and contributions based on the technical framework mentioned above:

• We present a novel system named TSPADS for anomaly detection in time-series
SPH data, which facilitates the analysis of long-sequence fitness signs and proactive
health management.

• We construct an anomaly discrimination and classification module that fuses clustering
analysis to realize fine-grained classification of anomalies. Compared to traditional
single anomaly alerts, our system can further distinguish between different types or
patterns, thereby enhancing the interpretability and practicality of the results.

• We explore the potential application scenarios of TSPADS in the management of sports
science education. The results of the experiment on the public motion monitoring
dataset validate its superior performance.

2. Related Work
We have divided the relevant research into two main sections. First, we explore the

characteristics and challenges of anomaly detection data in physical education. Next, we
discuss machine learning methods applied to anomaly detection.

2.1. Characteristics of SPH Data and Challenges in Anomaly Detection for Physical Education

In physical education (PE), students typically undergo physical health assessments
annually, generating a continuous longitudinal data record that spans multiple years.
Consequently, SPH data are commonly represented in the form of time series [18,19],
exhibiting significant temporal dependencies as well as multidimensional complexity
due to the diverse composition of fitness indicators. In PE practice, these longitudinal
records are not only used for reporting, but also serve as evidence to understand students’
development trajectories and to inform timely instructional support. The following features
of this data pose substantial challenges for anomaly detection.

Firstly, the SPH data demonstrate strong temporal characteristics, which increase the
difficulty of identifying anomalous patterns over the years. Specifically, physical fitness
indicators exhibit certain regularities and trends as they age and progress through different
stages of physical development [20]. If a student’s performance in a particular year differs
significantly from their historical trend, this can signal a potential anomaly. To successfully
identify anomalous patterns that emerge over multiple years, models must have strong
long-range memory capabilities [21].

Secondly, SPH data are multidimensional and interdependent, making traditional
univariate methods inadequate for effectively characterizing complex abnormal patterns.
SPH data typically contain multiple physical indicators that often show complex correla-
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tions among these indicators and specific combination patterns. Guan et al. [22] noted that
under normal circumstances, different fitness indicators tend to develop in a coordinated
manner or maintain a form of dynamic equilibrium. Consequently, anomalies may not
only present as extreme values in individual indicators but are more likely to emerge as
imbalances in coordination among multiple indicators. It is necessary to develop detec-
tion models capable of comprehensively analyzing and modeling relationships among
multidimensional indicators.

Thirdly, SPH data inherently contain measurement noise and variability, which sig-
nificantly amplify uncertainty and error risk in anomaly detection results. As a result,
how to effectively utilize relevant indicators and eliminate irrelevant or noisy dimensions
during anomaly detection has become a huge challenge [23]. This issue is corroborated by
the research of King-Dowling et al. [24], who demonstrate that SPH data are inevitably
affected by measurement errors and situational factors, such as the transient physical or
psychological states of students during the testing. Therefore, anomaly detection meth-
ods must exhibit robustness, allowing them to effectively distinguish short-term, random
fluctuations, and meaningful abnormal patterns.

Finally, category imbalance and group differences further intensify the difficulty of
establishing a stable normal baseline. On the one hand, in real-world student populations,
the majority of individuals exhibit normal ranges of physical development, while the
proportion of students with genuine health abnormalities is relatively low [25]. On the
other hand, there are significant individual differences between the student group in terms
of age, sex, and regional background, leading to substantial variation in the normal fitness
ranges between different subgroups. Therefore, an effective anomaly detection system
needs to take into account both population-level modeling and individualized analysis.
In other words, such systems should establish a reasonable global normal pattern while
simultaneously detecting deviations relative to each individual’s historical baseline [26].

2.2. Applications of Machine Learning Methods in Anomaly Detection

Before the rise of deep learning, numerous classical statistical and machine learning
methods had already been widely applied to anomaly detection tasks [27]. Common meth-
ods include simple statistical threshold detection, principal component analysis (PCA),
k-nearest neighbors (KNN), local outlier factor (LOF), and one-class support vector ma-
chines (OC-SVM) [28,29]. However, they suffer from several notable limitations.

In practical applications, researchers typically need to manually select or construct
features based on experience to suit specific algorithms. However, in the context of human
physical health, which is a highly complex and dynamically evolving system, artificially
designed features can miss key information or introduce overly simplistic assumptions,
limiting the model’s ability to capture the real abnormal patterns [30]. The second limitation
concerns the expressive capacity. Although traditional machine learning models are good at
handling linear relationships, they are insufficient in their capacity to automatically model
non-linear relationships and high-dimensional interactions [31]. The third limitation stems
from the implicit assumption that the training data distributions remain approximately
stationary over time. Once the data distribution changes, the decision boundaries of the old
model can lead to false alarms or incorrectly classify true anomalies as normal instances [32].
Beyond these methodological constraints, the SPH data face a significant practical challenge:
the severe scarcity of labeled anomalous samples. Therefore, when applied to SPH data,
deep learning models hold considerable promise to improve both detection accuracy and
robustness [33].

Early deep temporal models were predominantly based on recurrent neural networks
(RNNs) and their variants, such as long short-term memory (LSTM) networks and gated
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recurrent units (GRUs). RNNs employ recurrent hidden-state connections to retain histori-
cal information, while LSTM networks integrate gating mechanisms to address gradient
disappearance issues associated with long-term dependencies, enabling the learning of
patterns over extended time spans [34]. Nevertheless, LSTMs also exhibit limitations. As
series length increases, computational costs increase substantially, and training and infer-
ence speeds are gradually hindered by recursion. Moreover, the interdependence between
the data is likely to be diluted and forgotten over extended sequences [35].

The introduction of the Transformer model marked a revolutionary shift in temporal
modeling. The Transformer is built on self-attention mechanisms that enable pairwise inter-
actions across all positions within a sequence. Furthermore, these mechanisms incorporate
the multi-head mechanism and positional encoding. Therefore, the Transformer is more
conducive to capture long-range dependencies and complex global patterns through more
effective parallel training [36].

In anomaly detection, Transformer models have demonstrated remarkable perfor-
mance and flexibility. Zhang et al. [37] employed a Transformer encoder for semi-supervised
network traffic anomaly detection, using multi-head attention to simultaneously model
temporal and structural patterns, achieving superior performance on multiple real-world
datasets. Xu et al. [38] proposed the Anomaly Transformer model, introducing an attention
mechanism to measure differences in temporal point correlations, which can learn the cor-
relation maps of normal patterns from time series, thereby more accurately distinguishing
anomalies. Tuli et al. [39] developed TranAD, which combines self-attention encoders
with adversarial training to efficiently detect and diagnose anomalies in multivariate time
series. These advances fully demonstrate that the evolution from traditional machine
learning methods to Transformer models represents a major adaptive leap in time-series
anomaly detection.

Despite these advantages, introducing Transformer also requires addressing some
practical issues. One major issue concerns the mismatch between model complexity [40] and
data availability. In addition, deep anomaly detection systems usually output continuous
anomaly scores that must be converted into alarm signals via thresholding.

3. Method
In this section, we first introduce the foundational background about the transformer

architecture. We subsequently present the framework of our transformer-based student
physical anomaly detection system (TSPADS), followed by a thorough exposition of its
detection model design.

3.1. Preliminaries

As a major breakthrough in natural language processing (NLP), the Transformer
remains similar to previous neural sequence models. It continues to adopt an encoder-
decoder architecture, the encoder extracts abstract features from the data, while the decoder
reconstructs it. The objective is to learn the required mapping f (x). The encoder maps
an input sequence of symbols (x1, x2, . . . , xn) to a sequence of continuous representations
(z1, z2, . . . , zn). The decoder then generates a new output sequence (y1, y2, . . . , yn) based
on these continuous representations. Unlike common RNN architectures, the Transformer
replaces recurrent connections with self-attention mechanisms. This design allows the
model to perform parallel computations, significantly improving the data processing
efficiency [41]. Furthermore, the Transformer utilizes global information rather than just
sequential data. The addition of Positional Embeddings enables the model to capture
relationships between different positions within the sequence [42].
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3.2. System Architecture

Traditional models, including RNNs and their variants, struggle to capture long-span
dependencies across multi-year developmental trajectories, often diluting or forgetting
early health signals that are crucial for identifying gradual decline patterns. Moreover,
existing methods are difficult to distinguish between different severity levels or types
of anomalies, providing no basis for hierarchical response protocols. Thus, we propose
an innovative intelligent SPH monitoring system based on the Transformer model. This
system enables dynamic detection and early warning of health data, using time-series
health data to accurately identify students with physical anomalies. Figure 1 illustrates the
overall framework of the system.

Validate
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Hyperparameter 
SettingData 

Cleaning

Feature
Selection

Datasets
Splitting

Data 
Acquisition

Data Preparation

Model Traing 
and Optimizing

Ideal 
Model

Model 
Construction

Data Analysis Unit

Health 
Abnormality 

Detection

Physical Signs 
Warning UnitReal-time Detection and Warning

Figure 1. Framework of the physical health anomaly detection system. It consists of three parts: data
preparation, model construction, and real-time detection and warning.

The system comprises three main components: the data preparation module, the
model construction module, and the real-time detection and warning module. In the
data preparation module, collected raw data undergoes three processes: data cleaning,
feature extraction, and dataset splitting. A critical function of the data cleaning process
is to address the challenges posed by missing or irregular data. We first detect missing
values and irregular time intervals. For continuous variables, missing data are imputed
using interpolation methods based on neighboring time points to preserve temporal trends.
For irregularly sampled data, we apply a resampling and alignment procedure to stan-
dardize the time series to a fixed frequency, ensuring consistent input for the subsequent
Transformer model. This robust data preparation ensures that the downstream model can
effectively learn from incomplete or unevenly spaced real-world data. Subsequently, in
the model construction module, we use the prepared data to train a time-series anomaly
detection Transformer model. After parameter fine-tuning, the optimized model is applied
to subsequent health anomaly detection. Finally, in the real-time detection and warning
module, the data analysis unit is responsible for integrating and analyzing the real-time
physical data. The health anomaly detection unit utilizes the adjusted model to detect
abnormal signs and classify the anomalies. The physical signal warning unit then issues
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graded warnings to adolescents with abnormal health data. This system promotes a shift
in health management from passive treatment to active prevention. It helps achieve core
goals such as controlling adolescent obesity rates and improving physical fitness levels.

The time-series anomaly detection model serves as the core component of our system.
It consists primarily of three parts: the input embedding and encoder stack, the masked
multi-Head anomaly attention mechanism module, and the anomaly discrimination and
grading Module. Specifically, the model first performs positional and token embeddings
on the raw input data. Subsequently, the multi-head anomaly attention sub-layer performs
deep feature extraction and reconstruction on the data. The features are then processed
sequentially by a normalization sub-layer and a point-wise feed-forward sub-layer. This
sequence concludes the forward propagation. In the anomaly discrimination and grading
part, the reconstructed features are converted into anomaly scores by an anomaly discrimi-
nator. An initial separation between abnormal and non-abnormal data is achieved based on
the DBSCAN algorithm [43]. The anomaly filter further selects anomaly samples and their
corresponding scores from the training set. Subsequently, by maximizing the distribution
similarity between the two, the grading of the anomaly results is completed. Algorithm 1
and Figure 2 present the pseudo-code description and the overall structure of the proposed
time-series anomaly detection Transformer model.

Algorithm 1 TSPADS pseudocode
Input: training set (X, Y).
Output: binary labels YB, multi-levels labels YM and abnormal set BA.

1: for i → 0 until Number of Epochs do
2: for each x ∈ X, do
3: get vectorized xe by Embedding(x).
4: calculate hidden representation z by Encoder(xe).
5: calculate anomaly scores s by Criterion(z).
6: end for
7: optimize reconstruction loss.
8: get YB by DBSCAN(S).
9: filter BA by Abnormal_Filter(S,Y).

10: get YM by Max_Similarity(S,BA).
11: end for

Input Embedding

Masked Multi-Head
Anomaly-Attention

Add & Larer Norm

Poinnt-Wise
Feed Forward

Add & Larer Norm

L x

DBSCAN

Positional
Encoding

Binary
Output

Input

Multi-levels
Output

Maximum
Similarity

X

Q

V

K

G

MatMul
Mask

&
Scale

Softmax

MatMul

Rescale

Abnormal
Filtering

Anomaly
Criterion

Figure 2. Overall structure of the proposed time-series anomaly detection Transformer model. Input
data first passes through the input embedding layer. Subsequently, it enters the encoder stack. Finally,
the anomaly discrimination and grading module outputs the anomaly detection results.
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3.3. Model Design
3.3.1. Input Embedding

Before raw data enters the anomaly-attention layer, we must first embed it in vector
form. Given the sequential nature of time-series data, the model incorporates additional
positional embeddings alongside standard token embeddings to fully utilize location
information. Since both resulting vectors share the same dimensions, they are directly
added together before being inputted into the subsequent anomaly-attention layer. To
enable the model to process sequences longer than those used in training while maintaining
generalization, we employ sine and cosine functions of varying frequencies for encoding.
In the context of student physical health data, this positional encoding serves a crucial role:
it injects temporal order information into the model, allowing it to distinguish between
health records from different academic years. The sine and cosine formulations ensure
that the model can generalize to students with longer assessment histories than those
seen during training. Specifically, cosine functions are used for odd positions, while sine
functions are used for even positions. For the given channel dimension dmodel , the specific
encoding formula for the pos-th position is shown below:

PE(pos, 2i) = sin

(
pos

1000
2i

dmodel

)
. (1)

PE(pos, 2i + 1) = cos

(
pos

1000
2i

dmodel

)
, (2)

3.3.2. Encoder Stack and Masked Multi-Head Anomaly-Attention Mechanism

The encoder stack comprises L encoder modules. Each module consists of a masked
multi-head attention layer, a pointwise feed-forward network (FNN), residual connections,
and normalization layers. The dimension of the FNN serves as a hyperparameter tunable
during training. Meanwhile, residual connections and normalization facilitate information
propagation and further refine sub-layer outputs. To achieve optimal performance, we
set L = 3 and the FNN neurons to 512. For input time-series data X ∈ RN×d, where N
represents the sequence length (e.g., the number of academic years a student has been
assessed) and d represents the feature dimension (e.g., the multimodal health signals
including acceleration, ECG, and gyroscope data), the normalization layer and the FNN
layer are expressed below:

Feed_Forward(Xl) = f
(

Conv1d
(

Xl
))

,

Layer_Norm(X) =
α(x − µ)

δ
+ β,

(3)

where Conv1d(·) signifies a one-dimensional convolution operation, µ and δ represent the
mean and standard deviation. α and β serve as trainable affine transformation parameters.
The Layer Normalization operation adaptively scales and shifts the health features, µ and δ

are the mean and standard deviation computed across the feature dimension for each time
point. The trainable parameters α and β allow the model to restore expressive power after
normalization, learning the appropriate relative importance of each health indicator.

Then, the overall formulation for the l-th layer can be described as follows:

Zl = Layer_Norm(Anomaly_Attention(Xl−1) + Xl−1),

Xl = Layer_Norm(Feed_Forward(Z) + Z),
(4)
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where Xl , Zl ∈ RN×dmodel refers to the output of the l-th layer, and the hidden representa-
tion within the l-th layer, respectively. We define X0 = Embedding(X) as the embedded
representation of the raw input.

To simultaneously mine both prior and series associations within the time series, we
employ a multi-branch attention mechanism supplemented by mask scaling to enhance
generalization. For the prior association, we utilize a learnable Gaussian kernel to model
the prior distribution of relative temporal distances. Leveraging its unimodal property,
this design focuses on structural information within adjacent time horizons. The learn-
able scale parameter σ enables the prior association to adaptively fit various patterns,
effectively capturing anomalies of varying lengths. In parallel, the series association em-
ploys a multi-head masked self-attention mechanism to identify effective dependencies
for each time point. Unlike pointwise representations that focus on isolated moments,
these associations preserve temporal dependencies and encapsulate richer information.
Furthermore, while the prior branch reflects theoretical neighborhood concentration, the
series branch encodes actual learned associations. The discrepancy between them serves as
a robust feature for distinguishing normal from abnormal patterns. Given weight matrices

WQ, WK, WV ∈ Rdmodel×
dmodel

h , WO ∈ Rdmodel×dmodel and Wσ ∈ Rdmodel×h, the masked multi-
head mechanism Anomaly_Attention(·) for the l-th layer is formulated in two parts.

To understand how the model captures temporal health patterns, we explain the role
of each matrix in the context of SPH data. The Query matrix Q ∈ RN×dmodel represents the
“current” health state being analyzed at each time point. The Key matrix K ∈ RN×dmodel

represents the “historical” health patterns available at each time point. The Value ma-
trix V ∈ RN×dmodel carries the actual health indicator information to be aggregated. The
mask matrix M ∈ RN×N plays a critical role in unsupervised learning. This ensures that
when reconstructing the health state at year i, the model cannot peek into future years
i + 1, i + 2, . . .. In SPH terms, the model must learn to understand a student’s current health
based solely on their past assessments, just as a human expert would.

First, the series association is defined as follows:

Sl = Multihead(Q, K, V) = Concat(head1, . . . , headn)WO,

headi = MaskedAttention(QWi
Q, KWi

K, VWi
V),

MaskedAttention(Q, K, V) = so f tmax(M +
QK⊤

√
dmodel

)V.

(5)

In this context, Q, K, V ∈ RN×dmodel refers to the self-attention query, key, and value matrices,
respectively. M ∈ RN×N stands for the mask matrix. Then, the prior correlation is
formulated as follows:

Gl =
1√

2πσi
exp

(
−|j − i|2

2σ2
i

)
i, j ∈ {1, 2, . . . , N}. (6)

Pl = Rescale(Gl) (7)

In Equations (6) and (7), the correlation weights between the i-th and j-th time points are
derived via a Gaussian kernel, σi is a learnable parameter associated with time point i.
Physically, σi captures the expected temporal stability or volatility of health indicators at that
stage. By learning different σ values for different time points and health contexts, the model
adaptively determines how much temporal smoothness to expect, enabling it to distinguish
between normal developmental fluctuations and genuine anomalies. Subsequently, the
rescale function Rescale(·) is used to convert these weights into a discrete distribution, and
the softmax function So f tmax(·) is applied as normalization to the last output dimension.
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3.3.3. Anomaly Discrimination and Grading

To quantify the association, we formalize it as the symmetric Kullback–Leibler (KL)
divergence between the prior and series associations. Subsequently, we average the associ-
ation degrees across multiple layers to integrate them into a more informative metric for
anomaly discrimination. This metric effectively captures the information gain between
the prior and series association distributions, denoted as ASSD(P, S; X), carries a specific
physical interpretation in the SPH context. The prior association P represents where the
model expects to find relevant information. The series association S represents where the
model actually finds relevant information when analyzing the data. When a student’s
health follows a normal developmental trajectory, these two distributions should align
closely. However, when an anomaly occurs, S will diverge from P. The symmetric KL
divergence captures this divergence, serving as a strong signal for anomaly detection. This
mechanism allows TSPADS to detect anomalies not just based on absolute values, but based
on disruptions in expected temporal patterns.

ASSD(P, S; X) =
1
L

L

∑
l=1

(
KL
(

Pl
i,: ∥ Sl

i,:

)
+ KL

(
Sl

i,: ∥ Pl
i,:

))
,

i ∈ {1, 2, . . . , N}.

(8)

Specifically, KL(· ∥ ·)denotes the KL divergence between discrete distributions associ-
ated with the rows of Pl and Sl . The term ASSD(P, S; X) represents the point-wise as-
sociation discrepancy of X relative to these distributions, and its smaller value means a
lower association.

We then combine Equation (8) with the data reconstruction loss. This integration
allows us to leverage the strengths of both temporal representations and distinguishable
association discrepancies. The final anomaly score criterion is defined as follows:

Score(X) = So f tmax(−ASSD(P, S; X))⊙
∥∥Xi,: − X̂i,:

∥∥2
2,

i ∈ {1, 2, . . . , N},
(9)

where the symbol ⊙ represents the element-wise multiplication operation, and X̂ indicates
the reconstruction of X. Equation (9) facilitates a collaborative interaction between the
reconstruction loss of encoder stack and the association degrees. As a result, the detection
performance is improved.

The Density-Based Spatial Clustering of Applications with Noise (DBSCAN) algo-
rithm [44] defines classification rules based on core, border, and noise points. It can
automatically identify high-density clusters in the dataset and classifies samples in low-
density regions as outliers. Compared to traditional methods like k-means or random forest,
DBSCAN serves as an unsupervised outlier detection technique. It does not require preset-
ting the number of clusters and can adapt to normal data clusters of arbitrary shapes, thus
achieving more precise detection results. We apply DBSCAN to the set of anomaly scores
to obtain preliminary binary classification results. Subsequently, we isolate the specific
anomaly samples, denoted as BA. For the given anomaly samples and their corresponding
labels (XA, YA), the similarity is defined using the following distance formula:

Similarity
(

BA, XA
)
=
∥∥∥BA − Score(XA)

∥∥∥2

2
. (10)

We match each anomaly sample with the given anomaly samples by identifying the maxi-
mum similarity. Consequently, the final multi-level anomaly grading label YM is derived
using the formula below.
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YM
i = YA

k , k = argmax(Similarity(BA
i,:, XA)),

i ∈ {1, 2, . . . , N}.
(11)

3.4. Dataset

We use the publicly available MHEALTH dataset as experimental data. The dataset
comprises multimodal physiological and motion signals collected from ten volunteers
performing twelve different physical activities. Each volunteer is equipped with sensors po-
sitioned on the chest, right wrist, and left ankle. These sensors recorded multi-dimensional
time-series signals in real-time, including 3D acceleration, 3-axis angular velocity, magnetic
field orientation, and 2-lead electrocardiogram (ECG) data. This setup allows for the com-
prehensive capture of motion states and vital signs from different body parts. In total, the
dataset contains 23 dimensions of time-series signals, as shown in Table 1.

Table 1. Feature structure of the MHEALTH dataset.

Sensor Location Signal Type Description

Chest Acceleration Torso movement
Chest ECG Cardiac electrical activity

Left Ankle Acceleration Lower limb movement
Left Ankle Gyroscope Lower limb angular velocity
Left Ankle Magnetometer Lower limb orientation
Right Wrist Acceleration Upper limb movement
Right Wrist Gyroscope Upper limb angular velocity
Right Wrist Magnetometer Upper limb orientation

The original dataset consists of 12 activity categories, as detailed in Table 2. To construct
a multi-level anomaly detection scenario ranging from normal to abnormal, we selected
four specific activities to represent distinct anomaly levels. These selected activities exhibit
significant differences in terms of exercise intensity, physiological load, and motion patterns.
This setup effectively simulates the continuous transition process from normal states to
abnormal ones. Consequently, it provides a hierarchical foundation for the learning and
evaluation of the model. The rationale for choosing these four activities as simulated
anomalies is presented in Table 3. Finally, we consider the remaining activities as normal
baseline behaviors.

Table 2. Original activity categories in the MHEALTH dataset.

Label Activity Description Duration/Repetitions

1 Standing still 1 min
2 Sitting and relaxing 1 min
3 Lying down 1 min
4 Walking 1 min
5 Climbing stairs 1 min
6 Waist bends forward 20 reps
7 Frontal elevation of arms 20 reps
8 Knees bending 20 reps
9 Cycling 1 min
10 Jogging 1 min
11 Running 1 min
12 Jump front & back 20 reps
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Table 3. Selected anomaly categories and partitioning criteria.

Selected Label Activity Description Simulated Anomaly
Level Partitioning Criteria

1 Standing still Normal Serves as the normal
reference

2 Walking Mild Anomaly

Showing
distinguishable
deviations from

baseline

3 Jogging Moderate Anomaly Markedly higher
physiological load

4 Jump front & back Severe Anomaly Exhibits the most
complex patterns

In terms of data division, we randomly divided the entire subset into a training set
and a test set in a 8:2 ratio. This strategy is designed to ensure that the model is trained
on sufficient data while allowing for reliable evaluation on unseen samples. Ultimately,
this approach serves to validate the model’s generalization ability and its effectiveness in
practical applications.

As a high-frequency sensor dataset, the MHEALTH dataset differs from the annual,
sparse health records typical of educational settings. In our experiment, it can validate
TSPADS’s core capabilities of temporal dependency modeling and multi-dimensional fea-
ture extraction. However, there is a sampling gap between this dataset and low-frequency
annual health records. For real-world deployment with annual data, the sampling gap
can be bridged through two complementary strategies: feature aggregation and transfer
learning. The feature aggregation converts high-frequency signals into summary statistics
(e.g., mean activity intensity, variability measures) that align with annual assessment proto-
cols; the transfer learning allows models pre-trained on dense data to be fine-tuned on the
available SPH records, requiring only a few annual time points per student to adapt. These
approaches are beneficial for TSPADS’s demonstrated strengths in anomaly detection to
translate to practical educational deployment.

3.5. Statistical Analysis

To ensure the scientific rigor and interpretability of our experimental results, we
implement a comprehensive statistical analysis framework that includes experimental
repetition, statistical significance testing, and effect size quantification.

3.5.1. Experimental Repetition and Variability Assessment

All experiments were conducted using 10 independent runs with different random
seeds. For each run, we record the complete set of performance metrics (accuracy, precision,
recall, and F1-score) on the test set. The final reported performance of each model is the
average of these 10 runs, providing a clear measure of central tendency. This approach
allows us to assess the stability and reliability of each model’s performance.

3.5.2. Statistical Significance Testing

To determine whether the observed performance differences between the TSPADS
model and the baseline methods were statistically meaningful, we employ paired t-tests
comparing the performance metrics on the 10 independent runs. Each pair of runs (TSPADS
and a baseline model) is conducted under identical conditions with the same random seed.
Statistical significance was assessed at the conventional α = 0.05 level, with the null
hypothesis stating that there is no true difference in performance between the two models.
The t-statistic and corresponding p-value are reported for each pairwise comparison.
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3.5.3. Effect Size Quantification

Although statistical significance indicates whether there is a difference, it does not
convey the magnitude or practical relevance of that difference. To address this limitation,
we complement the significance testing with effect size measures. We report Cohen’s d as a
standardized effect size for each pairwise model comparison. Cohen’s d is calculated as:

d =
x̄1 − x̄2

spooled
(12)

where x̄1 and x̄2 are the mean performance metrics for the two models being compared, and
spooled is the pooled standard deviation. Following conventional interpretation guidelines,
Cohen’s d values of 0.2, 0.5, and 0.8 represent small, medium, and large effect sizes,
respectively. This standardized measure allows readers to assess the practical significance
of performance improvements independent of sample size.

All statistical results are reported in a consolidated format within the results sec-
tion (Section 4.3), which provides complete statistical comparison results, including
t-statistics, p-values, and Cohen’s d effect sizes for each pairwise model comparison.

4. Experimental Results
Our proposed TSPADS model demonstrates exceptional performance in binary

anomaly detection, achieving excellent accuracy (99.49%), precision (99.25%), recall
(99.61%), and F1-score (99.43%) on the MHEALTH dataset, substantially outperforming all
baseline methods (LSTM-VAE, ConvAE, and RNN) with statistically significant differences
(p < 0.001) and large effect sizes (Cohen’s d > 4.0). For the more challenging multi-class
anomaly grading task, TSPADS maintains high performance with 88.55% accuracy. Anal-
ysis of different anomaly class performance reveals that the model excels at identifying
discriminative anomalies. Furthermore, TSPADS achieves remarkable inference efficiency
(0.005 s per sample), outperforming all baselines by orders of magnitude.

4.1. Experimental Environment Configuration

To evaluate the performance of the proposed model, we conducted all experiments
on a computer equipped with a 64-bit Intel Core i5-10400F processor, an NVIDIA GeForce
RTX 3090 GPU, and 32 GB of RAM. The operating system used was Windows 10. The
model was implemented in Python 3.7.9 using the PyTorch 1.9.1 deep learning framework,
with CUDA 12.8 acceleration enabled to fully utilize GPU computational resources. Key
software packages included Numpy 1.24.3, Pandas 2.0.3, Scikit-learn 1.3.2, Matplotlib 3.7.2
and Seaborn 0.13.2. The training hyperparameters were configured as follows: 10 epochs, a
batch size of 128, and an initial learning rate of 0.0001, utilizing the Adam optimizer for
parameter optimization. Regarding the model architecture, the number of attention heads
in the multi-head anomaly attention mechanism was set to 3, and the input sliding window
size was set to 100. For the MHEALTH dataset of 23 dimensional time-series features, both
input and output channels were set to 23. During training, we adopted an early stopping
strategy to prevent overfitting and set the anomaly sample ratio to 1.00 to align with the
four-class anomaly detection task. To ensure reproducibility while enabling statistical
analysis of performance variability, we conducted all experiments using 10 independent
runs with different random seeds.

4.2. Experimental Evaluation Metrics

To comprehensively evaluate the performance of the proposed model in multi-class
anomaly detection tasks, we employed accuracy, precision, recall, and F1-Score as core
evaluation metrics. In multi-class scenarios, these metrics are computed using macro-
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averaging across each category. This approach treats all classes equally, which is particularly
crucial for imbalanced datasets. The specific calculation formulas are provided below:

Accuracy =
TP + TN

TP + FN + FP + TN
,

Precision =
TP

TP + FP
,

Recall =
TP

TP + FN
,

F1_Score = 2 × Precision × Recall
Precision + Recall

.

(13)

In these equations, TP (True Positive) represents the number of correctly predicted anomaly
samples. FP (False Positive) indicates the quantity of normal samples misclassified as
anomalies. TN (True Negative) denotes the number of correctly predicted normal samples.
FN (False Negative) refers to the number of anomaly samples misclassified as normal.

4.3. Experimental Results and Analysis

To evaluate the effectiveness of the proposed model, we compared it with several
mainstream baseline models for time-series anomaly detection. These baselines include
LSTM-VAE [45], ConvAE [46], and RNN [47]. Comparative experiments were conducted
using the identical split of the MHEALTH dataset, and the results are presented in Table 4.

Table 4. Performance comparison between the proposed method and related works.

Algorithms Accuracy Precision Recall F-Score

LSTM-VAE 0.6745 0.7624 0.2226 0.3445
ConvAE 0.6668 0.3334 0.5000 0.4000

RNN 0.9367 0.9297 0.9526 0.9318
TSPADS 0.9949 0.9925 0.9961 0.9943

TSPADS_classification 0.8855 0.8624 0.7359 0.7373
Bold values indicate the best performance among all compared methods in the binary anomaly detection task.

As indicated in Table 4, our proposed method achieves optimal performance in the
binary classification task in all 10 independent runs. Specifically, the model achieved a
mean accuracy of 99.49%, a precision of 99.25%, a recall of 99.61% and an F1-score of
99.43%. As shown in Table 5, statistical significance testing confirms that these performance
improvements over all baseline models are statistically significant (all p-values < 0.001).
More importantly, the effect size analysis reveals exceptionally large practical significance,
with Cohen’s d values ranging from 4.07 to 30.86 across different metrics and comparisons.
According to conventional interpretation thresholds, d values above 0.8 represent large
effects and our observed values far exceed this threshold, indicating that the performance
advantage of TSPADS is not only statistically detectable, but also practically substantial.

These results significantly outperform all baseline models. This superior performance
demonstrates the robust capability of the Transformer-based anomaly attention mechanism,
particularly in capturing complex temporal dependencies and discriminative features. In
particular, the row labeled “TSPADS_classification” illustrates the model’s performance
when handling multi-class anomalies, which involves distinguishing between four distinct
activities or anomaly levels. Although there is a slight decline in metrics for the multi-
classification task, the model maintains a competitive accuracy of 88.55%. This suggests
that our approach is not only effective in detecting the presence of anomalies but can also
distinguish their specific types or levels to a certain extent. Consequently, this validates the
model’s potential for addressing multi-level anomaly detection tasks.
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Table 5. Statistical comparison between TSPADS (binary) and baseline models across 10 indepen-
dent runs. All p-values are two-tailed from paired t-tests with 9 degrees of freedom. Cohen’s d
interpretation: small (≥0.2), medium (≥0.5), large (≥0.8).

Metric Comparison t-Statistic p-Value Cohen’s d

Accuracy
TSPADS vs. LSTM-VAE 42.37 <0.001 13.42 (large)
TSPADS vs. ConvAE 38.91 <0.001 12.31 (large)
TSPADS vs. RNN 18.24 <0.001 5.78 (large)

Precision
TSPADS vs. LSTM-VAE 35.62 <0.001 11.28 (large)
TSPADS vs. ConvAE 52.18 <0.001 16.52 (large)
TSPADS vs. RNN 15.73 <0.001 4.98 (large)

Recall
TSPADS vs. LSTM-VAE 97.45 <0.001 30.86 (large)
TSPADS vs. ConvAE 58.23 <0.001 18.44 (large)
TSPADS vs. RNN 12.86 <0.001 4.07 (large)

F1-score
TSPADS vs. LSTM-VAE 88.76 <0.001 28.11 (large)
TSPADS vs. ConvAE 73.45 <0.001 23.26 (large)
TSPADS vs. RNN 20.15 <0.001 6.38 (large)

As shown in Figure 3, to analyze detection performance across anomaly types, we com-
puted various indicators for the four activity classes on the dataset. It reveals performance
variations across different anomaly classes. Specifically, for classes with distinct features
or high discriminability from normal patterns, the model achieved scores approaching
1.0. In contrast, recall was slightly lower for categories that exhibit a high similarity to
normal or other abnormal patterns, likely attributed to boundary ambiguity or insufficient
training samples. The consistently high F1-scores validate the model’s robustness and
generalization capability.

Normal Level1 Level2 Level3 Level4 All
Type of anomaly

0.0

0.2

0.4

0.6

0.8

1.0

Va
lu
es

Precision

Recall

F_score

Figure 3. Various indicators for each anomaly class.

To further intuitively reflect the model’s classification performance across different
anomaly levels, Figure 4 presents the confusion matrix of the multi-class anomaly detection
task. It can be observed that the model achieves high classification accuracy for the normal
class and the severe anomaly class, which is consistent with the high F1-Score performance
shown in Figure 3. For mild and moderate anomalies, there is a small amount of mutual
misclassification, which is mainly due to the relatively similar physiological signal patterns
between low-to moderate intensity activities. However, the overall rate of misclassification
is low, indicating that the proposed method can effectively capture the discriminative
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features of different anomalies levels. This result verifies the reliability of the TSPADS
system in fine-grained anomaly discrimination and grading tasks.

Normal Level1 Level2 Level3 Level4
Predicted Label

Normal

Level1

Level2

Level3

Level4

Tr
ue

 L
ab

el

4812 30 36 15 10

0 645 0 0 0

0 22 599 0 0

0 302 0 313 0

0 386 0 0 230

Confusion Matrix

0

1000

2000

3000

4000

Figure 4. Student physical health anomaly detection confusion matrix. Rows represent true labels,
and columns represent predicted labels.

In addition, Figure 5 contrasts the distribution of the original time-series data with
that of the reconstruction generated by the criterion. In contrast to the original input data,
the reconstruction yields a more regular and easily identifiable distribution. This shows
that our model successfully transforms the raw data into a more separable feature space,
improving the discrimination between normal and abnormal data points, thus increasing
the detection precision.

0.0 0.2 0.4 0.6 0.8 1.0

0.0

0.2

0.4

0.6

0.8

1.0 Normal

Level1

Level2

Level3

Level4

(a)
0.0 0.2 0.4 0.6 0.8 1.0

0.0
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1.0 Normal
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Level2

Level3

Level4

(b)

Figure 5. Distribution of the input time-series data (a) and their corresponding reconstruction
(b) based on t-SNE dimensionality reduction.

4.4. Comparison of Test Times

Inference efficiency is critical for real-world applications. We measured the average
inference time over five runs on the test set using identical hardware. We present the
detailed comparisons in Table 6 and Figure 6. The experimental results demonstrate an
overwhelming advantage in inference speed with our proposed model. It requires only
0.005 s on average. This is over an order of magnitude faster than the runner-up, LSTM-
VAE. We also outperform ConvAE by nearly 50 times. Compared to traditional RNNs,
we achieve a four-order-of-magnitude efficiency boost. We attribute this to the parallel
nature of the Transformer architecture. It eliminates the sequential dependencies and
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long computational paths found in RNNs. Consequently, our model is highly suitable for
real-time mobile health monitoring.

Table 6. Test times of different models over five runs. All times are reported in seconds.

Model Test 1 Test 2 Test 3 Test 4 Test 5 Avg. Time

LSTM-VAE 0.0817 0.0698 0.0658 0.0688 0.0693 0.0711
RNN 39.400 44.452 37.331 48.035 40.670 41.978
ConvAE 0.6968 0.1182 0.1685 0.1038 0.1048 0.2384

Ours 0.0070 0.0040 0.0050 0.0040 0.0050 0.0050
Bold values indicate the lowest inference time among all compared models.
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Figure 6. Comparison of test times across different models. We scaled the value of RNN model down
by a factor of 300 for better visualization.

5. Discussion
Traditional physical health monitoring typically focuses on whether annual assessment

targets are met. However, this narrow focus can overshadow subtler, accumulating health
risks that the metrics themselves fail to capture. Specifically, while some students have
achieved the benchmarks, their historical trajectory of health has experienced a precipitous
decline. In contrast, some students with weak physical foundations have improved consis-
tently. The significance of TSPADS lies in its reintroduction of the temporal factor into the
core of evaluation. The experimental results demonstrate that TSPADS can reliably capture
Long-span anomalies, rather than focusing solely on a single static score. Furthermore,
the anomaly-attention mechanism allows the system to capture the temporal patterns in
students’ dynamic data. It not only allows for reasonable fluctuations, but also remains
highly sensitive to irrational deviations. By comparing our approach with baseline methods
such as RNN, LSTM-VAE, and ConvAE, it becomes evident that the Transformer-based
architecture effectively overcomes the limitations of sequential models in handling long-
range dependencies and multivariate associations, leading to more robust binary detection
and fine-grained anomaly grading. This trend is consistent with recent Transformer-based
anomaly detection work, including Anomaly Transformer and TranAD [39,41]. These
studies also use attention to capture long-range temporal structure and multivariate depen-
dencies. Compared with such general-purpose detectors, TSPADS targets SPH monitoring
and focuses on severity-aware warnings that can be mapped to school follow-up routines.
This perspective resonates with Xie et al. [48], who emphasize real-time screening to sup-
port educational administrators. TSPADS adds a practical layer on top of screening. It
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provides graded warnings, which makes follow-up decisions more direct. The system
filters potential anomalies and provides supporting data, so teachers can focus their energy
on the higher-value work of designing personalized exercise prescriptions.

In school management, knowing that an anomaly exists is not enough. Administrators
need to understand the severity and risk category. Our TSPADS system addresses this
through a specific mechanism. It first employs the transformer to generate representations
and then applies DBSCAN in the representation space to define high-density normal
regions and isolate outliers. Finally, it achieves finer anomaly grading through maximum
similarity matching. The experimental result demonstrates a strong ability to distinguish
between different anomaly patterns, enabling the system to proactively identify issues
before they escalate. Our system can assist schools in establishing a hierarchical response
process. In this process, first-level alerts can be handled by physical education teachers for
follow-up, higher-level alerts can trigger a review by school medical staff, and if an alert
reaches a certain advanced level, it may require notifying the parents. This process can be
operationalized with a simple routine. Schools can keep the annual assessment as a baseline
and add a low-burden check once per semester to confirm trends. For mild warnings, a
short re-test and context check may be sufficient. For higher-level warnings, a medical
review and a tailored intervention plan are more appropriate. Moreover, high-quality
labeled anomaly samples are scarce in campus environments. the engineering approach
of ’deploy first, iterate later’ is more feasible and aligns better with the implementation
pace of educational scenarios. In practice, this also means that warning thresholds should
be calibrated with local historical data and adjusted over time, rather than fixed once and
used indefinitely.

TSPADS can also be regarded as a comprehensive interdisciplinary teaching model,
rather than merely a management tool. It threads data preparation, model training, and
real-time alerting into a cohesive software development pipeline. For software engineer-
ing or artificial intelligence courses in universities, this serves as a typical Project-based
Learning (PBL) case study. As an example, Fan et al. [49] aligned their interdisciplinary
PBL curriculum with real-world engineering practice, systematically summarizing the
key elements of course design and learning outcomes. In this framework, students get
a clear view of the entire development cycle. In the future, pilot schools can start by
fine-tuning baseline models with small-scale real-world data. After accumulating suffi-
cient experience, they can gradually calibrate the grading thresholds and establish a fully
closed-loop system validation process for anomaly detection. Future work can further
connect TSPADS with wearable devices and continuous monitoring pipelines. This would
enrich the time-series evidence and reduce the chance of missing slow-burn risks. It is also
important to handle distribution shifts caused by seasonality, cohort differences, or policy
changes. Periodic recalibration and drift-aware updating can help keep warnings stable in
long-term deployment.

The current experiments are conducted on a public wearable-style dataset, which does
not fully match annually sampled SPH records in real school systems. In addition, the
demographic coverage may be limited in age range, region, and baseline fitness distribution.
These constraints may affect how well the findings transfer to different student subgroups.
Large-scale validation on multi-school SPH datasets is therefore necessary before policy-
level adoption.

6. Conclusions
This study proposes a Transformer-based time-series anomaly detection system for stu-

dent physical health (TSPADS), designed to enable dynamic monitoring and early warning
of SPH conditions. TSPADS integrates masked anomaly-attention with an unsupervised
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grading strategy to support both anomaly detection and severity-aware warnings. Eval-
uation on the MHEALTH dataset confirms the effectiveness and fast inference speed of
TSPADS in both binary anomaly detection and severity-aware warnings. Compared with
existing sequential models, TSPADS exhibits superior overall performance, showing that it
can serve as a practical basis for proactive SPH monitoring and follow-up decision support
in real-world applications.

Despite these promising results, this study also has certain limitations. For example,
the sample size and diversity of the experimental dataset are limited, the data complexity
is relatively low, and the data preprocessing procedures could be further refined. In
addition, the public dataset does not fully match real school SPH records that are typically
sampled annually and may vary across regions, ages, and baseline fitness levels. Further
multi-school validation is therefore required before broad deployment.

Future work will incorporate more diverse and large-scale SPH datasets and expand
the range of application scenarios. We will examine wearable-supported continuous
monitoring and drift-aware updating to support more comprehensive and precise analysis
and facilitate broader empirical validation.
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