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ABSTRACT. Due to the different intensity of track and field training, excessive fatigue
often occurs in athletes, which poses a serious threat to health. Thus, fatigue detection
for track and field training is urgent. Electroencephalographic (EEG) signals are the gold
standard for detecting fatigue, but EEG-based fatigue detection approaches have invalid
features, making the detection inefficient. To deal with the above issues, this paper de-
signs a fatigue detection model for track and field training based on feature selection and
machine learning. Since the EEG signal contains a large number of ocular artefacts, the
multi-channel EEG is decomposed and reconstructed by Independent Component Analysis
(ICA) to obtain a pure EEG. Meanwhile, the EEG is transformed into a two-dimensional
image using the wavelet transform, and the multi-channel CNN is used for deep feature
extraction. Then the random forest is introduced to select the important features, delete
the redundant features, construct the important feature vector space, and finally introduce
the relazation variables in the SVM classifier to transform the classification problem into
the optimal solution of the quadratic programming problem to gain the final classification
outcome. FEzperiments imply that the offered model has an average classification accu-
racy and F1 value of 93.61% and 92.57%, respectively, which is 5%-22% higher than the
comparison model, and can efficiently achieve the detection of fatigue in track and field
training.

Keywords: Fatigue detection; Feature selection; Independent component analysis; Fea-
ture extraction; SVM classification

1. Introduction. Athletics training is a process that alternates between fatigue and
recovery. Under moderate training intensity, fatigue can be slowly recovered according
to the body’s mechanism, but excessive training intensity can lead to over-fatigue, which

can cause damage to the body’s functions and put athletes at risk [1]. Brain fatigue
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and psychological fatigue are potential risk factors for falls [2], adversely affecting motor
coordination and muscle reaction time, leading to postural instability and altered gait [3].
In daily track and field training, we should plan the training goals scientifically and should
not over-exercise. The fatigue test should be carried out comprehensively to ensure that
the athletes can carry out track and field training healthily. Therefore, fatigue detection
in track and field training can scientifically and effectively improve the level of individual
track and field and ensure the quality of track and field training.

1.1. Related work. Athletic training fatigue detection is mainly divided into subjec-
tive evaluation methods and objective detection approaches [4]. The most commonly
used subjective assessment method is the Karolinska Sleepiness Scale (KSS) [5], which
classifies athletes’ fatigue on nine levels from wakefulness to fatigue. Zhang et al. [6]
administered the KSS self-assessment to athletes and then took the average as the fatigue
level before and after running to further reduce the side effects of the self-assessment
method. Among the subjective self-assessment methods, there are also the Short Fatigue
Questionnaire (SFQ) [7] and the Childs Fatigue Scale (CFS) [8], which have the advan-
tages of simplicity of use and versatility, but have the subjectivity of the athletes, which
affects the authenticity of the test results.

Compared with the subjective evaluation approach, the objective detection method can
avoid most of the interference of human factors can better detect the degree of fatigue of
athletes. Objective methods are divided into biochemical and physiological measures [9].
Biochemical measurements are mainly used to determine the fatigue level by detecting
the changes in the concentration of urine and blood [10], but this measurement method
is mostly invasive and damaging to the human body, so it is not suitable for continu-
ous fatigue detection. Physiological measurement is to detect the human body’s elec-
troencephalogram (EEG), electrocardiogram (ECG), electromyogram (EMG) and other
physiological signals [11]. Due to the high temporal separation rate of the EEG signal,
it is considered as the ‘gold standard’ for fatigue detection [12], and is often combined
with Machine Learning (ML) models for fatigue detection. Yang and Ren [13] developed a
real-time exercise training fatigue detection method based on EEG channel power spectral
density [14] and sample entropy [15]. Hasan et al. [16] explored the classification potential
of decision trees for fatigue detection, where the EEG signal features were used as inputs
to a decision tree classifier, but the accuracy of the detection was not high. Worsey et
al. [17] proposed the use of a K-nearest neighbor classifier to quantify training fatigue
with an accuracy of 82.26%. Wang et al. [18] used a support vector machine classification
algorithm to track alpha waves in EEG to identify training fatigue, and achieved better
detection results.

As the neural networks explosively growing, many researches have extracted effective
information from EEG signals with the help of neural networks. Gu et al. [19] firstly
constructed a dynamic brain network by using CNN for mutual information between each
EEG channel, and finally completed the fatigue detection, which can effectively detect
fatigue state. Li et al. [20] proposed an AlexNet CNN model fatigue detection algorithm,
which uses EEG features to detect fatigue and obtains high detection accuracy. Since
EEG signals contain a large amount of feature information, Feature Selection Algorithm
(FSA) is important to eliminate their irrelevant features, improve detection accuracy
and reduce computational overhead in classification. Karvekar et al. [21] used genetic
optimisation algorithm to select the extracted EEG features and put them into SVM
to identify the fatigue with an accuracy of 85.7%. Min et al. [22] extracted the time-
frequency characteristics of EEG signals, and principal component analysis to select the
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features with high contribution in the EEG as the final features, and implemented the
training fatigue detection through SVM.

1.2. Contribution. To objectively and accurately evaluate the real fatigue, and to ad-
dress the issue of feature redundancy in existing research, which results in poor detection
accuracy. This paper suggests a fatigue detection model for track and field training based
on feature selection and ML. The innovative work of the model is mainly reflected in the
following four aspects.

(1) For the goal of removing the electrooculographic (EOG) artefacts from the EEG
signal, the multichannel EEG data were decomposed into the sum of independent
components by the independent component analysis (ICA) method, and the pure
EEG was obtained by removing the EOG component and reconstructing the rest of
the component signals.

(2) The EEG signal is transformed into a 2D image dataset using continuous wavelet
transform, and the EEG image is feature extracted using multi-channel CNN to ob-
tain global features. And the importance of the features is scored using the method of
ranking importance in Random Forest (RF), and the low correlation invalid features
are deleted to construct the important feature vector space.

(3) Introducing relaxation variables into the SVM classifier, transforming the classifica-
tion problem into an optimal solution of the quadratic programming problem, and
using the important feature vector to judge the fatigue state to obtain the final
classification results of fatigue detection for track and field training.

(4) The experimental outcome imply that the average classification accuracy and MAE
of the suggested model are 93.61% and 0.61, respectively, which are better than the
comparison model. Meanwhile, it is verified that the introduction of feature selection
method is of great significance to improve the fatigue classification performance.

2. Theoretical analysis.

2.1. Feature selection methods. A large number of features will bring the issues of in-
creased computation, model complexity and the existence of a large amount of redundant
information. However, the FSA can reduce the feature dimension of the original data
without affecting the classification accuracy by evaluating the importance of all features
in the original data set and discarding irrelevant and redundant features in order to retain
a subset of effective features.

The relationship between the amount of characteristics and the effectiveness of the
classifier is implied in Figure 1, when the amount of features is less than a certain value, the
effectiveness of the classifier is strengthened with the increase of the amount of features,
and when the amount of features is greater than a certain value, the effectiveness of the
classifier is weakened with the increase of the number of features [23].

There are three main types of feature selection methods: filtering, encapsulation and
embedding [24]. Filtering methods only judge the relationship between features, but
not the relationship between features and the prediction target, such as chi-square test
and mutual information method. The encapsulation method selects the combination of
features with the best classification result through the classification result of a subset of
features by the classification model, i.e. judging the relationship between the features and
the predicted target, e.g. genetic algorithm. Embedding methods such as Decision Tree
(DT), RF, etc., use the characteristics of the classification model itself to select important
feature combinations. In this paper, the extracted EEG feature data is used to remove
unimportant features using RF, then combined with the model to achieve feature selection
while improving the model classification capability.
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Figure 1. Plot of number of features versus classifier effectiveness

2.2. Support vector machine. SVM is one of the most representative ML methods
[25], and compared to neural network-based classification methods, SVMs have better
interpretability and are easy to implement and adjust for optimization in practical appli-
cations. Therefore, SVM is used to classify the fatigue state of track and field athletes in
this paper.

Given a binary classification issue, assume that the input space of the issue is different
from its feature space. Let the training set be

T = {(w1,91), (¥2,92),- - -, (Tn; Yn) }»

where z; € R"™ | y; € {1, —1}. When y; = +1 is specified, z; is a positive example; when
y; = —1, x; are negative examples. As shown in the leftmost subplot of Figure 2, the
SVM achieves classification based on the separation hyperplane (o denotes a positive case
and X denotes a negative case).

Figure 2. SVM classifier schematic diagram
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Assume that the classification hyperplane obtained by learning is w* - x + b* = 0, where
w*, b* are the parameters to be determined. The related classification decision function is
as follows, where sign(-) is the sign function.

f(z) = sign(w* - z + b*). (1)

In SVM, the distance from a point to the separating hyperplane represents the degree
of confidence of the model in its classification prediction, as shown in Figure 2; if point A
is further away from the separating hyperplane compared to point B, then the model has
a greater certainty that the classification of point A is correct. As a result, for hyperplane
(w,b), the interval of sample point (x;,y;) as a function of the hyperplane is as follows.

Y= yi(w -z +b). (2)
The hyperplane is spaced as a function of the data set 7" as ¥ = min;,—1 2, 9. The
original issue can be formulated as the following optimization issue.

w,b

Yi(w-x;+b0)—1>0 )

{max v o= i_11112in i

Equation (3) is a convex quadratic programming problem for which there exists a
unique solution w*,b*. This paper will use the Sequential Minimization Optimization
(SMO) algorithm [26] to solve w*, b*. This yields the separating hyperplane w* - x 4 b* = 0
and the categorization decision function f(z) = sign(w* - x + b*).

3. Preprocessing and feature extraction of EEG signals.

3.1. EEG artefact removal based on independent component analysis. As a
low-frequency complex signal, the EEG signal is highly susceptible to environmental in-
terference in the signal acquisition process, so it is necessary to remove the artefacts.
According to the frequency domain characteristics of EEG signals, ICA [27] is used to
remove other components of EEG signals and CNN is used to perform multidimensional
feature extraction of pure EEG signals. EEG is a complex signal that consists of mul-
tiple signals superimposed on each other, and EOG, EMG and other signals that are
not related to EEG need to be eliminated. For example, track and field athletes’ mus-
cle soreness and swallowing during training can interfere with the EEG signals, and ICA,
which linearly mixes and separates independent sources from multiple sensors into a num-
ber of non-interfering and independent components, has been used in physiological signal
de-artifactualization studies and has achieved good outcome.

If the athlete has N sources during the track and field training, the mixed signal can be
considered as a square array, i.e., S = M, where S is the model dimension and M is the
input data dimension. Assuming that each component of the original EEG is unaffected
and independent of each other, and all of them satisfy the Gaussian distribution, and the
k linear combinations of k independent components sy, Ss, ..., si are xy, s, . .., T), having

Tj = Mj181 + M8 + -+ + Mk Sk. (4)

Each mixing z; and independent component s; are random variables, observation vector
r = (x1,2s,...,23)", original signal vector s = (s1, Sa,...,s,)!, coefficient matrix M =
(mi;), 1 < i <k, 1 < j <k, then the mixing model is expressed as x = Ms. After
obtaining the M matrix, the inverse matrix M~! = P of M is then computed, and the
independent component s = Px is computed, and the sigmoid is used as the cumulative
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distribution function of the components independent of the original function, then there
is

k
p(s) = ps(Pa) |P| = |P|] [ ps(u" ), ()

i=1
where pg(-) denotes the probability density and w denotes the random variable, obtained
from the great likelihood estimation. Finally, the gradient descent method [28] is used to
calculate the P-value, and each independent component of the original signal is obtained
by s = Px. The ICA algorithm can be used to decompose the multichannel EEG data
into the sum of independent components, and the pure EEG can be obtained by removing

irrelevant components and reconstructing the remaining component signals.

3.2. Multi-dimensional EEG feature extraction based on wavelet transform
and CNN.. After obtaining the pure EEG signal, this paper uses wavelet transform [29]
to convert the EEG signal into a 2D image dataset, and then uses multi-channel CNN to
perform multi-dimensional feature extraction on the EEG to improve the detection effect
of the subsequent model. CNNs are able to perceive local features using convolutional
layers compared to traditional feature extraction methods and synthesize local operations
at a higher level to obtain global features.

Assuming that f(¢) denotes the amplitude of the preprocessed EEG as a function of
time ¢, and ¢(t) is the mother wavelet that satisfies fj;o @(t)dt = 0, a different function
can be obtained by translating and telescoping the function ¢ as

eaalt) = o ( 7). (6)

a

where a,b € R, a # 0; a is used to control the shape of the wavelet function and is called
the expansion factor, and b is used to control the displacement of the function and is
called the translation factor. For the EEG signal f(t), the wavelet transform is shown in

“+o0o
Wyto) = (Fopan) =t [ rio(57 Jat )
The coefficients Wy(a, b) of each wavelet transform can be obtained by the inner product
of a series of wavelet functions and signals obtained by successive a and b. The signals are
projected on a set of wavelet functions formed by wavelet basis expansion and translation,
which constitutes a two-dimensional EEG image.

The CNN is adopted to perform a convolution operation on the 2D EEG image to gain
a characteristic map with the number of channels c. The feature compression A operation
is then performed using global average pooling and squeezing each feature channel along
the spatial dimensions as

o= Bl = o 3 S uli ), ®

i=1 j=1

where z. represents the compressed feature information of the c-th channel feature, u,
represents a channel feature in the feature map X, H and W stand for the height and
width of the characteristic map respectively, and w.(i,j) represents the feature points
at different locations in the channel. Then the feature excitation Fi.(-,w) operation is
performed by learning the parameter w. A weight is generated for each feature channel
to indicate the importance of the feature channel, and the formula is described as follows.

s = Fex(z,w) = §(g(z,w)) = 6wz o(w;2)), 9)
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where g denotes the fully connected operation, § and o denote the Sigmoid and ReLLU
activation functions respectively, w; and wy represent the weights of the two fully con-
nected levels respectively. Finally, the original features in the multichannel dimension are
recalibrated to obtain the final EEG multidimensional features as shown in

:Z‘c = Fscale(uca Sc) = S¢ * U, (10)

where s, represents the weights.

4. Track and field training fatigue detection based on feature selection and
machine learning.

4.1. Multidimensional EEG feature selection. Relied on the EEG characteristics
extracted by the above CNN, this paper uses FSA to remove the redundant features,
selects the important features to form the key feature vector space, which is used as
the input to the SVM classifier, introduces the slack variables, establishes the quadratic
programming function, and obtains the results of the fatigue detection of the track and
field training by solving for the optimal solution to the function, so as to improve the
detection efficiency.

Characteristic option is important for training efficient models. Any unnecessary fea-
tures accelerate the calculational consumption of training and the threat of model over-
fitting, reducing the generalization performance of the method. Thus, in this paper, RF
is used to remove low relevance invalid features and high redundancy features, and the
importance of the features is scored relied on the method of RF ranking importance. The
framework of the designed fatigue detection model is shown in Figure 3.

Assuming that the feature vectors extracted by CNN are F,,, = {f1, f2, ..., fm}, h; are
the corresponding labels, the Gini significance [30] of a characteristic f is delimitated
using RF to be the total of the impure improvements of each node n in each tree S that
use f.

I{f} =) AGini(n,S). (11)
S n

The optimal segmentation leads to a reduction of the Gini index defined as
AGini(n) = Gini(n) — p; AGini(n;) — p, AGini(n,.), (12)

where Gini(n) = 1 — ZkK:lpi’k, Pnk denote the proportion of category k£ in node n, n
and n, stand for n’s child node, p; and p, stand for the ratio of the instance size to the
total instance size.

This is subsequently repeated T times in a random combination of tags h; to create
the invalid significance dispersions of the various features D/} = {fo b ,D;f }}. Ran-
domly reordering the labels reduces the Gini importance of all features, so one metric for
scoring features is to calculate the percentage of the invalid significance dispersion of the
feature that is fewer than the true significance, and the equation for the feature f’s rating
is shown below.

t(DU <1
score = " ( 7 £h) x 100%, (13)

where count(+) stands for the count of components satisfying the condition, 7" is the num-
ber of repetitions, D} is the null importance distribution of a set of f, and I{f} is the
true Gini significance of f;. Therefore, this score is improved through the initial Gini
characteristic significance calculated by RF. Contrasted to the initial Gini significance,
the proposed metric is more efficient in choosing characteristics with higher significance.
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EEG signal pre-processing
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Figure 3. The structure of the designed fatigue detection model

Characteristics with scores below the threshold are removed as ‘unsignificant character-
istics’, which donate little to the model, resulting in the final classification of the input

feature F* = {fy, f3,..., [}

4.2. SVM-based fatigue detection for track and field training. The issue of detect-
ing fatigue state in track and field training is essentially a binary classification problem:
that is, the training state of an athlete is classified into two categories: awake and fatigue.
Commonly used machine learning classifiers are Bayesian, Fisher and SVM classifiers.
Since SVM has a good performance in classification, it is easy to adjust the optimization
in real applications. Therefore, SVM is used in this section to classify the fatigue state.
The essence of SVM is to find the optimal solution to a quadratic programming prob-
lem. In the classification models in this chapter, the data cannot be completely linearly
separable. If a hyperplane is forced to be found to differentiate the samples, the model
is susceptible to overfitting. Therefore, a “soft spacing” approach is used, which allows a
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small number of samples not to satisfy the constraints of Equation (3). Introducing a new
slack variable ¢;, the constraints of the classification model are shown as follows, where
1=1,2,...,n

Yi (waZ- + b) >1—¢g (14)
Each fatigue sample has an ¢;. Different values of ¢; characterize the degree to which the
sample does not satisfy the constraints of Equation (3), with ; = 0 indicating that the
fatigue sample is correctly classified; 0 < ¢; < 1 indicating that the fatigue sample is in
between the separation plane and the fatigue classification model; ¢; = 1 indicating that
the fatigue sample is in the separation plane; and £; > 1 indicates that the fatigue sample
is incorrectly classified.

Introducing ¢; cannot be overly relaxed, otherwise it will affect the classification accu-
racy. Therefore, ¢; is added to the loss function to maximize the separating surface while
trying to appear fatigue samples that satisfy the constraints, and the classification model
in this chapter is as follows.

w]® S
n —+C E &;
i=1 (15)

s.t. Y (wai + b) >1—¢g

where C' > 0 is the penalty parameter to coordinate ||w||? and Y ;" &;.
Equation (16) is simplified by the Lagrange multiplier method to transform it into an
unconstrained problem as follows.

L(w,b,e,a, ) = ||w|| —l—C’Z&-FZO@ ei — yi(wz; + b)) —iﬁﬁi (16)
i=1

where o; > 0, f; > 0is a Lagrange multlpher, so the fatigue classification problem is
converted to a maximum problem of solving

min  max L(w,b, e, a,f). (17)

w,be a>0, >0

Since Equation (18) satisfies the KKT condition, there is its dual problem max,>o, g>o Min, ;. L(w, b, €,
such that the partial derivative of Equation (17) with respect to w, b, ¢; is 0, yielding

m
w = E QY s
i=1
m
E ay; =0
i=1

=C =B
Substituting Equation (18) into its dyadic problem calculation yields

L(w,b,e,a, ) = Zaz — —ZZ& Yy T] T4 (19)

i=1 j=1

(18)

\

Since f; > 0, then having 0 < «; < (| so the model representation of Equation (16) is

transformed into
mln — Z Z azoz]yzij xj — Z o

11]1

(20)
s.t. Zaiy,- =0, 0<<C.
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After simplification, only the variable o remains in Equation (21), so it is only necessary
to find the value of a when the constraints are satisfied and the equation takes on a
very small value. This paper uses the SMO algorithm to solve for the value of a: fix the
parameters other than a, and then solve for the extreme values on o. The SMO algorithm
is a very simple algorithm. However, due to the constraint > ;" | a;y; = 0, « can be derived
from other variables if other variables than « are fixed. Therefore, the SMO algorithm
selects two variables o, and «a, in a at a time and fixes the other parameters. In this
way, after the initialization of the parameters, SMO can keep performing the following
two steps until convergence.

(1) Select two variables a,, and «, to be updated.

(2) Fix the parameters other than «, and ¢, and solve Equation (21) to obtain the
updated ay, and .

Finally, the optimal solution for fatigue detection in track and field training can be
obtained after solving the value of a by the SMO algorithm.

5. Experiments and analysis of results.

5.1. Feature selection result analysis. In this paper, 1419 EEG data of 85 track and
field athletes collected in literature [21] were used as data sets, of which 60% were training
sets, 30% were test sets, and 10% were verification sets. After the EEG artifacts were
removed, the awake state and fatigue state corresponding to the EEG data were labeled.
To prevent training errors, ten-fold cross-validation is used to partition and verify the
data set. The average of ten-round results is the average accuracy rate (mAP) of the
model, which makes the model more reliable. The experiment used a PC desktop with
Inter (R) 19-9820 CPU and NVIDIA GeForce RTX 2080 SUPER GPU to train and test
the built model. Adam was adopted to optimize the model parameters, the learning rate
was set to 0.0001, and the batch size of each iteration was 64.

To estimate the importance of characteristic selection, this article compares the maps
of 10 track and field athletes (marked 1-10) under various characteristic ratios, and the
outcome are implied in Table 1. The highest mAP of each athlete under characteristic
ratios is bolded. As can be seen from Table 1, there are 6 athletes with the highest
mAP when the characteristic proportion is 80% or 100%, and only 2 athletes with the
highest mAP when the characteristic proportion is 40% or 60%. For athletes No. 4 and
No. 10, mAP showed a downward trend as the characteristic of preserved characteristics
increased, because these athletes had invalid or redundant features. Furthermore, for
athletes Nos. 3, 5, 8, and 10, the mAP fluctuated between 5% and 10% as the proportion
of preserved characteristics increased.

As shown in Figure 4, when the model contains 80% features, it can achieve the highest
classification accuracy, mAP is 93.05%, and standard deviation is 4.12. When it contains
100% specific column features, the classification accuracy is the second highest, mAP is
92.4%, and standard deviation is 2.03, followed by 60%, 40% and 20%. FSA algorithm has
the best classification performance when 80% of the features are retained. Therefore, the
suggested RF feature importance and ranking importance methods are used to score the
importance of features, and deleting low correlation invalid characteristics and high re-
dundancy features can reduce the training cost of the model and improve the classification
efficiency.

5.2. Comparative experimental analysis of performance. To better evaluate the
performance of the proposed model (OURS), mAP, mean accuracy (mPR), mean F1 value
(mF1), MAE, mean specificity (mSP), and mean sensitivity (mSE) were comprehensively
used to compare the classification performance. For the convenience of analysis, the model
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Table 1. Categorization performance of 10 athletes retaining various proportions
of characteristics

No.  20% 40% 60% 80% 100%

1 94.15% 90.12% 91.48% 94.88% 95.24%
2 95.28%  93.59% 95.35% 96.77% 98.56%
3 81.25%  84.96% 86.24% 94.56% 92.61%
4 95.23% 93.15% 91.26% 89.02%  86.14%
5 90.82% 94.21% 95.59% 96.29% 97.31%
6 94.06% 95.44% 92.69% 95.02%  91.56%
7T 92.14% 89.39% 94.21% 85.27%  89.34%
8 87.19%  88.55% 92.68% 94.75% 92.14%
9 91.45% 87.11% 93.17% 94.20% 95.27%
10  87.25% 86.39% 83.65% 83.27% 81.05%

575 T T T

Wl T

92.5 N A i
~ A
N A
= 90.0 - i l
< |
£ 87.5 1 |

85.0 -

T
82.5 : +
80.0 ! ! ! !
26% 46% 6(;% 86% 102)%

Propotion of preserved characteristics

Figure 4. Accuracy comparison under various proportion of preserved charac-
teristics

in this paper is denoted as OURS, the model in reference [16] is denoted as M1, the model
in reference [18] is denoted as M2, the model in reference [19] is denoted as M3, the model
in reference [20] is denoted as M4, and the model in reference [22] is denoted as M5. The
comparison of mAP, mPR and F1 of different models is shown in Figure 5.

As can be seen from Figure 5, mAP of OURS is 93.61%, which increases 21.96%, 16.42%,
11.97%, 8.5% and 5.46% respectively compared with M1, M2, M3, M4 and M5, achieving
the highest classification accuracy. In addition, mPR and mF1 of OURS are 90.14%
and 92.57%, respectively, which are also higher than the other five models. The fatigue
detection of M1 and M2 is based on DT and SVM respectively, and the time-frequency
domain features of the original EEG are directly used for classification, and the feature
extraction is insufficient, resulting in poor classification effect. Both M3 and M4 are based
on CNN for fatigue classification. Although CNN has strong feature extraction capability,
it is a classifier with high computational complexity and redundant features, resulting in
lower classification performance than M5 and OURS. M5 uses PCA to select the optimal
feature subset, and the classification accuracy reaches 88.15%, but the feature extraction
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Figure 5. Comparison of classification performance of different detection models

is insufficient, and the SVM optimization is not combined with the characteristics of
athlete training. To sum up, OURS has good detection performance.

The MAE, mSP and mSE pairs of the six models are shown in Table 2. mSP and
mSE are the gold standard to measure the validity of the model, and the larger the value,
the better the classification effect. The mSP and mSE of OURS are 97.62% and 98.28%
respectively, both higher than the other five models, which verifies the effectiveness of
OURS. In addition, the MAE of OURS is 0.61, which is 0.36-4.75 lower than that of the
other five models, indicating that OURS has a high detection accuracy. OURS not only
uses CNN for full feature extraction, but also deletes redundant features through RF and
realizes fatigue detection by using optimized SVM classifier, which greatly improves the
detection efficiency and verifies the effectiveness and efficiency of OURS.

Table 2. Fatigue testing performance of different models

Indicators M1 M2 M3 M4 M5 OURS
MAE 536 3.57 291 159 0.97 0.61

mSP /% 72.05 79.17 84.93 89.56 93.19 97.62
mSE/% 78.52 83.35 88.94 91.74 95.33 98.28

6. Conclusion. In view of the issues of irrelevant features and unsatisfactory results
in the current track and field training fatigue detection methods, this paper proposes a
track and field training fatigue detection model based on FSA and ML. Firstly, the eye
artifact contained in EEG was removed by ICA method, and the remaining component
signals were decomposed and reconstructed to obtain pure EEG. Nextly, the EEG is
transformed into two-dimensional image by continuous wavelet transform, and feature
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extraction is carried out by multi-channel CNN. Then, RF is used to score and select
important features and construct important feature vector space. Finally, the important
features are input into the SVM classifier, which is used to judge the fatigue state and
obtain the final fatigue detection classification result. The experimental results show that
the classification accuracy of the proposed model is high, which proves that the proposed
model is feasible and has practical application value.

Although the proposed model has achieved some results, the ICA method used for
EEG artifact removal relies on prior knowledge. In the next step, the automatic artifact
removal algorithm will be studied to further improve the efficiency of fatigue detection.
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