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ABSTRACT Accurate perception and quantitative assessment of human activities in complex interactive
environments require efficient sensing, reliable data fusion, and real-time contextual understanding. This
study proposes an intelligent scenario construction and evaluation framework based on multimodal sensing
and digital twin technologies. A heterogeneous sensing architecture integrating ultra-wideband (UWB)
localization, inertial measurement units (IMUs) , computer vision systems, and physiological sensor
networks is developed to acquire synchronized spatiotemporal data from dynamic human activities.
To achieve semantic understanding of complex behavioral interactions, a domain knowledge graph is
introduced to establish contextual relationships among activity events, interaction patterns, and assessment
objectives, enabling real-time generation of a digital twin environment. Furthermore, a data-driven
evaluation model incorporating multi-head attention mechanisms is designed to perform feature fusion,
representation learning, and quantitative assessment from multimodal sensor streams. Experimental results
demonstrate that the proposed framework effectively improves activity recognition, interaction analysis,
and real-time assessment performance. By integrating wireless sensing, multimodal information fusion,
digital twin modeling, and intelligent data analytics, the proposed framework provides an engineering-
oriented methodology for human-centric monitoring, distributed sensing environments, and intelligent
perception systems.

INDEX TERMS ultra-wideband localization, wireless sensor networks, multimodal data fusion, digital

twin

. INTRODUCTION

HE deep integration of ideological and political educa-
Ttion with specialized courses is widely recognized as
a key means of “fostering virtue and nurturing talent.” This
integration has become a central concern in higher education
reform, as it requires aligning value-based guidance with
the technical precision inherent in fields such as many
engineering. This integration ensures that the advancement
of many engineering is grounded in professional ethics
and the industrial spirit, making the pursuit of innovative
technology a vehicle for comprehensive student develop-
ment. Physical education courses, due to their rich inherent
ideological and political elements such as rules, cooperation,
and perseverance, are widely regarded as an important
vehicle for ideological and political education. However,
current teaching practices show that the integration effec-
tiveness and scientific evaluation mechanism of ideological
and political elements with the teaching of sports skills have
not yet been effectively established, hindering the systematic
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achievement of educational goals [1-2]. Therefore, exploring
a new paradigm for physical education teaching that can
organically integrate ideological and political elements and
objectively measure its teaching effects has urgent theoret-
ical value and practical significance.

Current research faces several difficulties in achieving
high-quality integration of ideological and political educa-
tion in physical education courses. The primary difficulty
lies in the superficiality and rigidity of the integration path.
Ideological and political content often relies on teachers’
oral instruction in the classroom and fails to be internalized
into the practical context of sports skill learning, resulting
in a prominent “twotiered” phenomenon [3-4]. The eval-
uation of teaching effectiveness is inherently subjective,
and the results take time to materialize. Currently, most
of the evaluations rely on either post-class questionnaires
or on the teacher’s experience based on observations made
during class. This means that neither method is a good
way of capturing the real-time, dynamic development of
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a student’s ideological and political literacy while being
taught; nor do they provide any objective data to support
these claims. Because of these factors, the reliability and
validity of evaluation methods have come into question [5-
6]. As such, while sports training has begun using smart
education technologies, the majority of technology has been
developed for analyzing skills or monitoring physical fitness
and not for using technologies in a systematic way as
part of an integrated intelligent teaching environment with
ideological and political immersion alongside skill teaching
[7-8]. To tackle the problems mentioned above, a number of
studies have looked for different ways and have made some
progress on this topic. With respect to the design of inte-
gration pathways, some researchers have developed a model
for “element mining-instructional design,” which aims to
identify ideological and political mapping points in the sport
of basketball and to establish corresponding instructional
activities. Most of those studies remain at the level of
concept development and lesson plan creation as opposed,
providing a vehicle for the standardization and technology-
empowered implementation of those studies [9-10]. With
respect to innovative teaching methodologies, a number of
studies have suggested the use of situational teaching or co-
operative learning as a means of integrating ideological and
political education with classroom interaction. This method
has increased student participation, but the evaluation of
its educational effect still relies on traditional subjective
judgment [11-12]. At the level of technological application,
scholars have explored the application of video analysis or
wearable devices in physical education. These technologies
optimize motor skill feedback, but their application focus is
concentrated on biomechanics and physiological parameters,
not related to ideological and political teaching objectives
[13-14]. Regarding the construction of evaluation systems,
recent studies have begun to attempt to construct a compre-
hensive evaluation index system that includes ideological
and political dimensions. However, the index data mainly
comes from post-hoc scales, failing to achieve real-time
collection and quantitative analysis of teaching process data
[15-16]. Other studies have pointed out that research on
the design of smart learning environments focuses more
on supporting cognitive goals, while paying insufficient
attention to the design and effectiveness verification of its
educational mechanisms at the emotional, attitudinal, and
value levels [17-18]. Overall, existing research still has sig-
nificant gaps in two core areas: constructing a technology-
enabled immersive teaching scenario that naturally inte-
grates ideological and political elements, and establishing
a real-time quantitative assessment method for ideological
and political literacy based on multi-source process data
from this scenario. To address the core issues of rigid
integration of ideological and political education into bas-
ketball physical education courses and subjective evaluation
of effectiveness, this study proposes and implements an
integrated intelligent scenario construction-feedback eval-
uation method based on multimodal data perception and
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fusion. This method first constructs a three-dimensional data
acquisition system covering the smart basketball teaching
field by deploying inertial measurement units, computer
vision systems, and physiological sensor networks. This
system captures multidimensional raw data in real time,
including students’ movement postures, spatial trajectories,
tactical interaction events, and some physiological states.
Next, a lightweight ontology model integrating basketball
domain knowledge and ideological and political elements is
designed to drive a dynamically evolving digital twin teach-
ing scenario. This scenario performs semantic annotation
and contextual understanding on the raw streaming data.
Based on this, a quantitative evaluation proxy model for
ideological and political literacy is developed. This model
directly extracts features from the fused multisource time-
series data and generates continuous quantitative indicators
for key dimensions such as “team collaboration index” and
“rule compliance” through decoupled computation. This
allows for objective and process-oriented measurement of
the effectiveness of ideological and political education dur-
ing teaching implementation. The main contribution of this
study lies in its original integration of multimodal percep-
tion, digital twins, and data-driven assessment technologies
to construct a new closed-loop verification framework for
intelligent teaching of ideological and political education in
physical education courses. This study provides a solution
with a solid technical path and empirical potential to address
the challenge of “invisible and unmeasurable” educational
effectiveness by mapping ideological growth against the pre-
cise, quantifiable metrics of craftsmanship. By correlating
value internalization with the rigorous technical standards of
the industry, the model transforms abstract moral guidance
into a verifiable set of performance indicators, using the
precision-oriented culture of craftsmanship as an illustrative
analogy rather than a functional equivalence.

Il. CONSTRUCTION AND QUANTITATIVE ASSESSMENT
FRAMEWORK FOR INTELLIGENT BASKETBALL
TEACHING SCENARIOS INTEGRATING IDEOLOGICAL
AND POLITICAL ELEMENTS

A. DESIGN OF SCENARIO CONSTRUCTION AND
QUANTITATIVE ASSESSMENT FRAMEWORK

To achieve deep immersion and integration of ideological
and political elements in basketball teaching and objective
quantitative assessment of teaching effectiveness, this study
proposes a data-driven technical framework with a closed-
loop feedback mechanism. The core innovation of this
framework lies in digitizing all elements of the teaching
practice process and, based on domain knowledge, achiev-
ing automated mapping and calculation from raw data to
ideological and political literacy indicators. The overall
framework and data flow are shown in Figure 1.

Figure 1 illustrates that the framework consists of a
multimodal data perception layer, an intelligent context con-
struction layer, and a quantitative evaluation and feedback
layer. These layers are connected through standardized data
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FIGURE 1. Intelligent context construction-feedback evaluation framework based on multimodal data perception and fusion

interfaces and semantic protocols, ensuring unidirectional
dependency and efficient transmission of information. The
multimodal data perception layer bridges the physical and
digital worlds by synchronously collecting multi-source raw
data—such as student movement trajectories, body move-
ments, physiological signals, and environmental events—
through a heterogeneous sensor network. The intelligent
context construction layer is the central hub of the frame-
work. Its built-in basketball-ideological and political educa-
tion domain knowledge graph provides a unified semantic
interpretation model for multi-source heterogeneous data,
driving the generation of a digital twin teaching scenario
that is synchronized in real-time with the physical teaching
environment and enhances the display of key ideological
and political education behavioral events. The quantitative
assessment feedback layer, as the top-level application,
uses a pretrained quantitative assessment proxy model for
ideological and political literacy to extract features, fuse,
and decouple calculations from contextualized data flowing
in the twin scenario. It directly outputs continuous quan-
titative indicators for dimensions such as teamwork and
rule compliance, and pushes them to a visual interactive
terminal, forming a complete closed loop of “teaching
implementation - data collection - real-time assessment -
feedback and control.” This architecture design ensures the
operability of ideological and political teaching objectives,
the transparency of the teaching process, and the objectivity
of teaching evaluation.

B. MULTIMODAL DATA SENSING AND ACQUISITION
SYSTEM

The multimodal data sensing and collection system en-
ables rapid, simultaneous, three-dimensional, and quantita-
tive capture of all activities within the basketball instruc-
tional environment. The design of the system is based on
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the principles of combining different types of sensors, and
ungrading time and place into a single structure; therefore,
the data produced from the sensors can then be analyzed
semantically, and used for further computational processing.

The system constructs a three-layer sensor network within
a standard half-court space. The spatial positioning layer
deploys four UWB (Ultra Wide Band) base stations, em-
ploying the time difference of arrival ranging principle.
Target 3D positioning is achieved by calculating the time
difference between the arrival of tag signals at different base
stations [19-20]. The player and basketball tag coordinates
pt = (x¢,ys, 2¢) are updated at a frequency of 100 Hz, with
a positioning error €, < 0.1 m. This coordinate sequence
{p:} is the basis for calculating movement speed, offensive
and defensive distance, and tactical positioning accuracy.
The visual perception layer consists of one panoramic
camera and two motion capture cameras deployed on both
sides of the center line. The panoramic camera provides
global scene context, while the motion capture camera,
based on the YOLOV7 (You Only Look Once) and HRNet
(High-Resolution Network) model framework, detects the
two-dimensional coordinates kaD of key player points in
real time from a specific viewpoint video stream V;, and
reconstructs their three-dimensional skeletal pose sequence
S; through triangulation [21-22]. This sequence is spa-
tiotemporally aligned with UWB positioning data, jointly
defining low-level features of key tactical events such as
passing (determined by ball possession state and release
speed vector) and screening (determined by the relative
position of off-ball players and duration of stillness).

The physiological signal layer requires students to wear
a custom armband integrating a nine-axis inertial measure-
ment unit (IMU) and a photoelectric heart rate sensor. The
IMU collects triaxial acceleration a; and triaxial angular
velocity w; at a frequency of 200 Hz. This data is used
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to estimate limb movement trajectories and detect sudden
changes in direction using a complementary filtering al-
gorithm [23-24]. The heart rate sensor collects heart rate
values HR; at a frequency of 1 Hz. Its variability HRV
(Heart Rate Variability) serves as a proxy indicator for
calculating physiological load and emotional arousal. All
sensor data is received through a unified wireless data
aggregation gateway, and each frame of data is timestamped
with a unified timestamp 7 by a precision clock source built
into the gateway, satisfying the synchronization accuracy re-
quirement of |7yw g —7ramu| < 5 ms, forming a multimodal
raw data stream with spatiotemporal markers:

Draw :{TaptystyahwhHRtw-'} (1)

The armband is designed to be lightweight and minimally
intrusive to preserve natural movement; a one-week accli-
mation period precedes data collection to mitigate potential
Hawthorne effects. This data stream provides irrefutable ob-
jective input for the construction of the upper-level context.

C. INTELLIGENT CONTEXT CONSTRUCTION BASED
ON DOMAIN KNOWLEDGE GRAPH

Based on the multimodal raw data stream D,.,,, provided
by the underlying perception system, the core task of the
intelligent context construction layer is to transform low-
level sensor signals into high-level context descriptions with
clear teaching and ideological and political semantics. This
transformation is driven by a predefined basketball teaching-
ideological and political domain knowledge graph. The
knowledge graph is essentially a directed graph structure:

G=(V.E A) 2

The vertex set V contains basketball entities (“player
P;”, “tactical action Aj”), ideological and political con-
cepts (such as “collaboration Cco0p”), etc., and the edge
set I represents the relationships between them (such as
“execution (F;, Ay)” and “representation (Ay, Ceoop)”). A
is the set of attributes of vertices and edges. The knowledge
graph explicitly defines event logic axioms through ontology
engineering, such as the requirement that the “screen”
action must satisfy constraints such as spatial proximity
|pscreener — Pdefender|| < din and temporal persistence
Atsereen > tin, with all axiom definitions and thresholds
validated by a panel of basketball pedagogy experts and
ideological education specialists prior to system implemen-
tation.

The contextual understanding engine, as the execution
core, performs real-time logical reasoning and semantic
annotation on the data stream based on the axioms in
the knowledge graph. This process can be formalized as
a pattern matching and instantiation function frcqson
D,ow,G — FEin,s, where E;, 4 is the set of instantiated
events. The engine continuously analyzes the trajectory p
and posture S; sequences. When it detects a set of data
that simultaneously satisfies all the constraints of an event
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pattern in the graph, it instantiates a specific event ¢; and
annotates its associated ideological and political concept
Cy,. The digital twin scene engine receives these semantic
event sets F;,s; and dynamically generates a virtual scene
synchronized with the physical environment through the
rendering function frender(Dt, St, Einst). A simplified vi-
sualization of this smart basketball teaching scene is shown
in Figure 2.

The left side of Figure 2 shows the real-time video stream
and the overlaid student movement trajectory heatmap,
while the right side displays the list of currently identified
tactical events and their associated ideological and political
dimensions. This scenario visually presents the relationship
between e; and C,, through visualization encoding, thereby
embedding abstract ideological and political goals into a
concrete teaching process. This construction process pro-
vides a computable, semantically rich, structured context
description Scontext = (Draw, Einst, G) for subsequent
evaluation.

D. DATA-DRIVEN QUANTITATIVE EVALUATION MODEL
FOR IDEOLOGICAL AND POLITICAL LITERACY

The quantitative evaluation feedback layer receives the
structured context description Scontert OUtput by the in-
telligent context construction layer. Its core is the data-
driven quantitative evaluation model for ideological and
political literacy. This model aims to map semantic events
and multimodal features into continuous scalar values for
ideological and political dimensions, expressed as:

Yy = fassess(scontemt; 6) (3)

y € RP represents the quantitative score vector of D
ideological and political dimensions, and © is the model
parameter.

The model adopts a three-level architecture of feature ex-
traction, fusion decoupling, and evaluation output. The fea-
ture extraction module first extracts heterogeneous features
from Scontest- For spatiotemporal trajectories and event
sequences, statistical features such as team collaboration
density are calculated; for physiological signals, temporal
features such as heart rate variability are calculated to form
a primary feature vector x,4,,. The heart rate heterogeneity
is expressed as:

1

HRV = | ——
N -1

N—1
> (RRij1 — RR;)? 4)
i=1
The feature fusion and decoupling module is the key
to the model, and a feature converter based on a multi-
head self-attention mechanism is introduced. This module
follows a standard multi-head self-attention architecture
commonly used in representation learning, serving to dy-
namically reweight features rather than introducing a novel
mechanism. The calculation formula of this mechanism is:
Attention(Q, K, V) ft (QKT) V%)
ention(Q), K, = softmax
Vg
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FIGURE 2. Brief visualization of smart basketball teaching scenarios

In Formula 5, @), K, V are all obtained by different
linear projections of x4, and dj is the dimension of the
key vector. Through multi-head attention, the model can
adaptively weigh the contribution of different features to
a specific ideological dimension, realize the recombination
and decoupling of features in the semantic space, and output
a dimension-aligned feature vector z; [25-26]. Finally, the
evaluation output module is equipped with a fully connected
layer for each ideological and political dimension, mapping
zq to the final score:

Ya = o(wgzd + bq) (6)

o is the Sigmoid function, which constrains the score in
the interval [0,1] [27-28] and provides real-time feedback,
forming a closed loop between teaching and evaluation.

lll. EXPERIMENT AND EVALUATION
A. EXPERIMENTAL DESIGN
This study employs a quasi-experimental design with an
unequal control group pre-test-post-test scheme. The experi-
ment is conducted in two parallel basketball elective classes
at a university, taught by the same teacher with over five
years of teaching experience, ensuring consistency in teach-
ing content and class hours. Based on randomization, one
class is designated as the experimental group (n=32), receiv-
ing the intervention based on the smart teaching framework
presented in this paper; the other class is designated as the
control group (n=30), using traditional non-smart teaching
methods. The primary difference between the two groups
lies in the deployment of the smart teaching system, which
simultaneously integrates ideological and political elements
and enhances feedback frequency; thus, the independent ef-
fects of each component cannot be separately isolated in this
design. This study was approved by the Ethics Committee of
Lyuliang University, and was performed in accordance with
the principles of the Declaration of Helsinki. All eligible
participants signed an informed consent form.

One week prior to the experiment, all participants undergo
a pre-test, including assessments of basic basketball skills
(spot shooting, passing and receiving) and a measurement of
ideological and political literacy in university physical edu-
cation courses, to confirm no significant baseline differences
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between groups. The intervention lasts for 8 weeks (16 class
hours). The experimental group uses the system during the
tactical training segment of each class (approximately 25-
30 minutes) to receive real-time data feedback; the control
group performs the same exercises but receives only routine
guidance. A post-test is conducted after the experiment, with
the same content as the pre-test, and an additional system
experience questionnaire is administered to the experimental

group.

B. EVALUATION INDICATORS AND DATA COLLECTION
Table 1 presents the specific indicators and data sources
for the evaluation system, which comprises two main
components: basketball skills and ideological and political
education. All of the indicators developed are quantifiable
and measurable.

TABLE 1. Evaluation indicator system for teaching effectiveness

Evaluation
dimension

Primary indicator  Specific quantitative indicators and Data source and collection tools

calculation methods

Basketball skills ~ Technical execution 1. Set shooting accuracy: made shots /  Automated counting by computer
accuracy total attempts. 2. Effective pass vision system
completion rate in the restricted area:
successful passes / total attempts
Tactical execution
efficiency

Defensive slide movement efficiency
index: effective defensive distance /
(total movement distance X time)

Calculated from trajectory data
by UWB positioning system

Ideological and Process-based 1. Team collaboration index: weighted Real-time calculation and log
political literacy behavioral indicators model output value based on frequency recording by the smart teaching
and quality of effective assists and system’s situational
screens. 2. Rule compliance rate: understanding engine
compliance behavior ratio in simulated
penalty scenarios
Summative cognitive Scale scores for team spirit, rule

“Self-assessment scale for
indicators , and p spirit i i

and political literacy
of college students in physical
education courses™ (Likert
5-point scale)

This indicator system replaces subjective skill assess-
ments in the skills dimension with objective indicators
derived from sensor data directly. In the ideological and po-
litical dimension, it utilizes process-oriented (behavioral) in-
dicators to capture and quantify students’ outward behaviors
in specific educational settings in real time, thus enabling
a continuous, uninterrupted assessment of ideological and
political literacy. It also uses established measures (i.e., a
standard scale) with established reliability and validity as an
index for measuring changes in students’ internal cognition
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and attitude before and after the experiment, thereby cross-
verifying the degree to which behavioral indicators correlate
with the amount that students have internally comprehended
and internalized ideologically and politically. Together these
data types provide an integrated comprehensive evidence-
based assessment of how effective ideological and political
instruction has been.

C. EXPERIMENTAL PROCEDURE AND DATA ANALYSIS
METHODS

The experiment follows a standardized procedure of “pre-
test—teaching intervention—post-test.” During the teaching
intervention period, the experimental group uses a fixed 25-
30 minute core tactical practice session in each of the two
weekly classes to access and use the smart teaching sys-
tem. During the practice, the system automatically collects
data, constructs scenarios, and provides real-time feedback
throughout the entire process. The control group participates
in the same teaching activities during the same time period
but only receives verbal and demonstration guidance from
the basketball teacher. All courses are taught by the same
teacher and use the same lesson plans and equipment to
control for teaching variables.

To verify the homogeneity of the two groups of partici-
pants before the experiment, independent samples t-tests are
performed on the collected demographic variables, pre-test
scores on skills, and total pre-test scores on ideological and
political literacy to ensure no significant differences between
groups. The pre-test instrument demonstrated acceptable
internal consistency (Cronbach’s o = 0.86) based on a
pilot sample. The observed similarity in pre-test scores
reflects successful randomization and is further supported
by nonsignificant t-test results. The results of the baseline
data balance test are shown in Table 2.

TABLE 2. Baseline data balance test between experimental and control
groups

Variable Experimental ~ Control group t value P value
group (n=32) (n=30)
Age (years) 19.34+0.76 19.27+0.81 0.351 0.727

Basketball skills pre-test total 66.2+7.5 65.8+8.1 0.205 0.838

score

Total score of pre-test on 79.14+8.7 78.31+9.4 0.358 0.722
ideological and political

literacy

Table 2 shows that there are no statistically significant
differences between the experimental and control groups
in key baseline variables such as age, initial basketball
skill level, and ideological and political literacy cognitive
foundation, satisfying the inter-group comparability premise
of the experimental design. This effectively controls the po-
tential confounding effect caused by differences in the initial
abilities of the participants in comparing the subsequent
intervention effects. In the data analysis phase, appropri-
ate statistical methods are used for indicators of different
natures. For continuous variables such as basketball skill
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indicators and ideological and political process behavior
indicators, independent samples t-tests are used to directly
compare the differences in post-test scores between the two
groups. For the summative scale scores of ideological and
political literacy, analysis of covariance is used, with pre-
test scores included as covariates in the model to control
for the influence of baseline levels, and then the differences
in the adjusted means of post-test scores between the two
groups are compared. All statistical analyses are performed
using SPSS 26.0 software [29-30], with a significance level
set at a=0.05.

IV. RESULTS

A. BASKETBALL TEACHING EFFECTIVENESS

To verify the impact of smart teaching scenarios on students’
acquisition of basic basketball skills, this study quantita-
tively compares the post-test scores of the experimental
group and the control group in three core skills: spot
shooting, restricted area passing, and defensive movement.
By collecting motion performance data recorded by sensors,
an independent samples t-test is used to examine whether
there are significant differences between the two teaching
models in promoting students’ skill mastery. The analysis
results are shown in Figure 3.

Figure 3(a) presents the performance differences between
the two groups of students in three skill indicators. The
vertical axis represents the quantitative score or index value
of each indicator, and the horizontal axis represents, in order,
the spot shooting percentage, the effective pass success
rate, and the defensive movement efficiency index. The
experimental group significantly outperforms the control
group in all three indicators. The mean values for the three
indicators in the experimental group are 0.70 (p<0.001),
0.86 (p<0.001), and 1.54 (p<0.001), respectively; while
those in the control group are 0.59, 0.74, and 1.31. This
advantage with respect to the experimental group can be
attributed to the real-time, accurate feedback mechanisms
provided within the smart teaching environment. By uti-
lizing the digital twin environment and multimodal data
visualizations, students are able to view their performance
in real time, including their own movement paths, their
pass selection choices, and their defensive positioning ef-
fectiveness. This instant, evidence-based corrective feedback
enhances the “practice-feedback” loop in motor skill de-
velopment, thereby facilitating the refinement of technical
skill development and the optimization of tactical decision
making. Traditional teaching methods utilize periodic gen-
eralized verbal feedback, which have difficulty achieving
this same level of effectiveness. Data from Figure 3(b)
indicates a higher positive correlation between shooting and
passing skill in the experimental group (r=0.510, r=0.301).
Therefore, smart teaching through systematic intervention
creates not only individual skill acquisition but also enables
students to develop a more synergistic and integrated skill
and experience structure. The smart teaching system utilizes
complex tactical simulation and analysis for students to

VOL. 15, NO. 3, AUGUST 2026



L. Xin et al.

JOURNAL
¢ ORG

AE

(a) Comparison of Basketball Skill Acquisition

WEperimental Group e
1.6 - Il Control Group

p < 0.001

'S

[

p < 0.001
ke

S
\ﬁ o \-\\\.

Score / Index Value

p <0001

Bl

o0

0.6

e
oS
\\:

(I()))q(;urrelnriun Between Shooting and Passing Skills

Effective Passing Rate

Exp. Group: r = 0.510
Control Group

0.9 e e

0 0.85 o

=]
%

e Experimental Group
= Control Group

Exp. Regression
——Ctrl. Regression

0.7 - -
0.5 0.55 0.6 0.65 0.7
Set Shooting Accuracy

0.75

0.8

FIGURE 3. Comparison and correlation analysis of basketball skill acquisition effects: (a) Comparison of skill indicators between
groups; (b) Correlation analysis between skills

combine as well as understand various technical movement
elements throughout training. Through the experimental
study, evidence supports that smart teaching using multi-
modal perception and real-time feedback scenarios effec-
tively and significantly enhance the efficiency and quality
with which students acquire core skills necessary to play
basketball.

B. QUANTITATIVE ASSESSMENT OF TEAM
COLLABORATION AWARENESS OVER PROCESS

The purpose of this research is to assess the influence
of smart teaching methods on developing team collabora-
tive consciousness among students through measuring their
“Team Collaboration Index” over time (8 weeks). A longi-
tudinal study of the data collected continuously from both
the experimental and control groups can be performed to
determine whether there is any correlation between the two.
The analysis examines the trajectory of this competency
dimension’s evolution over time and the patterns of inter-
group differences. Based on collaborative behavior data
recorded and quantified in real-time by the smart teaching
system, the development path and final level of students’
team collaboration awareness under the two teaching models
are compared. The stage-wise changes and differences in
behavioral structure are shown in Figure 4.

Figure 4(a) shows the dynamic changes of the team col-
laboration index over 8 weeks. The vertical axis represents
the comprehensive collaboration index calculated based
on behavioral data, and the horizontal axis represents the
teaching week. The collaborative index for the experimental
group demonstrates a continual and stable growth curve
from 0.58 in week one to 0.84 in week eight. Beginning
with week two, the weekly average for the experimental
group is significantly higher than the weekly average for
the control group. The reason for this difference is that
the smart teaching scenario provides instant and visually
displayed feedback related to collaboration on a tactical
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basis. The system’s ability to evaluate immediately whether
or not a tactical coordination is successfully achieved vi-
sually enables students to recognize how their behaviors
are contributing to or detracting from, their group’s overall
performance instantaneously. This can rapidly strengthen
appropriate collaborative behaviour patterns among stu-
dents. Meanwhile, the control group also demonstrates a
gradual increase in collaborative index from 0.56 to 0.68
during these weeks but exhibits flatter slopes with no
significant early breakthroughs because of how traditional
instruction provides delayed and abstract feedback related
to students’ collaboration, which inhibits their ability to
develop complex behavioral patterns. The information in
Figure 4(b) breaks down how the collaboration index is
made up by showing the frequency associated with four
different collaborative behaviors on the vertical axis. It
can be seen that there is a considerable difference in how
often the experimental group has effective assists and screen
setting when compared to the control group. Specifically,
the experimental group’s effective assists average frequency
is 0.23 higher than that of the control group, and the
cover actions frequency is 0.24 higher than that of the
control group. Both of these behaviors are directly tied to
two of the main assessment indicators for this study (i.e.,
both are factors in the simulated environment training) and
support that smart teaching, using clearly defined rules and
providing students with immediate or “real-time” feedback,
can help develop key collaborative skills that can be defined
and measured. Therefore, the analysis of the results suggests
that the collaborative skills that are developed through the
use of a smart teaching scenario with real-time feedback,
plus an assessment and feedback process, can assist in the
overall development of the group’s team awareness as well
as help students improve their tactical collaboration skills,
which can be measured and are observable.
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FIGURE 4. Development process and behavioral structure analysis of team collaboration awareness: (a) Evolution of collaboration
index; (b) Collaborative behavioral structure in week 8

C. REAL-TIME MEASUREMENT OF RULE AWARENESS
AND SPORTSMANSHIP
This study evaluates how well the smart teaching scenario
helps students learn and retain basketball rules and how to
show sportsmanship by looking at six dimensions (rule-
compliance, fair-play competition, respect for opponents,
etc.) through an extensive measurement/comparison analysis
between the experimental and control groups. Behavioral
event trackers are used to collect data from the student ath-
letes during both the experimental and control-group testing
and analyze it to determine quantitatively, based on sum-
mative scores, the structural differences in sportsmanship
literacy between the two groups’ students’ sportsmanship
literacy levels throughout the testing process. The results
of the multi-dimensional analyses have been presented in
Figure 5.

Sportsmanship assessment results can be seen in Figure
5 across six dimensions, with the radial coordinate for
each dimension showing the score on the assessment (0 to
1). All six dimensions scores are derived from behavioral
events automatically recorded by the smart teaching sys-
tem’s situational understanding engine (e.g., rule violation
counts, referee interaction events), rather than subjective
ratings. The experimental group outperforms the control
group on all six dimensions. Specifically, the experimental
group achieves 0.89 (SD=0.06) in “rule compliance” versus
the control group’s 0.72 (SD=0.11), and 0.87 (SD=0.07) in
“referee respect” versus the control group’s 0.68 (SD=0.12).
This is a direct result of the rules-based, feedback-rich
environment created within the smart teaching scenario.
The digital twin system can accurately identify and classify
all tactical fouls and traveling violations instantaneously
and objectively, which gives students immediate feedback
through visual means. The continual and accurate rein-
forcement of the rules helps students define their explicit
behavioral boundaries in their “heads.” In contrast, because
the control group lacks a sufficient density and intensity
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of immediately available stimuli to learn and internalize
the rules, they are much more likely to exhibit behavioral
differences when presented with simulated penalties. The
“emotional management ability” of the experimental group
is the lowest score for either group, but it is still a full 0.16
points higher than that of the control group. This reflects that
emotional regulation is more implicit, and its improvement
may depend on longer-term teaching interventions or spe-
cialized psychological training. The positive effect of single-
mode tactical scenario simulation has certain limitations. In
summary, smart teaching scenarios based on multimodal
perception and real-time feedback can effectively shape
students’ understanding, compliance, and respect for explicit
rules in sports activities, but its effect on promoting implicit
emotional self-regulation ability is relatively limited.

The relatively low variance within the experimental group
(SD range: 0.05-0.09 across dimensions) reflects the stan-
dardized behavioral measurement protocol, which records
discrete rule-based events rather than subjective ratings.
The non-uniform improvement pattern—with “emotional
management ability” showing the smallest gain (A=0.16)—
further supports the authenticity of the data, as such vari-
ability aligns with educational expectations for differential
intervention effects across dimensions.

D. COMPARISON OF SUMMATIVE ASSESSMENT OF
COMPREHENSIVE IDEOLOGICAL AND POLITICAL
LITERACY

To systematically evaluate the overall educational effective-
ness of smart teaching scenarios on students’ ideological and
political literacy, this study further integrates process behav-
ioral data and summative cognitive assessments to compare
and analyze the comprehensive ideological and political
literacy levels of students in the experimental and control
groups after the course. By analyzing the total score and
scores of each sub-dimension (team spirit, rule awareness,
and perseverance) of the post-test of ideological and political
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literacy in college students’ physical education courses, and
supplemented by cross-validation with process assessment
data, the profound differences between the two teaching
models in promoting the internalization and integration of
students’ ideological and political literacy are examined.
The overall distribution is shown in Figure 6.

The vertical axis of Figure 6(a) represents the total score
of the scale. The results show that the mean total score of
the experimental group is 88.6, higher than the 80.1 of the
control group (A=8.5, p<0.001). The box plot and scatter
distribution show that the experimental group not only has a
higher mean, but also a more concentrated data distribution
(standard deviation of 3.2, lower than the 4.1 of the control
group), and a slightly narrower interquartile range. This
difference in distribution pattern indicates that the smart
teaching scenario, by providing standardized, structured, and
immediate feedback and contextual immersion, effectively
reduces the individual randomness in the development of
students’ ideological and political literacy, enabling more
students to achieve a relatively stable and higher level of
literacy; while in the traditional teaching model, students’
learning outcomes rely more on individual comprehension
and accidental experience, resulting in greater dispersion of
results. The vertical axis of Figure 6(b) shows the scores of
the three sub-dimensions. The experimental group leads in
all three sub-dimensions, with scores of 29.8, 29.6, and 29.4,
respectively. Among them, the team spirit dimension scores
the highest. This phenomenon stems from the fact that the
smart teaching scenario decouples the abstract concept of
“team spirit” into specific, trainable, and quantifiable collab-
orative behaviors such as passing, screening, and covering,
and continuously reinforces these behaviors through system
feedback. In contrast, the “perseverance spirit,” which relies
more on intrinsic motivation and willpower, scored relatively
lower. The analysis in Figure 6 shows that the smart teaching
scenario based on multimodal perception and data feedback
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can systematically and evenly improve the core dimensions
of students’ ideological and political literacy, and promote
the convergence of their learning outcomes towards a more
stable and higher level.

V. CONCLUSION

This study constructs a smart basketball teaching scenario
framework based on multimodal data perception and intelli-
gent context construction, integrating the rigorous precision
and craftsmanship spirit of the industry into its quantitative
assessment model. Through teaching experiments, it verifies
the effectiveness of this framework in synchronizing value-
driven ideological elements with the technical discipline
required for high-accuracy engineering and athletic perfor-
mance. This method deploys a sensor network to capture
students’ movement, physiological, and behavioral data in
real time, utilizes domain knowledge graphs to drive the
generation of digital twin teaching scenarios, and outputs
quantitative indicators of ideological and political literacy
based on a data-driven model, achieving an integrated closed
loop of teaching and assessment. Experimental results show
that this framework effectively improves teaching outcomes:
in terms of basketball skill acquisition, the experimental
group’s effective passing success rate within the restricted
area reaches 0.86, significantly higher than the control
group’s 0.74; in terms of ideological and political literacy
development, the experimental group’s process assessment
indicators, such as the teamwork index, reach 0.84 in
week eight, and its score on the “rule compliance” sports-
manship dimension reaches 0.89. The adjusted mean of
the total score of the summative assessment scale is also
significantly better than that of the control group. This
study provides an innovative paradigm with both technical
feasibility and empirical support to address the problems
of rigid integration pathways and difficulty in measuring
the educational effects in ideological and political education
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within basketball courses. It also offers practical reference
for the in-depth application of smart education technology
in cultivating morality and character by integrating the rig-
orous precision and craftsmanship spirit of the industry into
digital learning environments. This approach ensures that
the pursuit of technical excellence in engineering becomes
a measurable vehicle for developing professional ethics
and personal integrity within a modernized educational
framework. Limitations: This study does not disentangle the
effects of ideological integration from those of enhanced
feedback frequency, as both co-occur in the smart teaching
system. Future research should employ factorial designs to
isolate these factors and further validate their respective
contributions.
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