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SUMMARY: Various high-tech technologies are used extensively around the world in sports
competitions especially in athletic events where scientific real-time decision-making is
essential to improve competitive efficiency and match outcomes. This research proposes the
introduction of the concept of entropy by applying the 1D3 algorithm with the use of the
attribute entropy value change as the selection criterion to develop the decision tree model for
real-time sports competition data processing. Meanwhile, an enhanced Monte Carlo tree
search algorithm can select the maximum UCT function node to ensure the optimal solution.
The study shows that there is a percentage of players who have used advanced strategies in
their basketball games ranging from 0 to 0.04. The developed decision system can make
real-time strategy evaluation for sports competitions, taking a decision-making time of about
3.13 seconds on average. In addition, the system makes a 74% win rate and 84% decision
rationality which indicates that the decision system is quite ideal and can serve as a good
reference in future sports competition real-time decision-making practices.

KEYWORDS: ID3 algorithm; Monte Carlo tree search; UCT function; real-time strategy for
sports competitions

1 Introduction

The Real-Time Strategic Decision Support System for Sports Competitions combines data
acquisition, intelligent analysis, and decision-making support. This system offers coaches,
athletes, and event organizers real-time strategic optimization support and competition
management. With the use of Al technologies, intelligent functionality is ensured in the
system which is critical during pre-competition preparation, game adaptation, and post-event
evaluation [1-4].

Pre-competition preparation and organization are stages where artificial intelligence
allows organizing authorities to plan better [5, 6]. Using big data analytics, Al estimates the
number of people that would attend the events, and accordingly plan seating, traffic flow, and
catering services. Thus, it helps organize a transportation schedule to increase the transport
carrying capacity, and allocate parking areas, which will prevent traffic jams [7, 8].
Meanwhile, Al gives advice to caterers regarding the preferences and eating behavior of
spectators [9-11]. In the in-game adjustment phase, real-time Al-powered systems are used
for real-time analysis and officiating [12, 13]. By collecting data on athletes’ movements,
speed, and positioning using fast cameras and sensors, an Al-powered real-time strategic
decision-making system provides tactical advice to coaches and athletes. The latter can make
changes in the team's strategy immediately, such as substitute one athlete for another,
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increasing their chances of winning [14-16]. The system may also predict outcomes and
perform post-match analyses. It uses different information types including past performance,
injuries, and other factors to predict outcomes [17]. Systematic post-match analyses help
players understand better how the game ended, learn from mistakes, and be ready for future
games [18-22].

Al advancement has made tremendous impacts in all aspects of human society. In sports
competitions, Al technology makes important contributions to ensuring the fairness of the
sport, prediction of athletic performance, and development of the sports industry. As
mentioned in Reference [23], Al technology is used to optimize the organization of important
international martial art contests such as World Wushu Championships and World Youth
Wushu Championships. Besides promoting international friendship, these practices help
spread Chinese martial art culture around the world. They promote innovative development in
the martial art contest industry. Reference [24] discusses the importance of Al technology in
sports competitions with instant replay systems as an example. Instant replay systems use
high-speed cameras to capture footage from the matches. They eliminate any possible
misjudgment in the sport event and ensure objectivity and fairness of the competition results.
Reference [25] analyzes the significance of Al technology in decision-making on site and
immediate display of basketball game information in sports competitions. The article creates
an Al-based system for decision-making on site in basketball matches in order to investigate
the application of Al technology in basketball games and validate the system's effectiveness.
Reference [26] explains Al technology applications in sports, focusing on the impact of the
technology on sports competition fairness and strategic decision-making by teams based on
Al analysis.

Reference [27] introduced an automated scoring system based on artificial intelligence
technology, which combines convolutional neural networks and long short-term memory
networks, to identify complicated game moves, record athlete information, and score
accurately and fairly, thus increasing scoring efficiency and impartiality. Reference [28]
illustrated applications of artificial intelligence in sports events management, revealing its
efficacy in improving the arrangement of competitions and resources and training athletes
using specialized training programs. Reference [29] created an automatic evaluation system
based on artificial intelligence to identify passing violations in sports, which was proven
efficient by performing actions such as training classification models, acquiring crucial
judgment frames, and creating state-judgment models. Reference [30] initiated research into
artificial intelligence and big data applications in sports event services, stressing that in the
information era, such technologies could effectively boost China's capacity for providing
high-quality services in sports events not only in terms of fulfilling user needs but also in
promoting the growth of the sports sector. Reference [31] developed a program based on
artificial intelligence technology to forecast the performance of wrestling athletes. The results
indicated that neural networks and machine learning algorithms would help improve the
quality of athlete selection, allowing for individualized training procedures and increased
training outcomes for young wrestlers. Reference [32] discussed the mechanisms, importance,
and ways of implementing artificial intelligence in developing professional sports events from
three angles, including how Al technology operates, its practical worth, and its specific
practices.

This research work will focus on classifying the important aspects of sports information
and summarizing the nature and components that define sports competitions. This study
presents an approach for developing real-time sports event decision support systems,
including three main components: data, business, and presentation. For developing decision
tree models, an enhanced version of ID3 algorithm is used. The proposed models are further

2



INGEGNERIA SISMICA — INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING

incorporated with the help of firefly algorithm for analyzing the real-time data associated with
sports competitions. Combining Monte Carlo trees with policy value networks, UCT selection
function is used as the ideal approach to create the real-time decision support results for the
sports competitions. Real-time data analysis of sports competitions is carried out by
measuring the indicators such as strategies used and strategies involved.

2 Preliminary Concept for a Real-Time Decision Support
System in Sports Competitions

2.1 The Importance of Sports Information in Sports Competition
Decision-Making

2.1.1 Basic Concepts and Classification of Sports Information

Definition of sports information Sports information can be defined as the generic name of the
various types of information, materials, and data created in the process of competitive sports
activities. The main content of sports information mainly consists of athlete information,
training information, game information, and management information. From the perspective
of information category, it can be divided into the following types: 1. Basic information (such
as information about athletes and information about physical fitness) 2. Training information
(such as training plan, training volume, recovery situation, etc.) 3. Game information (such as
tactics, performance evaluation, etc.) 4. Management information (such as manpower
management).

2.1.2 Characteristics and Elements of Competitive Sports Decision-Making

Competitive sports decision-making involves time sensitivity, complexity, risk, and systemics
[33]. Time sensitivity reflects the necessity of quick decisions and reactions. Complexity
occurs because of a number of impacting factors. Risk appears because of potential loss that
can result from incorrect decision-making. Finally, systemics reflects the fact that different
elements should be considered when making decisions. Main elements of sports
decision-making include: decision-makers (coaches, managers, etc.); decision subjects
(athletes, training programs, strategies, etc.); decision environment (internal and external
environments); and decision bases (sporting information and other data sources).

2.1.3 Primary Applications of Current Sports Information in Decision-Making

In general, the utilization of sports information in decision-making for competitive sports
mainly revolves around three fields, namely training decision-making, competition
decision-making, and management decision-making. In terms of training decision-making, its
main applications include developing training programs, regulating training intensity,
analyzing the training effectiveness, and preventing sports injury. For competition
decision-making, it mainly serves as the basis of strategy analysis and formulation, collecting
opponent information, implementing real-time decision support, and summarizing experience
after an event. In management decision-making, the application includes personnel selection
and development, optimizing resources distribution, logistics support management, and
medical rehabilitation services. The above mentioned methods for application constitute a
relatively perfect decision support system.
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2.1.4 Trends in the Development of Information Technology in Competitive Sports
Decision-Making

Along with the fast development of information technology, there are some new development
trends regarding the application of information in competitive sports decision-making.
Technologically, these trends are mainly embodied in the more advanced big data analytics,
wide adoption of artificial intelligence-assisted decision-making, extensive use of wearable
devices, as well as novel application of virtual reality technology. In terms of applications, the
main trends include intelligence, timeliness, accuracy, and comprehensiveness. Future
developments can be further advanced along such directions as constructing intelligent
decision-making platform, integrating multiple information sources, designing personalized
decision-making solutions, and predicting analytics capability improvement.

2.2 Preliminary System Concept

The sports competition real-time decision support system has three layers: the data layer, the
business layer, and the presentation layer. The data layer acts as the foundational support
platform supplying data to the business layer. The business layer plays the role of the core
execution layer executing business logic processing. The presentation layer presents the
information in the form of visualized graphics. The structure of the sports competition
real-time decision support system is depicted in Figure 1 below.

The data layer mainly focuses on data gathering and construction of a data warehouse. A
data warehouse refers to the effective integration of many different types of data sources,
which have been reorganized according to specific themes to enable decision-making and
analytical data processing. In the sports competition real-time decision support system, the
following data are collected and stored in a data warehouse using data acquisition:
physiological parameters (physical condition, injury state, specialties, etc.), training data
(personal record, average score of training, field position, etc.), data on athletes during
competitions (historical records of competing performances, direct scores from the games,
indirect scores, assistive offense, etc.) and strategy data.

The statistical report in the presentation layer uses tables and graphs to show and compare
various forms of data in a wide range of perspectives and levels. This may include personal
and coach data of each player, various training and match statistics. Decision analysis in this
layer is done through creating particular themes in data analysis, identifying the optimal
solutions to provide assistance for the coach in making decisions. The electronic sand table in
the presentation layer uses digital technology to simulate and present positioning of the two
teams and their routes for offense and defense on the field.

Decision Electronic sand Statistical Presentation
analysis table report layer
Artificial Mathematical Data Business
intelligence model mining layer
—
warehouse
Data <> Data layer

collection Basic || Training | | Competition Image
data data field data _J Ldocument data

Figure 1: The real-time decision support system framework of sports competition
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3 System Detailed Design and Implementation

3.1 Real-Time Data Processing for Sports Competitions

3.1.1 ID3 Algorithm and Its Improvements

The core of the ID3 algorithm lies in introducing the concept of entropy, where the magnitude
of entropy values determines the stability of attribute features. This approach uses the degree
of entropy variation in attributes as the node selection rule to construct decision trees [34].
The subsequent introduction to the ID3 algorithm includes relevant concepts and formula
calculations.
Assume D is a training sample dataset containing d training data points, where the class
label attribute can be categorized into n classes. Each individual category can be represented

as D,, and the sample data within each category can be represented as d.. The probability of

each category occurring is p(i):%. The expected information for the final sample

classification is:
(0,1 d,...9,) == p(i)Iog, p(i) )

Next, assuming attribute B has k distinct values, the sample data D can be partitioned
based on the values of attribute B into k distinct subsets: {B,,B,,...B,}, Each category is

denoted as B;(1< j<k). Let the number of samples in subset B; within category D; be
d;. The number of samples in the jth category after classification by attribute B is d;. The
probability that the jth category belongs to the ith class label is p(ij)=d; /d;. Finally, the
expected information formed after classification by attribute B is:

1(dy;,d,;,.dyy) == p(ii) log, pij) )
i=1
The information entropy of attribute B is then derived as:
k'S,
E(B)= Z;’I (d;;.d,;,..d,;) (3)
j=1
The information gain for attribute B is:
Gain(B)=1(d,,d,,..d.)—E(B) (4)

Based on the formula listed above, the value of Gain(xxx attribute) can be calculated. A
higher value indicates greater stability and accuracy when partitioning based on that attribute,
thereby identifying the attribute feature node most suitable for sample partitioning at the
current stage. By repeatedly performing the above calculation until sample partitioning
concludes, a top-down decision tree can be constructed.
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3.1.2 Firefly Algorithm

The Firefly Algorithm derives its name from its conceptual resemblance to the aggregation
process of firefly swarms. It is frequently employed to search for optimal solutions to
problems: each feasible solution can be regarded as an individual firefly, with the solution's
fitness mapped to the firefly's luminous intensity—the stronger the fitness, the greater the
light intensity [35]. In the firefly swarm, the fireflies that have lower luminous intensity keep
moving towards the ones that have higher luminous intensity. In the iterations, the position
data keeps changing. Finally, all the solutions gravitate around the best solution, thus making
the process complete.

The Firefly Algorithm works on the following assumptions:

(1) All fireflies are gender-neutral, meaning each firefly can attract other nearby
individuals.

(2) A firefly's attractiveness is determined by its brightness and relative distance. Brighter
fireflies attract dimmer ones nearby, while the brightest firefly flies randomly. Attraction
gradually diminishes as the relative distance between two fireflies increases.

(3) A firefly's brightness is determined by its fitness function for the corresponding
problem. Greater fitness corresponds to greater brightness.

Under these assumptions, the following relevant formulas can be derived:

(1) The relative brightness of a firefly is expressed as follows:

=1 (5)

In the equation, 1, denotes the maximum brightness value, y is a constant parameter

representing the degree of light decay, and r represents the relative distance between any two
fireflies.
(2) The attractiveness of a firefly is calculated as follows:

p=pe" (6)

In the formula, B, represents the maximum attractiveness, i.e., the attractiveness at the

closest point (distance r=0).
(3) The distance between two fireflies is determined by the Cartesian distance, calculated
using the following formula:

m=JZXxm—xpm2 ¢

In the formula, X, denotes the i-th firefly, while p represents several component values

of the spatial coordinates.
(4) The position update formula between fireflies is as follows:

X (t+1) =% (t)+ A 7" (x,(t) - %, (t)) + a(rand —0.5) (8)
In the equation, X corresponds to the coordinate value in position space, « represents

the range parameter indicating the movement of the firefly word, and rand denotes the
function operation for generating random values.
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3.2 Real-Time Policy Support Algorithms

3.2.1 Strategy Value Network Model

(1) DenseNet Network Architecture

In the task of generating sports competition strategies, the policy network outputs
probabilities for 2048 strategy classes, while the value network outputs probabilities for 17
scoring classes. Given the large number of categories, the network architecture capable of
meeting these classification requirements must not only be deep but also effectively extract
input features. As such, a densely connected convolutional neural network is presented for
consideration. The training error increases dramatically for conventional convolutional neural
networks on several data sets when the depth of the networks exceeds a particular point.
Gradient propagation through backpropagation becomes less efficient in later layers due to
activation functions, resulting in the vanishing gradient effect and ineffective training.

The residual network solves the vanishing gradient problem without compromising the
depth of the network. This is done by incorporating an identity mapping in the conventional
neural network, whereby the information at the current layer is transferred directly to the
subsequent layer. This part of the output ignores computation performed in the current layer.
This direct pathway is referred to as a “skip connection,” a typical activation function in
neural networks, expressed by formula (9):

f (x) = max(0, X) ©

Residual networks use skip connections in backpropagation such that gradients can flow
directly from the succeeding layer to the previous layer. Network architectures utilizing
residual blocks can be extended to hundreds or even thousands of layers without suffering
from network degradation, thereby achieving superior classification performance.

DenseNet, a dense-connected convolutional network, builds upon the residual network
model. By increasing the number of layers while incorporating feature reuse and bypass
connections, DenseNet significantly reduces the number of parameters while mitigating the
gradient vanishing problem to some extent. DenseNet establishes dense connections between
all preceding layers and subsequent layers, as illustrated in Figure 2, hence its name. The
input to layer i is not only related to layer i-1 but also to the outputs of all preceding layers, as
follows:

Xi =Hi([Xg, Xy Xi4]) (10)

In Equation (10), Xx represents the output of different layers, H denotes the nonlinear
transformation function, and [] indicates concatenation—combining the features from all
preceding layers of the current layer by channel. The nonlinear transformation here selects
batch normalization and ReLU. Batch normalization refers to normalizing the output of each
layer in the network. This is because during neural network training, the weights of each layer
constantly change. Consequently, the distribution of input data alters (ICS) as it passes
through the layer to the next layer, preventing the neural network from learning useful data
distributions.

Batch normalization approximates the data distribution at each layer to a normal
distribution. For the ReLU activation function, applying batch normalization ensures that
gradients at that layer either exist or are maximized. Consequently, batch normalization
stabilizes and accelerates training while preventing gradient vanishing issues.
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The complete network depicted consists of multiple dense convolution blocks, with a
transition layer between each pair of blocks. The transition layer consists of one 1 %1 Conv
layer with one pooling layer following that. Since the input feature maps of the previous layer
pass through a Dense block leading to an increased number of output channels, the need for 1
x 1 Conv kernel arises. The main parameter of the transition layer is the reduction ratio
between 0 and 1. In this paper, reduction is set to 0.5, meaning the number of channels passed
to the next Dense Block is halved.

/BN BN Transition
K ReLU |— ReLU |—» I. v
Conv Conv y
X0 111 X1 112 X2 113 X4 114

Figure 2: Schematic diagram of dense connection

(2) DenseNet-Based Policy-Value Network

This paper adopts a network architecture similar to AlphaGo_Zero to construct a
DenseNet-based common network. This network produces two outputs: policy output and
value output. During training, the policy-value network is trained jointly. The policy-value
network used in this paper is illustrated in Figure 3.

Inputs first pass through a convolutional layer with a 3>3 kernel. After batch
normalization and ReLU activation, the output yields 32>32>32 image information. This
convolutional layer reduces the input channel count to a specified number for DenseNet
utilization. The convolutional layer output connects to four dense convolutional blocks. Each
pair of convolutional blocks is separated by a transfer layer. Within the dense convolutional
blocks, varying numbers of bottleneck layers are present. Each bottleneck layer consists of a
1x1 convolution, ReLU activation function, batch normalization, 3>3 convolution, ReLU
activation function, and batch normalization. The four dense convolution blocks contain 4, 8,
12, and 6 bottleneck layers respectively. The transition layers connecting each pair of
convolution blocks comprise batch normalization, ReLU activation function, and a 1xlL
convolution layer. The policy-value network contains three transfer layers in total. Thus, the
common part of the policy-value network comprises 64 convolutional layers (the first
convolutional layer contains 1 convolutional layer, the 30 bottleneck layers in DenseNet
contain 60 convolutional layers, and the three transfer layers contain 3 convolutional layers,
totaling 64 convolutional layers). The common network connects to two outputs: the Policy
head and the Value head. The Policy head consists of two convolutional layers, producing a
final image size of 32>32>2. This represents the probabilities of selecting policies at 2048
positions. The Value head is made up of one Conv layer and two fully connected layers that
will give the probability of attaining 17 different values. This is all the structure of the
Policy-Value Network.
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Figure 3: Schematic Diagram of the strategic value network

3.2.2 Monte Carlo Tree Search and Its Improved Algorithms

The core idea of the Monte Carlo Tree Search algorithm is to repeatedly explore the Monte
Carlo tree, updating the value and visit count of nodes during each exploration, ultimately
selecting the optimal node [36]. The following sections detail the main steps of the Monte
Carlo Tree Search algorithm: selection, expansion, simulation, and backpropagation. Here,
“selection” does not refer to choosing the final strategy to execute, but rather selecting a child
node of a given node during each search iteration to update its value and visit count. In
traditional Monte Carlo Tree Search, the selection function is the Upper Confidence Bound
(UCT) function, defined by the following formula. The node with the maximum UCT value
among the child nodes is ultimately selected:

_ QW) /WMNW»
UCT (v,,Vv) = N(vi)+c NG, (11)

In Equation (11), v represents the parent node, Vv, represents the child node, Q

denotes the total value of the node (updated with each visit), and N denotes the number of
visits to the node. Figure 4 shows a schematic diagram of the Monte Carlo tree.
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Figure 4: Schematic diagram of the Monte Carlo tree

The first term on the right side of the UCT formula represents the average value of the
node (total reward / total visits = average reward per visit), reflecting the estimated win rate of
child nodes. The second term on the right side represents the ratio of visits to the parent node
versus child nodes, favoring child nodes with fewer visits. A classic problem in reinforcement
learning is exploration versus exploitation. Exploitation refers to using currently acquired
information to select the strategy that yields the maximum reward, while exploration involves
trying different actions to gain more experience.

Classic Monte Carlo Tree Search (MCTS) starts from the root node. If a child node of the
root is a terminal node (ending a game), the reward for that state is propagated back to the
child node, and its visit count is incremented. If the node is not a terminal node, it must be
determined whether the node is fully expanded. If not fully expanded, the child node is added
to the Monte Carlo tree. Simulation then proceeds from this child node using the Rollout
method: a strategy is randomly selected from the state space until the game ends, and the
resulting reward is propagated back. If fully expanded, the child node is selected using the
UCT function, and the simulation and reward propagation process is repeated. Repeat the
above steps until all search steps are completed. Finally, select the policy corresponding to the
node with the highest visit count as the optimal policy, i.e.:

a’ =argmax N(a) (12)
achA

In equation (12), A denotes the policy space, N represents the number of visits, and
a  signifies the optimal policy.

3.3 Design and Implementation of Athlete Performance Data Evaluation

Based on the theoretical introduction to the 1D3 algorithm in Section 3.1.1, incorporating this
algorithm to construct decision trees enables a comprehensive evaluation of athletes'
competitive performance. However, the application of the approach in practice proves that
there are still several problems to be solved, such as difficulties in handling continuous
variables, sensitivity to attribute missing data, and a long processing time. This paper
proposes the following improvement strategies.

3.3.1 Discretization of Continuous Attributes

During the process of calculating attribute gains using the ID3 algorithm, attributes in the
training and testing sets are actually categorized into discrete and continuous types. Since
most attributes in the training and testing data sets contain continuous values, this section
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focuses on implementing the discretization of continuous attributes to optimize the 1D3
algorithm for constructing decision trees.

3.3.2 Generate discretized motion data samples

Through the aforementioned implementation approach, all continuous attribute values in the
sample data can ultimately undergo effective discretization processing to obtain real-time
athletic competition data for athletes.

3.3.3 Calculation of Default Values for Continuous Attributes

For a given training item, traverse its initial sample array, where each data element represents
a training continuous attribute with variable values. However, through discretization
processing, its values can be computed based on the threshold array. The core approach of this
algorithm is to integrate the rating-based threshold array proposed earlier in this paper. It
calculates the probability of samples appearing within each rating interval. Using the
following formula (13), it combines the interval probability with the interval threshold to
comprehensively compute the final default value. This ensures the default value aligns with
the selection range and specifications for continuous attribute values:

3
defaultValue = " (range, ., x PieX ) (13)

index=0
where index denotes the subscript of the threshold array, range,., denotes the ith threshold

of the interval division, and piex,,, denotes the number of samples on the interval
[range, ... range, ...,]1 as a proportion of the total sample data. .

3.3.4 Simplified calculation of information gain

It can be found that the traditional 1D3 algorithm takes a long time to calculate because its
own calculation formula contains a large number of logarithmic operations, which invariably
increases the amount of operations, and with the growth of attribute fields and data size, the
logarithmic calls will be more frequent, and the cost of time increases significantly. Therefore,
the focus of this improved algorithm lies in simplifying the complexity of the related
calculation formula and improving the speed of information gain value calculation:

1(d,y.d,y..-dy) =3 pGi)fog, pi) (1)

This improved algorithm utilizes the power series formula to achieve an approximation to
the original formula with reference to the following equation (15):

- (_1)n n+l 1 2 1 3 (_1)n n+1
Lnl+X)==) 2 * X" =X—=X"4+=X"...+ X "xel[0,1 15
(+x) nz,(; n+1 2 3 n+1 (0.3 (15)

Now let p, :%, p, € (0,1], k; € (0,1], and substituting the previous Eqn. (14), we can
+

derive the following Eqgn. (16), in which Kk =i_—gi, p, €(0,1]:
+

11
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1 ¢

n n1k 14k (16)
- 1o = L
Zl’, plog, p, §1+ki X

Expanding Eqg. (16) in conjunction with the power expansion (15) yields:

2 1= K,
- 0 k. + —k3 k += k7
Z p| gz pl an — 1+ k ( 1 5 7 ) (17)

As can be seen from equation (17), the accuracy of its calculation increases gradually as
the power series increases gradually. However, since the ultimate goal is to compare the sizes
by the calculated values, and the values are not required to be completely accurate, the first
two terms of the formula can be retained to make an approximate calculation and obtain the
following formula (18):

nd (d®-d}
Z( )

2 ([dray (18)

m 1
=>_p;log, p; P

i=1

Eventually, the original attribute entropy calculation formula, by expanding, deforming,
approximating and other operations, is simplified into Eq. (18), which contains only simple
formula calculations and does not contain complex logarithmic operations.

3.4  Athlete performance prediction design and implementation

3.4.1 Data pre-processing

In the process of realizing this function, the relevant BP neural network model is introduced
and constructed according to the relevant technical theories in Chapter 3.1 for grade
prediction. At the same time, the firefly algorithm is implemented and combined to optimize
the weights in the neural network model appropriately, so as to improve the accuracy of the
prediction model.

Before using the neural network model for prediction, since the data range and data unit
are different for different test items, in order to improve the generality of the model, the
sample data can be prioritized for normalized preprocessing operation, and the processed data
can be used as the input of the model, which is shown in the following processing formula
(19):

o (Xl — Ximin
R T (19)

X . denote the maximum and minimum

max ? min

where X, denotes the original data values, X
values in the set of sample data, respectively.

3.4.2 Firefly Algorithm Iterative Search for Optimal Solutions

After setting the relevant parameters, the distribution of the firefly population can be
initialized by means of the fitness function. Then the iterative calculation of position update
starts. In this paper, with reference to the relevant theory, the adopted position formula (20) is
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shown below, which realizes the behavior of the swarm gradually gathering to the firefly with
the highest luminosity:

X (t+1) =% (©) + B,e 7 (X, (t) = X, (£) + a(rand —0.5) (20)

After the position is updated, the optimal solution is searched by continuing to re-estimate
the firefly brightness based on the fitness function as a send generation search. Eventually,
after reaching the maximum number of iterations, the optimal weights of the searched neural
network are obtained.

After the model is built, it is possible to exercise the test set and get the corresponding
performance prediction results. Due to the previous normalization operation, the resultant data
need to be transformed correspondingly in the end to get the final real prediction result value,
and its transformation formula is shown in (21) below:

X; = XI x (Xmax — Xnin ) + Xinin (21)

3.5 Strategy search with Monte Carlo trees

The Monte Carlo tree search uses the introduction of a UCT selection function to select the
optimal strategy, followed by a gradual expansion algorithm to determine when to expand the
nodes, a strategy network to initialize the nodes instead of the expansion process of the
original Monte Carlo tree search, and a value network instead of the simulation process of the
original algorithm to represent the back propagation process to update the value of the nodes
with the number of visits. In the online game, the overall algorithm is executed 1000 times for
a certain state, and the optimal strategy is obtained as the one that has been selected the most
times.

In combining the Monte Carlo tree with the strategy value network, the motion process is
extended to the Monte Carlo tree along with the probabilities of the strategy network outputs,
replacing the original extension step of the Monte Carlo tree search.

The trained strategy network is able to output the probability of choosing different
movements more accurately based on the current game state. In the Monte Carlo expansion
step, assuming that the current node is the parent node and the node has no children, the
corresponding game state of the parent node is input into the strategy network, the output of
the network is the probability of different landing points, the top 20 landing points
corresponding to the action with the highest probability are selected in the output, and the
nodes corresponding to the 20 actions are expanded to the parent node.

4 Real-time strategy decision support analysis for sports
competitions

4.1 Real-time motion data analysis for sports competitions

4.1.1 Motion data analysis

This paper takes a basketball game as an example and uses the strategy support system
designed in this paper to analyze the game in real time. Figure 5 shows the analysis of
athletes' game technology and strategy, Figure (a) is the analysis of game technology, and
Figure (b) is the analysis of game strategy. In the figure, the percentage of techniques with
ordinary technology level is concentrated around 0~0.04, while the percentage of beginner

13



Chen

and advanced techniques is concentrated around 0~0.07 and 0~0.08, respectively. The

proportion of advanced strategies used by the athlete in the match strategy reached between 0
and 0.04.
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(a)Technical analysis of the competition
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(b)Analysis of match tactics
Figure 5: Technical and tactical analysis of athletes' competition

4.1.2 Strategy Engagement

This section evaluates the strategy decision support system by first observing the general
overview of the strategies used by both teams in this game, as shown in Fig. 6, with Team A
in Fig. (a) and Team B in Fig. (b), to get a general idea of the players' participation in the
strategies of both teams.The players involved in the blocking of Team A are concentrated in
No. 11, No. 23, and No. 21 and No. 9, and the three players' participation in the blocking
strategy is 30%, 17.2%, 17.2%, 17.2% and 10%, respectively, 10%, and 10%, with No. 11
acting mainly as a ball carrier, No. 21 acting mainly as a blocker, and No. 23 acting as both a
ball carrier and a blocker.No. 23 plays different roles when executing blocking with different
players; when executing blocking with No. 11, No. 23 acts mainly as a blocker, whereas when
executing blocking with No. 21 and No. 12 No. 23 acts mainly as a ball carrier, which Team A
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has a large number of strings, indicating that the team's blocking strategy is very diversified,
with each player blocking with a number of other players, and there are many combinations of
blocking strategies that can be executed.Team B's blocking strategies mainly involve players
#35, #5, and #28, with 24% of the blocking strategies and a small number of strings in the
graph. The number of blocking strategies is small, and the blocking strategies are
concentrated in a few fixed combinations of players, such as No. 28 and No. 35, No. 5 and No.
35, No. 5 and No. 23, and the richness of blocking strategies is not enough. Moreover, there is
a lack of players within the team who can play different roles like No. 23 of Team A. No. 5
and No. 28 only play as ball carriers, and No. 35 basically only plays as a blocker. As can be
seen from this view, Team A used more flexible blocking combinations and more varied
strategy options in this game.

s, 172057

(@)Ateam (b)B team
Figure 6: Participation in the player strategy

4.1.3 Strategic Analysis

Firstly, we observe the number of passes between the main players of team A. As shown in
Fig. 7, the number of passes between No. 11 and No. 9 as well as the number of times they
dribble is very high, in which the number of times the two players dribble themselves reaches
134 and 147 indicating that the team's passing and dribbling tasks are mainly carried out by
the two men. 40 and No. 11 also have the most number of passes, which reaches 150,
indicating that there is a high degree of cooperation between the two men. The team's
cooperation is very high. This data helped us to gain a general understanding of the players'
individual styles and their involvement in the team's dribbling strategy activities, as well as
identify the core player of the team's passing system, #11, to facilitate subsequent real-time
strategy decisions.
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Figure 7: The number of passes between the main players
4.2 Real-time strategy selection

4.2.1 Analysis of competition results

The set of basketball matchup scenarios is defined during the execution of the UCT-based
bootstrapped Monte Carlo tree algorithm as M={A,B,C,D,E,F,G,H,I}= {Initial Attack
Matchups, Triangle Attacks, Overall Attacks, Aggressive Defenses, Pinch Defenses, Fastbreak
Strategies, Main Attacks, Complementary Defensive Matchups, Swap Defenses}. In addition
the Monte Carlo tree algorithm is set to have a minimum confidence level of 35% and a
minimum support level of 30% or more. The Monte Carlo tree algorithm performs the

strategy search process by defining the set of all terms as G = {gl,..., g } . which is the set

of terms of the set G.

In the process of system testing, five video datasets of live matches were collected from
two teams of players, and the results of the matches of the two teams as well as the results of
the two decision-making modes were counted, and the results of the matches are shown in
Table 1.Team A has a slightly better victory rate of 80% based on the decision-making system,
and the victory rate of Team B is 20%, which is a little inferior to that of Team A. Team A's
match-up scenarios are more diversified, whereas Team B's strategy is more homogeneous,
with unclear offensive and defensive strategies. Team A has more diversified matchups, while
Team B has a more homogeneous strategy with an unclear offense and defense. This result
shows to some extent the effectiveness of the decision-making in this paper, which can cope
with the manual decision-making on the field and achieve a more satisfactory result.

Table 1: Competition result

Team name Round | Round Round | Round Ro_und Beat
One two Three Four Five rate
Ateam Win Win Lose Win Win | 80%
B team Lose Lose Win Lose Lose |20%
Team A Strategy Support System
solution {AB} |{B,.CD}| {C/F} [|{CD,E}{ACE}| -
Team B's manual plan {G,H} | {D,H} {B,1} {E,H} | {B,D} -
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4.2.2 Decision-making performance

In order to avoid the randomness of the system performance test, 20 basketball games were
then launched in two days, and Team A still used the strategic decision support system
designed in this paper, and the performance of Team A using the decision system in 100
basketball games was counted. Meanwhile, five coaches were invited to manually review the
strategy solutions of the decision system after the games, and Figure 8 shows the performance
evaluation of the decision system.

In 100 games, the decision-making system designed in this paper was able to make
strategy judgments on the current basketball games according to the expected settings, and
there was no unsolved phenomenon, which proved that the system was more reliable. It takes
at least 3~5 min to make a strategy decision program manually, and very rarely can make a
decision in an instant, while the artificial intelligence assisted system calculates the data very
fast, and the average time to make a decision is about 3.13s, and the decision can be generated
in a few seconds even for the most complicated game scenes, which saves a lot of time
compared to manual decision making. The victory rate of the system is 74%, which means
that in 100 games, team A won 74 games under the decision-making scheme of the intelligent
system, but the victory rate can only explain the effectiveness of the system to a certain extent,
and the victory or defeat depends on the environment of the field, the players' status, the
players' strength, etc. 5 coaches were satisfied with the system as high as 95%, and the
reasonableness of the system's decision-making is considered to be as high as 84% after a
careful analysis. 84%, that is to say, most of the time the system gives a reasonable solution to
the game, with a certain scientific basis. In contrast, the response time of traditional Apriori
algorithm and sequence mining algorithm to make a decision program is as high as 5.36s and
6.14s, respectively, and the decision-making sensitivity is not ideal, the reason why the
algorithm of this paper makes a program decision in a short period of time. In addition, the
victory rate of sequence mining is only about 47%, after coaching on the decision-making
results of the seminar learned that the algorithm's decision-making rationality is only 42%, the
reliability is relatively poor, the traditional Apriori algorithm decision-making performance is
also the same, there is no great improvement. It can be seen that the decision-making system
designed in this paper has achieved a more satisfactory decision-making effect, and its
application value and popularization in real-time decision-making of sports competitions are
strong.

Decision rationality
I Coach satisfaction
Bl Beat rate

Il Average response time (s)

Monte carlo search Apriori Sequence mining
Algorithm

Figure 8: Decision-making system can be evaluated
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4.3  Strategy prediction scores and effects

4.3.1 Predicted results

Figure 9 shows the athlete data processing, first of all, zero mean processing of the data, the
data is full of 75 points, the calculated mean is 54.794 variance is 6.249, the use of the mean
value of the athlete’s comprehensive analysis of the data of zero homogenization.
Subsequently, the firefly algorithm was used to predict the real-time performance of the
athletes based on the above basic data of the athletes.

Figure 9: Athlete data processing

Figure 10 shows the control between the predicted and actual values, and the two sets of
data are basically consistent. The average rating of the actual values is 0.386, and the average
rating of the predicted values is -0.056, and the average error is 0.442, which puts the
prediction error within the acceptable range.Next, the prediction error of the firefly algorithm
is further analyzed.

5 - Actual value

| |Predictive value

Score

Time

Figure 10: The comparison between the predicted value and the actual value
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Figure 11 shows the prediction error, from which it can be seen that the prediction error is
concentrated in the range of [-2,2], accounting for 79.167% of the whole prediction results,
with a high confidence level. There are individual errors in the figure are relatively large,
through the data analysis of the data samples, it is found that this is because the given sample
values are obtained from the clinical monitoring, because of human negligence, so that the
individual indicators of the monitoring items have been omitted, and these values can be
filtered it out. Therefore, the feasibility of the athlete performance prediction model based on
the firefly algorithm is high.

14

I | Normal distribution curve

12 Normal stat
mu 04421
si 1.8811

T
-3 -6 —4 -2 0 2 4 6 8 10

Error

Figure 11: Prediction error

4.3.2 Predicted effects

Table 2 shows the comparison between before and after the application of the strategic
decision support system, and the application results show that in the new season, the team's
average number of rushes increased by 22%, the ball possession rate increased by 8.33%, and
the injury rate of players decreased by 16.67%. By optimizing formations and strategies, the
team achieved more victories against stronger teams.

Improvements in individual players' technical statistics are also evidence of the results of
big data analysis. For example, a striker improved his shot accuracy from 18% the previous
season to 30% after personalized data analysis. Data analytics in the system revealed
deficiencies in his pass selection and timing in specific areas, and targeted training helped him
improve his skills in these areas.

The value of big data analytics is further demonstrated by the analysis of correlations
between game results and the quality of strategy execution. For instance, during one season,
the team analyzed its data and found out that the team mostly scores through diagonal passes
and fast counterattacking plays. Once it established that this strategy was effective, the team
focused more on it in future matches, and it emerged that the team scores an additional 0.5
goals in every game compared to when using other strategies. Additionally, the winning
percentage of the team increases by 31% when the fast counterattacking strategy is applied in
the matches. It can be concluded that the identification and improvement of the strategy traits
of a team through big data analysis could help increase the winning percentage of the
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matches.

The methods that can be used in validating the outcomes of the decision support system
analysis include comparative analysis, which entails analyzing the differences in team
performance prior to and after implementing big data analytics. Through this method, the
effectiveness of the analysis can be determined. For instance, the number of goals per game
rose from 1.5 to 2.2. Secondly, backtesting is another validation method, where analysts look
back at historical data to test the accuracy of the analytics model's predictions of past matches,
such as predicting how a team would perform against a specific opponent. Finally, simulation
experiments are also commonly used to validate analytic strategies. For example, different
formations are simulated against the same opponents to assess which formation is better able
to control the pace of the game and create scoring opportunities. The combined application of
these methods allows for a comprehensive assessment of the effectiveness of Al-based
analysis of strategic decision-making systems in enhancing the performance of sports
competitions.

Table 2: The strategy decision support system is compared before and after the application

Pre-use of decision | The decision support Rate of
Index .
support system system is used change
League rankings 8 4 +4
. 18 0
Average sprint secondary/match 22 secondary/match +22%
Control rate 48% 52% +8.33%
The player is in the rate 12% 10% -16.67%
Fight against a strong team 30% 50% +20%
. +50%
Passing success 65% 74%
Success rate
The team averaged 1.5/match 2.2/match +46.67%
Forward shot accuracy 18% 30% +66.67%
The success ra;)t:sc;f the midfield 750 8306 +10.67%
Number of midfield assists 3 number/season 8 number/season +100%
The border transfer leads to the e .
- Significant increase -
number of goals
Quick fight leads to the number i Significant increase i
of goals
Quick strike rate 24% 55% 31%

5 Conclusion

In this paper, following the development trend of decision-making in competitive sports, the
preliminary conception of a decision support system for live sports competitions is proposed.
The concept of entropy is introduced on the basis of ID3 algorithm so as to establish a
decision tree model, and, the optimal solution is searched by firefly algorithm to realize the
processing of real-time data of sports competitions. On the basis of Monte Carlo tree search
algorithm, the UCT selection function is introduced to select the best strategy, and the strategy
that has been selected the most times is obtained as the optimal strategy.

Taking basketball game as an example to analyze the real-time sports data of sports
competitions, the players in the subject team A who use the blocking strategy more often are
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No. 11, No. 23 and No. 21 and No. 9, and the percentage of them using this strategy is 30%,
17.2%, 10% and 10%, respectively. Observing the number of passes between the main players
of team A from the obtained data, two players, No. 11 and No. 9, had more passes with their
own dribbling, and their own dribbling amounted to 134 and 147 times, respectively. The
number of passes between teammates was also the highest between No. 40 and No. 11,
reaching 150 passes, indicating a high degree of cooperation between the two.

Using Monte Carlo tree algorithm to search for the optimal strategy, the average time for
the system designed in this paper to make a decision is about 3.13s, the system's victory rate
is 74%, and the coach's satisfaction with the system is as high as 95%, and after analyzing the
system's strategy, the system's strategy reasonableness is judged to reach 84%, and most of the
time, the system gives the reasonable match-up plan.
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