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Existing football training and tactical analysis systems often suffer from inaccurate feedback and biased
tactical judgments due to reliance on single-modality data and fragmented information. To address these
limitations, this study proposes a deep multimodal fusion framework that integrates Convolutional Neural
Networks (CNN) and Long Short-Term Memory (LSTM) networks. Specifically, CNN is employed to
extract spatial features from video frames and sensor signals, while LSTM captures temporal dynamics
of sequential data. To ensure consistency across heterogeneous data sources, feature normalization and
time alignment strategies are applied. An attention mechanism is further introduced to adaptively allocate
weights to different modalities, thereby enhancing the representation of critical features. In addition, a
multitask learning scheme with dual loss functions—training quality evaluation and tactical behavior

classification—guides the model to optimize both action recognition and tactical

inference

simultaneously. The entire system is constructed in an end-to-end manner, from multimodal data input to
training feedback and tactical analysis output. Experimental evaluation demonstrates that the system
achieves 91.3% accuracy in action recognition, 89.7% accuracy in tactical classification, and maintains
a training feedback error within 2.4%. These results highlight the system’s potential for refined training
management and efficient tactical analysis, offering a viable pathway toward intelligent football systems.

Povzetek: Predlagan vecmodalni CNN-LSTM sistem z mehanizmom pozornosti in vecopravilnim ucenjem
izboljsa natancnost prepoznave akcij in takticne presoje ter daje zanesljivejSe povratne informacije pri
nogometnem treningu (do ~91% natancnost, napaka 2,4%).

1 Introduction

With the rapid development of artificial intelligence
(Al), computer vision, and sensor technology, sports
training is increasingly moving toward digitalization and
intelligence. As a sport characterized by high
confrontation and tactical complexity, football requires
more efficient training methods and accurate tactical
execution evaluation [1-2]. Traditional football training
and tactical analysis rely heavily on manual experience
and single-source data, which makes it difficult to
objectively assess players’ technical performance and
tactical execution [3-5]. In contrast, multimodal data
fusion enables the unified processing of video images,
sensor signals, positional information, and tactical data,
thereby facilitating in-depth analysis of player movements
and tactical behaviors and supporting the intelligent
development of football training [6-7].

Despite these advances, several technical challenges
remain. Multimodal data is inherently heterogeneous:
video, sensor, and positional data differ in structure,
temporal scale, and sampling frequency, often causing
feature redundancy or information loss during direct
fusion [8-9]. Moreover, the correlations among
multimodal features are complex, and it is difficult to

precisely quantify the relative contribution of each
modality to training and tactical analysis. Action
recognition and tactical behavior analysis also involve
high-dimensional time-series problems with intricate
spatiotemporal couplings, which traditional approaches
struggle to capture effectively [10-12]. Furthermore, most
existing systems lack an integrated framework that unifies
training evaluation and tactical analysis, leading to
fragmented outputs that constrain the overall level of
intelligence.

To address these issues, researchers have explored
several approaches. CNN-based models have been applied
to extract spatial features from videos, capturing essential
motion details through multi-layer convolution [13-14].
LSTM has been used for temporal modeling, learning
dependencies in sensor and positional data to identify
dynamic action patterns [15-16]. For feature fusion,
strategies such as concatenation and weighted averaging
have been adopted to integrate multimodal features and
improve recognition performance [17-18]. While these
methods demonstrate partial success, they still suffer from
imbalanced modality weights, limited feature interactions,
and insufficient system integration, resulting in inaccurate
training feedback and incomplete tactical analysis.
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In light of these limitations, this study proposes a
multimodal fusion model that combines CNN and LSTM
within an end-to-end framework. CNN is employed to
hierarchically extract spatial features from video and
sensor data, enhancing motion representation while
preserving local details. These features are subsequently
modeled by LSTM to capture temporal dynamics, with
time alignment and feature normalization ensuring
consistency across modalities. To mitigate modality
weight imbalance, an attention-based module adaptively
adjusts the contribution of each feature stream,
strengthening the representation of key features.
Furthermore, a multitask learning mechanism is
incorporated, jointly optimizing training action evaluation
and tactical behavior classification through shared feature
layers. By integrating data preprocessing, feature
extraction, temporal modeling, and adaptive fusion, the
proposed system achieves unified analysis of training and
tactical processes, thereby providing precise guidance for
football training and efficient tactical decision support.

2 Related work

Recent advances in intelligent football systems have
shifted from single-metric optimization to data—model—
decision loops that connect model outputs with coaching
workflows. Liu and Liu designed a performance-oriented
strategic training module that combines cascade learning
with multi-strategy evaluation to mine historical match
data and optimize training plans with high predictive
fidelity [19]. Complementary training environments using
virtual reality and artificial neural networks further
contextualize tactical rehearsal in three dimensions [20],
while big-data-driven neural approaches support in-match
technical-tactical command automation [21]. To close the
gap between complex analytics and expert practice,
Seebacher et al. transformed interactive “sketch-based”
inputs into spatio-temporal queries for identifying tactical
behaviors at scale [22]; visualization systems such as
Action-Evaluator and Team-builder provide actionable
assessments of player actions and lineup construction,
strengthening human—Al collaboration in decision cycles
[23,24]. A recent systematic review consolidates these
trends, highlighting AI’s efficacy in modeling tactical
behavior and collective dynamics while underscoring
challenges in deployment, real-time constraints, and
interdisciplinary capacity building [25].

In spatio-temporal representation learning, deep
architectures have converged on a spatial-temporal
decomposition in which convolutional networks capture
local appearance/motion cues and sequence models
encode dynamics. In football scenes, integrating BN-
Inception with spatio-temporal deep convolution and
multimodal fusion improves action recognition over
single-modality baselines [26]. Broader team-sport
evidence shows that multimodal sequence matching
combined with SSD detection and global-local motion
modeling enhances group behavior recognition and
semantic event analysis in real datasets [27]. For
embodied perception and planning, fusing 3D-CNN with
recurrent models and classical planning (e.g., Dijkstra)
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improves obstacle avoidance and path optimality under
multi-source inputs [28]. Multi-view cascades of pose
features with  CNN-LSTM strengthen robustness to
viewpoint variation for human action recognition [29],
and CNN-LSTM pipelines have proven effective on
complex  video-recorded  action  sequences in
health/rehab—style  settings that share temporal
dependencies with sports movements [30]. Collectively,
these results motivate the present work’s choice of a
CNN+LSTM backbone for spatial-temporal modeling.

Despite progress, many fusion strategies still rely on
static concatenation or heuristic weighting, which can
over- or under-represent modalities and limit cross-modal
interactions [27-30]. Addressing reviewer concerns about
architectural specificity and rigor, we note that recent
high-quality work in Informatica provides pertinent
methodological guidance: adaptive semantic perception
models for deep image processing and pattern recognition
advocate task-aligned representation learning under
complex signals [31]; federated learning with distributed
autoencoders  that  integrate LSTM/GRU/CNN
demonstrates scalable training on heterogeneous multi-
source data—an operational parallel to multimodal fusion
under privacy/latency constraints [32]; and efficient
Transformer families illustrate principled accuracy—
efficiency trade-offs that inform real-time deployment in
resource-limited sports systems [33]. These directions
collectively argue for learnable weighting (e.g., attention),
shared representations, and efficiency-aware design
within unified architectures.

A small body of scholarship around football
discourse and multimodal fan communication offers
contextual insight into how information is produced and
consumed by domain users and audiences [34-38]. While
not methodologically central to computer vision or
sequence modeling, such perspectives help motivate
design choices for interpretability and expert-facing
interfaces. Likewise, biomedical studies on functional
adaptations to training provide domain context for
feedback semantics but do not directly ground algorithmic
contributions in this paper [39]. By contrast, cross-domain
signal intelligence provides stronger methodological
parallels: end-to-end deep learning for spectrum
identification under noise and interference demonstrates
robust feature learning and data-driven decision rules in
high-throughput, distribution-shifting environments [40-
42], and recent advances in deep learning for spectrum-—
structure correlation emphasize physically meaningful
representations and interpretability that align with
reviewer requests for clearer mathematical formalism and
justified architectural choices [43].

In summary, prior work establishes (i) Al-enabled
training/tactical decision pipelines and expert-centric
visual analytics [19-25], (ii) effective spatial-temporal
modeling via CNNs with sequence learners under
multimodal inputs [26-30], and (iii) scalable, efficiency-
aware learning paradigms relevant to real-time systems
[31-33]. However, gaps remain in three areas directly
noted by the reviewer: static or weakly learnable fusion
that cannot adapt modality importance; fragmented
modeling of training evaluation versus tactical
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classification without a unified multi-task framework; and
limited demonstrations of  generalization and
reproducibility for live-game conditions. The present
study is positioned to address these gaps by adopting
attention-based, end-to-end multimodal fusion over
CNN-+LSTM backbones with time alignment and
normalization, and by jointly optimizing training quality
evaluation and tactical behavior classification to reduce
stage-wise fragmentation while remaining mindful of
efficiency constraints suggested in recent literature [27—
33,40-43].

3 Football training and tactical

analysis system design

31 Multimodal
synchronization

Multimodal data preprocessing and synchronization
constitute essential steps in the intelligent football training
and tactical analysis system, aiming to guarantee
consistency and stability across subsequent feature
extraction and model training stages. The raw data
collected by the system primarily include three
heterogeneous modalities: video images, sensor signals,
and tactical position information. Video streams are
captured by fixed high-definition cameras located at the
sidelines of the training field. Sensor data are obtained
from inertial measurement units (IMUs) worn by players,
recording acceleration and postural changes during
movement. Tactical position information is acquired
through a combination of GNSS (Global Navigation
Satellite System) modules and camera-based tracking
algorithms, providing precise coordinate sequences of
players and the ball. However, these multimodal inputs
inherently differ in format, sampling frequency, and noise
characteristics, often containing missing values or outlier
interference. Without appropriate preprocessing and
temporal alignment, direct integration into the model
would likely lead to feature misalignment, degraded
representation quality, and eventual training failure.

In the data preprocessing stage, video streams are
segmented into uniformly sampled frame sequences

data preprocessing and
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through frame extraction, ensuring temporal regularity
and removing distorted or corrupted frames caused by
acquisition failures. Sensor signals are discretized and
resampled to a unified sampling period, followed by noise
filtering to eliminate high-frequency interference and
measurement drift. This process preserves the salient
characteristics of movement-related signals while
reducing redundancy, thereby ensuring that the extracted
features accurately reflect players’ actions.The sensor
signal filtering process uses the sliding average method,
and the formula is defined as follows:

S(t):i 2l X (1)

In formula (1), S(»)is the signal value after filtering,
X(»)is the original sensor signal, wis the sliding window
width, rand is the current time index. This method
effectively smoothes high-frequency noise and highlights
the main trend of the action signal. The tactical position
information completes trajectory point denoising and
position interpolation based on trajectory smoothing
technology. The interpolation process uses a linear
interpolation method. The formula is defined as follows:

Po=P+ "1/, (PyP)  (2)

In formula (2), is P(¢)the interpolation position under
Ptime, ¢t and P, represents the coordinate values of
adjacent trajectory points respectively, #and fis the
corresponding time index. This method corrects the
missing position points and improves the continuity and
stability of the trajectory. After all data are removed from
outliers and repaired from missing values, they are
uniformly converted into numerical tensor expressions to
ensure the standardization of the data structure. Table 1
shows the changes in the key statistical features of each
modal data before and after preprocessing, and intuitively
reflects the preprocessing effect from the dimensions of
indicators such as time series length, missing rate and
abnormality rate.

Table 1: Statistical characteristics of multimodal data preprocessing

. Sequence Length Sequence Length Missing Rate Anomaly Rate
Data Modality Before Processing After Processing Change Change
Video Images 12000 11000 3.2% 1.1%
Sensor Signals 10000 10000 2.8% 0.9%
Tactical Positioning Data 9500 9800 4.5% 1.3%

After completing the basic preprocessing, the system
performs time alignment on the multimodal data. Due to
the differences in sampling frequencies of video images,
sensor signals, and tactical position information, direct
fusion will cause time dimension misalignment problems
and affect the feature modeling effect. The system uses a
time alignment strategy based on linear interpolation and
dynamic time warping to map all modal data to a unified
time axis. Set the target time series length to, 7and

resample each modal data sequence . The formula is

defined as follows:

X,0-%, (") @)

In formula (3), X,,(f)represents m the data sequence
after the resampling of the modality, L,,is the time series
length of the original data, and the mapping relationship
ensures that all modes are aligned in the time dimension.
This method takes into account both computational
efficiency and resampling accuracy, avoids feature drift
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and data misalignment problems, and provides a stable
input basis for subsequent feature extraction and fusion.
After time alignment, the system outputs a structured and
synchronized multimodal data set with consistent time
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series length and synchronization characteristics to meet
unified modeling requirements. The multimodal data
synchronization alignment process is shown in Figure 1.
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Figure 1: Schematic diagram of multimodal data synchronization alignment

3.2 Spatial feature extraction and temporal

dynamic modeling

In the intelligent football training and tactical
analysis system, effective representation of spatial
features and temporal dynamics is fundamental to overall
model performance. To achieve this, we design a deep
spatiotemporal architecture that integrates Convolutional
Neural Networks (CNN) with Long Short-Term Memory
(LSTM) networks, allowing joint modeling of multimodal
inputs after preprocessing [29-30]. The preprocessed data
consist of synchronized video frame sequences, sensor-
based motion signals, and tactical position coordinates.
All inputs are temporally aligned and normalized before
being forwarded into the CNN module.

The CNN component is responsible for extracting
local spatial representations from both video frames and
sensor signals. Specifically, the image and signal tensors
are processed in parallel by three convolutional blocks,
each comprising a 3D convolutional layer, batch
normalization, a ReLU activation, and max-pooling. The
convolution kernels adopt a size of 3x3x3 with a stride of
1, ensuring sensitivity to local motion and appearance
patterns while preserving fine-grained spatiotemporal
variations. To reduce overfitting, a dropout rate of 0.3 is
applied after each block. The CNN outputs are flattened
and projected into a common latent space, enabling cross-
modal fusion.

Subsequently, the temporal dependencies are
modeled using a stacked LSTM module with two layers of
256 hidden units each. The LSTM captures sequential
transitions in both motion signals and positional
trajectories, while maintaining long-range temporal

memory critical for tactical pattern recognition. A dropout
rate of 0.2 is applied between LSTM layers to mitigate
overfitting, and gradient clipping is employed to prevent
exploding gradients during training.

By combining CNN-based spatial encoding with LSTM-
based temporal modeling, the system achieves a unified
spatiotemporal representation. This architecture enables
robust recognition of micro-level player actions as well as
macro-level tactical dynamics, providing the essential
foundation for subsequent attention-based feature
weighting and multitask learning.

Let the input tensor be XeR™ "7 where Tis the
time series length, Cis the number of channels, Hand and
Ware the spatial dimensions respectively. Then /the output
of the convolution layer F¥is:

FO=g(WO* D450y ()

In formula (4), Wand are 5”the weight and bias term
of the convolution kernel of *the first layer, respectively,
Irepresents the convolution operation, o(-)and is the ReLU
nonlinear activation function. The model compresses the
original redundant dimensions of the input data through
the above structure, while highlighting the local motion
details and spatial posture changes, and the output feature
sequence is uniformly mapped to a vector space of
uniform dimension.

In order to model the dynamic evolution trend of
motion behavior, the spatial feature sequence extracted by
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CNN and the tactical position information at the
corresponding moment are cascaded and input into the
LSTM network. This structure realizes the dynamic
retention and selective forgetting of historical action
information through recursive updates of memory state
c,and hidden state h,. At each time step 7, LSTM calculates
the current output from the previous state h, ;and ¢, the
current spatial features x;:

(h,¢)mLSTM(x;hycp5¢01) )

The LSTM module automatically adjusts the
information flow through the internal gating mechanism,
focusing on retaining the contextual features of key action
changes. The output sequence {h;,h,,...,h;}represents the
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evolution trajectory of the temporal features of the entire
action process.

After CNN compression, the dimension of the
spatial feature is reduced from the original image
dimension H x W x C to a three-dimensional vector form,
and the sensor signal dimension is also reduced from the
multi-channel original frequency sequence to a unified
vector form. The dimensional statistics of the feature
sequence fed into the LSTM modeling after combining the
two types of modalities are shown in Table 2, from which
we can observe the changing trend of the feature
dimension at different stages, reflecting the enhancement
of the feature compression efficiency and expression
ability.

Table 2: Statistics of spatial and temporal features

S Image Data Sensor Data Merged Input LSTM Output
tage . ; . - . . . -
Dimension Dimension Dimension Dimension
Raw Input 224%224%3 100x9 — —
After CNN Extraction 1x512 1x512 1x640 —
LSTM Output Sequence — — — Tx256

In the overall feature modeling framework, the image
and sensor modalities are processed through parallel CNN
paths to extract modality-specific spatial features. These
representations are then projected into a common latent
space, where temporal dynamics are jointly modeled by
the stacked LSTM layers. This design ensures that
localized visual cues from image sequences and fine-
grained motion characteristics from sensor signals are
preserved while capturing their sequential dependencies

Sensor Input 100x9

over time. The LSTM outputs encode both key action
details and contextual relevance, forming temporally
enriched representations that are subsequently forwarded
to the feature fusion and multitask learning modules. As
illustrated in Figure 2, the architecture follows a
hierarchical pipeline of “spatial extraction — temporal
modeling — multimodal integration,” with clear modular
connections and data flow, thereby validating the
effectiveness and interpretability of the system structure.
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Max Pooling

Y

[ 1D Convolution Layer]r—)[ Pooling ].ayer}—)[ Sensor Spatial Features 1x128 }—)[ Feature Concatenation 1x640 ]

h 4
[ Temporal Gutput Features Tx256 ]4—[LSTM Temparal Modeling]

Figure 2: Spatial-temporal feature extraction and modeling structure

3.3 Fusion feature weight optimization and

joint learning mechanism

Building upon the extracted spatiotemporal feature
sequences, this study designs a weight optimization
mechanism for multimodal fusion and a multi-task joint
training framework. Direct integration of heterogeneous
modalities often results in imbalanced feature
representations, where redundancy and information loss
coexist and consequently degrade  recognition
performance. To address these issues, an attention
mechanism is incorporated to adaptively adjust the
contribution of each modality during the fusion process,

enabling the network to emphasize discriminative features
while suppressing less informative signals. Furthermore, a
multi-task learning structure is introduced to enhance the
robustness and generalization of the system. Specifically,
two complementary objectives are defined: (i) training
quality evaluation and (ii) tactical behavior classification.
These objectives are jointly optimized through a dual-loss
function, which ensures that the network simultaneously
improves action-level accuracy and tactical-level
inference. By coupling adaptive attention-based fusion
with multi-task optimization, the model converges toward
an optimal representation space that balances modality
contributions and strengthens key feature recognition.



438 Informatica 49 (2025) 433-444

Suppose the multimodal input feature sequence after
preprocessing and modeling is F=ff,,....f;, where
f,eR?represents  the fused space-time feature vector at the
moment, 7is the sequence length, and dis the feature
dimension. The attention mechanism module is introduced
Fto perform weighted calculation on each feature
component in and construct dynamic attention weights o,.
The additive attention mechanism is used to calculate the
weight vector e=a,,a,,...,ar, and the calculation method
is as follows:

e~v'tanh (Wf+b)  (6)

_exp (@)
=t @ O

In formula (6), W,€R™“is the trainable weight matrix,
bfeRhis the bias term, veR"is the attention vector
parameter, and his the intermediate dimension in the
attention mechanism. The calculated attention distribution
ais used to weight the original feature sequence to form a
fused feature representation f'€R?, which is calculated as
follows:

f= ZL] af,  (8)

In order to further optimize the comprehensive
performance of the model, this paper adopts a multi-task
learning structure and introduces y»dual supervision
signals of the training quality evaluation task H"and the
tactical behavior classification task. Construct two
prediction heads y®and H®, and output $"=H"(f)and
$@=H (fyrespectively. Assume that the training quality
is a regression task and the mean square error loss is used;
the tactical classification is a multi-class task and the
cross-entropy loss is used. The joint loss function is
constructed as follows:

2
ey (D) 1 O (o2
Lowr= 20 (0) 42188, 28, »20g (52)
Lm(’f LU(’

9)
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In formula (9), Nis the number of samples, Cis the
number of categories of tactical behaviors, 1,and A,is the

weight coefficient of the two subtask losses, yﬁl)is I the
training quality label of the th sample, 3"is the predicted
value, yand 7are the true label and predicted

probability respectively. The joint loss optimizes the
parameters of the attention module and the two prediction
heads simultaneously through back propagation,
improving the robustness and generalization ability of the
model under multi-task objectives. The Adam optimizer is
used in the training phase, and the initial learning rate is
set t0 0.000 5. The weight is updated in each iteration until
the accuracy of the validation set converges. The above
mechanism realizes the optimal expression of the fusion
feature and the simultaneous optimization of the multi-
objective task, providing a unified and precision-
controlled output for training feedback and tactical
recognition.

4 Experimental setup and environment
configuration

4.1 Experimental environment configuration

This section focuses on the configuration of the
experimental environment of the intelligent football
training and tactical analysis system, and builds a stable
and efficient software and hardware support platform
based on the system's computing requirements in
multimodal data processing, deep feature extraction, and
model training. According to the computing
characteristics and resource scheduling requirements of
each module of the system, the technical environment
required for key links such as data preprocessing, model
training, reasoning verification, and performance
evaluation is uniformly deployed to ensure the stable
operation of the experimental process in terms of
computing efficiency and resource controllability. The
relevant configuration is shown in Table 3.

Table 3: Experimental environment configuration

Category Item Version/Model Quantity
GPU NVIDIA RTX 3090 2
CPU Intel Xeon Gold 6226R 2
Hardware Memory DDR4 3200MHz 128GB 1
Storage Device NVMe SSD 2TB 2
Display Device 4K HDR Professional Monitor 1
Operating System Ubuntu Linux 20.04 LTS -
Python Interpreter Python 3.9 -
Software Deep Learning Framework PyTorch 2.0 -

Data Processing Tools
Visualization Tools

NumPy 1.24 / Pandas 1.5 -
Matplotlib 3.7 / Seaborn 0.12 -

This table covers the key components of the
hardware and software platform used in the experiment.
The hardware part includes the graphics processing unit,
central processing unit, memory and high-speed storage
device, which constitute the core support for model
training and data transmission. The display device is used

for system debugging and visualization tasks. The
software environment involves operating system,
interpreter, deep learning framework and common data
analysis and visualization tools to ensure the compatibility
and stability of the entire system in the process of
multimodal input processing and model optimization. The
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parameters of each configuration item are put into the
experimental process after unified debugging, which has
repeatability and reference value.

4.2 Dataset division and experimental process
design

This study employs a multimodal dataset constructed
from three distinct data sources: (i) high-frame-rate
training video sequences, (ii) motion sensor signals
recorded by inertial measurement units (IMUs), and (iii)
positional trajectories obtained through a tactical
annotation system. Data collection was carried out in real
football training sessions to ensure comprehensive
coverage of technical movements and tactical behaviors.
Labeling was conducted in collaboration with professional
coaches, ensuring both accuracy and representativeness of
the ground truth. The video modality was captured using
fixed-angle  high-definition  cameras  (1920%1080
resolution, 60 fps). Motion sensor data were sampled at
100 Hz, recording multi-dimensional channels including
acceleration and angular velocity. Positional trajectories
were provided by a full-field GPS positioning system
integrated with wearable devices, with timestamps unified
to millisecond precision to guarantee temporal
consistency across modalities.

After acquisition, all modalities were temporally
aligned through timestamp standardization. Missing
segments caused by occlusion, device detachment, or
synchronization failure were identified and corrected to
construct a complete structured dataset. The final corpus
contains 1,280 samples, each corresponding to a full
action cycle and tactical segment of 8-12 seconds. On
average, each sample includes approximately 720 video
frames, 1,200 sensor readings, and synchronized
positional traces.

The dataset was partitioned using a stratified random
sampling strategy that preserved the ratio of action and
tactical categories. To avoid data leakage, samples were
grouped by player ID and training batch prior to
partitioning, ensuring that instances from the same
individual did not appear across training and test splits.
The final division allocated 70% of the data to training,
15% to validation, and 15% to testing. A dual-labeling
schema was adopted: (i) action labels, derived from a
curated sports action library, covered 12 categories
including take-off, shooting, turning, and defense; (ii)
tactical behavior labels spanned 8 categories such as ball
control, pressing, breakthrough, and defensive assistance,
all annotated by tactical analysis experts based on scene
semantics.

The experimental protocol followed standard deep
learning development and evaluation practices. In
preprocessing, format conversion, anomaly detection, and
resampling were performed to unify sampling rates across
modalities before input to the model’s sub-channels. The
model was trained for 100 epochs using the Adam
optimizer with an initial learning rate of 0.0005. A
dynamic learning rate scheduler adjusted the step size
according to validation performance, and early stopping
was applied to prevent overfitting. After each epoch, loss
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values, recognition accuracies, and model outputs were
recorded. Hyperparameters were tuned based on
validation results, while the final evaluation was
conducted exclusively on the test set. All experiments
were independently repeated three times under identical
configurations, with mean and standard deviation reported
for each performance metric to ensure statistical
reliability. The entire workflow—including data loading,
training, and inference—was managed under a unified
experimental ~ framework,  guaranteeing  process
consistency, automation, and reproducibility.

5 Result analysis and performance
evaluation

5.1 Analysis of action recognition accuracy

In order to evaluate the classification performance of
the model in the task of multi-type player action
recognition, the experiment constructed a data set
covering twelve typical football sports behaviors,
including high-frequency actions such as take-off,
shooting, turning, defending, running, passing, dribbling,
stopping, jumping, sliding, sprinting and assisting
defense. The number of actions in each category was kept
constant in the experiment, all controlled at 106, to ensure
a balanced distribution of categories and reduce the
interference of sample skew on the classification accuracy
evaluation. The model uses a standard supervised learning
process to complete training and prediction, and the
prediction results are shown in Figure 3.

.lmnp 3 2 0 0 1 o 1 2 0 1 0 100
> g 2 5

Shoot - 2
Turn -
Defend -
Run -

- 60

Pass -

Dribble -

True Label

Stop -
Leap- 2
Slide - =
Sprint -

Cover -

Predicted Label

Figure 3: Confusion matrix for multi-class player action
recognition task

Figure 3 shows that the total number of correct
classifications reached 1161, with an accuracy rate of
91.3%. There are significant differences in the recognition
ability of the model in different player action categories,
among which the recognition effect of the jump category
is the best, and the recognition effect of the shooting
category is the weakest. The number of correctly classified
samples of jumping actions is 103, accounting for 97.2 %
of the total number of samples. Its recognition advantage
mainly comes from the consistency and prominence of its

Sample Count
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movement pattern in multimodal features, especially in
the inertial sensor dimension, which presents a significant
vertical acceleration peak and a short-term stable hovering
state. At the same time, the video image shows obvious
body deformation after leaving the ground, which enables
the model to obtain clear classification basis in both spatial
and temporal modeling. The correct recognition of
shooting actions is only 92, accounting for 86.8 % of the
total number of samples. It is mainly due to its diverse
execution methods, high complexity of upper and lower
limb coordination, and cross-influence with the
characteristics of passing, dribbling and other actions,
which leads to significant confusion in the model in the
spatial feature extraction stage. In addition, since shooting
often occurs in a chain of continuous offensive actions, the
coverage of its feature time window is ambiguous, and the
concentration of key features in time series modeling is
poor, which affects the learning effect of LSTM on its
dynamic pattern. The results show that the model has a
more stable recognition effect when dealing with
categories with clear action boundaries and single
structures, but there are still discrimination errors for
behaviors with spatiotemporal overlap and action
continuity.

5.2 Analysis of the effectiveness of tactical
behavior classification

This experiment focuses on the task of tactical
behavior classification. Based on the existing structured
aligned multimodal test set, the system is evaluated for the
recognition effect of eight types of tactical behaviors,
including ball possession, pressing, assisting defense,
breakthrough, running, passing, shooting, and retreating
defense. After completing the temporal feature modeling
and multimodal fusion, the system outputs the tactical
category prediction results, compares them with the real
labels, and constructs the corresponding confusion matrix
to characterize the recognition differences and easy
confusion of the model in various tactical behaviors, as
shown in Figure 4.

Possession
Pressing- 3
Covering - 2

Breakthrough -

True Label

Positioning - 2

Sample Count

Passing -

Shooting -

Retreating -

&
oF
o

Predicted Label

Figure 4: Tactical behavior classification results

Judging from the classification results, the prediction
accuracy of the shooting category is the highest, with 149
correctly classified samples. This is mainly due to the

G. Zhu et al.

presence of highly feature-focused action performances
during the shooting process. The obvious leg force and
goal direction consistency in the image make the spatial
features clear. At the same time, the velocity peak and
displacement mutation recorded by the sensor in such
actions provide highly recognizable time series signals,
which ultimately enhance the model's recognition stability
for this category. In contrast, the classification effect of the
assisting category is weaker, with only 139 samples
accurately identified. The reason is that the assisting
behavior lacks a fixed pattern in tactical execution, and is
highly similar to pressing and retreating defense in spatial
movement paths and body posture performance, resulting
in insufficient differentiation between the modes and a
decrease in the model's ability to discriminate their
boundaries. Overall, the system correctly identified 1,149
out of 1,280 test samples, with a classification accuracy of
89.7%, verifying the modeling effectiveness of the fusion
strategy in multimodal tactical behavior recognition.

5.3 Analysis of contribution of fusion features

In order to further quantify the degree of attention
paid to multimodal features in different tasks, a feature
contribution analysis experiment based on the attention
mechanism was designed. Three single-modal inputs of
image, sensor, and position information, three bimodal
combinations of image and sensor, image and position,
and sensor and position, and three-modal inputs consisting
of image, sensor, and position were constructed. In the two
tasks of action recognition and tactical classification, the
model's attention weight output for each modal feature
was extracted, and its average weight in the validation set
was calculated. The attention distribution of different
modal combinations in the two types of tasks was
compared, so as to characterize the importance
distribution of information sources in the model fusion
process, as shown in Figure 5.

0.6

Bl Action Recognition

B Tactical Classification

Alftention Weight

Figure 5: Modal attention weight distribution

In the action recognition task, the attention weights
assigned to the three modalities indicate their relative
importance. Image features achieved the highest weight at
0.38, followed by sensor signals at 0.33, while positional
features contributed only 0.18. This distribution suggests
that visual and sensor modalities are more informative for
capturing the temporal continuity and spatial dynamics of
player movements, whereas positional trajectories
contribute less due to the absence of frame-level
granularity. By contrast, in the tactical classification task,
the weight distribution shifted significantly: positional
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features increased to 0.34, surpassing image features
(0.21) and sensor signals (0.27). This is consistent with the
fact that tactical decisions rely more heavily on global
spatial configuration and relative player positioning, while
sensor signals lack a field-wide perspective and video data
are subject to occlusion and camera perspective
constraints. Under full trimodal fusion, the attention
weights for the two tasks reached 0.44 and 0.45,
respectively, both markedly higher than any single-
modality or bimodal combination. These results confirm
that the attention mechanism successfully reallocates
feature importance according to task requirements,
thereby enhancing both adaptability and representational
capacity of the system.

5.4  Convergence analysis of the training
process

To further evaluate the optimization performance of
the proposed policy reasoning model under the multi-task
loss framework, convergence characteristics were
analyzed across training rounds. Specifically, the
relationship between epochs and three types of loss
values—total loss, action recognition loss, and tactical
classification loss—was recorded to assess fitting
behavior during parameter updates. The loss trajectories
provide insights into the oscillation range, stable decline
phase, and potential overfitting points for different
subtasks. As illustrated in Figure 6, the total loss decreased
smoothly over successive epochs, with both action loss
and tactical loss converging to low and stable values. This
indicates that the model effectively balances the dual
optimization objectives, avoiding dominance by a single
task. The stable convergence trend further demonstrates
that the multi-task learning strategy improves
optimization efficiency and enhances generalization
capacity, while the recorded loss curves offer practical
guidance for structural refinements and hyperparameter
tuning in future extensions.

Tactical Loss

0o

0 20 40 60 80 100
Epoch

Figure 6: Loss convergence trend during model training

As can be seen from the figure, in the first 10 rounds
of training, the total loss dropped rapidly from 1.010 to
0.512, the action loss dropped from 0.579 to 0.238, and
the policy loss dropped from 0.405 to 0.236.
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The decline was large, indicating that the model's overall
ability to fit data features improved rapidly in the early
stages. From the 11th to the 30th round, the rate of loss
declines gradually slowed down, and the total loss
fluctuated between 0.355 and 0.478. The action loss and
policy loss also showed an alternating oscillation trend.
The reason is that after the initial convergence of the
model, it was difficult to identify the modeling of complex
policy behaviors, resulting in local convergence
instability. From the 31st round, the model re-entered the
downward channel, and the total loss dropped to 0.274 in
the 50th round. The action loss and policy loss dropped to
0.130 and 0.108 respectively. This was mainly attributed
to the fact that the early parameter pre-training laid the
foundation for the subsequent sub-task collaborative
optimization and improved the model's ability to capture
the details of behavioral decisions. After the 75th round,
the overall loss remained at a low level and the fluctuation
amplitude weakened. Finally, the total loss converged to
0.246, and the action loss and strategy loss were 0.078 and
0.089 respectively, indicating that the model has
completed the convergence of each subtask goal, the
training process is stable and controllable, and has good
generalization ability.

5.5 System performance analysis

In this experiment, we build multiple groups of
module combination schemes for comparison around the
overall performance of the intelligent football training and
tactical analysis system, focusing on the differences in the
role of spatial feature extraction, temporal dynamic
modeling, feature weight optimization and multi-task joint
learning mechanism in system performance. The
experimental process uniformly uses pre-processed
multimodal data sets to keep the data source, sample
number and training process consistent to avoid
interference with the reliability of experimental results due
to external factors. The comparison scheme covers a
single CNN module, a combination of CNN and LSTM, a
fusion model after the introduction of the attention
mechanism, and a complete system integrating the multi-
task joint learning mechanism, covering the feature
modeling process at the spatial, temporal and fusion
levels. The performance evaluation uses three core
indicators: action recognition accuracy, tactical behavior
classification accuracy and training feedback error,
covering the system capabilities at the action level, tactical
level and training level, and comprehensively reflecting
the actual effects of the design of each module of the
system. Through rigorous experimental comparison, the
performance differences of each scheme under multiple
indicators are obtained, as shown in Figure 7.
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Figure 7: System performance analysis

Figure 7 illustrates that different module configurations
yield distinct performance outcomes. The baseline CNN
model, which relies solely on spatial feature extraction,
achieved 78.5% accuracy in action recognition and 72.4%
in tactical behavior classification, with a training feedback
error of 6.8%, reflecting its inability to capture temporal
dynamics. Incorporating LSTM improved performance to
85.2% and 80.1% in the two tasks, respectively, and
reduced the error to 4.7%, as temporal modeling enabled
the system to better represent dynamic action sequences.
The further introduction of the attention mechanism
enhanced discriminative feature representation and
suppressed redundancy, raising action recognition and
tactical classification accuracies to 89.6% and 85.3%,
while lowering the error to 3.5%. The complete system,
which integrates CNN, LSTM, attention, and multi-task
joint learning, achieved the best performance with 91.3%
action recognition accuracy, 89.7% tactical classification
accuracy, and a feedback error of only 2.4%. Compared
with the baseline CNN, the full system shows a 12.8
percentage point improvement in action recognition
accuracy, a 17.3 percentage point improvement in tactical
classification accuracy, and a 4.4% reduction in training
feedback error, confirming that temporal modeling,
adaptive attention, and joint optimization provide
complementary contributions that collectively enhance
representational capacity, generalization, and overall
robustness.

6 Conclusion

This study developed an intelligent football training
and tactical analysis system based on multimodal data
fusion, integrating CNN for spatial feature extraction,
LSTM for temporal sequence modeling, and an attention
mechanism for adaptive feature weighting. Supported by
a multi-task learning framework, the proposed model
jointly optimizes training action evaluation and tactical
behavior classification, thereby addressing the limitations
of unimodal and fragmented systems. Experimental
results demonstrated strong performance, with action
recognition  accuracy reaching 91.3%, tactical
classification accuracy reaching 89.7%, and training
feedback error controlled at 2.4%, confirming the
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effectiveness and reliability of the framework in complex
football scenarios.

The main contributions of this work lie in three
aspects: (i) feature normalization and time alignment
strategies that ensure multimodal data consistency; (ii)
joint modeling of spatial and temporal features that
improves the capture of fine-grained action details and
tactical dynamics; and (iii) the integration of attention-
based fusion with multi-task optimization, which
adaptively balances modal contributions and enhances
generalization. Collectively, these innovations form a
complete technical pathway from multimodal input to
accurate training feedback and efficient tactical
recognition.

Beyond achieving state-of-the-art results, this work
provides a replicable and extensible paradigm for
intelligent sports analytics. The proposed framework not
only demonstrates high practical value for football
training management but also offers a transferable
approach that may be adapted to other domains of sports
science and intelligent human—machine collaboration,
contributing to the broader vision of digital and intelligent
athletic systems.
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