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ABSTRACT
Introduction: Sports recognition technology gradually mature. Among them, wearable sensors have attracted 

wide attention because of their accurate recognition. Objective: The following squats are used as an example 
to determine whether CNN and EMG signals determine whether functional motion is standard. Methods: Based 
on the FMS of EMG, 80 students of the same grade are randomly selected from the Physical Education School of 
XX University for the experiment and the results are verified. Results: The results show that the GBC can classify 
the EMG signal of the three functional movements more accurately, and the classification accuracy rate of squat, 
stride, and straight lunge squat is 91%, 89%, and 90%, respectively. The decision tree has a good ability to judge 
whether the functional movement is standard or not, and the accuracy of judgment can reach more than 98%. 
In conclusion, EMG-based FMS can effectively detect early sports injuries and plays a good role in reducing sports 
injuries. Conclusions: The classification effect of the squat is the most obvious, reaching 91%, and its recognition 
ability is the strongest. Level of evidence II; Therapeutic studies - investigation of treatment results.
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RESUMO
Introdução: A tecnologia de reconhecimento esportivo amadurece gradualmente, entre as quais, os sensores atraíram 

grande atenção devido ao seu reconhecimento preciso. Objetivo: Os seguintes agachamentos são usados   como exemplo 
para ver se os sinais CNN e EMG determinam se o movimento funcional é padrão.  Métodos: Com base no EMG FMS, 80 
alunos da mesma série da XX Escola Universitária de Educação Física são selecionados aleatoriamente para o experimento e 
os resultados são verificados. Resultados: Os resultados mostram que o GBC pode classificar o sinal EMG dos três movimentos 
funcionais com maior precisão, e a taxa de precisão da classificação do agachamento, estocada e agachamento estocada 
reta é de 91%, 89% e 90%, respectivamente. A árvore de decisão tem uma boa capacidade de julgar se o movimento funcional 
é padrão ou não, e a precisão de julgamento pode chegar a mais de 98%. Em conclusão, a EMG baseada em EMG pode 
detectar efetivamente lesões esportivas precoces e desempenha um bom papel na redução de lesões esportivas. Conclusões: 
O efeito de classificação do agachamento é o mais evidente, chega a 91%, e sua capacidade de reconhecimento é a mais 
forte. Nível de evidência II; Estudos terapêuticos- investigação dos resultados do tratamento. 

Descritores: Movimento funcional; Imagens biológicas; Exercício físico; Ferimentos e lesões.

RESUMEN
Introducción: La tecnología de reconocimiento deportivo va madurando gradualmente, entre los cuales, los 

sensores han atraído gran atención por su preciso reconocimiento. Objetivo: Las siguientes sentadillas se utilizan 
como ejemplo para saber si las señales CNN y EMG determinan si el movimiento funcional es estándar. Métodos: Con 
base en el FMS de EMG, se seleccionan al azar 80 estudiantes del mismo grado de la Escuela de Educación Física de la 
Universidad XX para el experimento y se verifican los resultados. Resultados: Los resultados muestran que el GBC puede 
clasificar la señal EMG de los tres movimientos funcionales con mayor precisión, y la tasa de precisión de clasificación 
de sentadilla, zancada y sentadilla con estocada recta es 91%, 89% y 90%, respectivamente. El árbol de decisiones tiene 
una buena capacidad para juzgar si el movimiento funcional es estándar o no, y la precisión del juicio puede alcanzar 
más del 98%. En conclusión, la EMG basada en EMG puede detectar de forma eficaz las lesiones deportivas tempranas 
y desempeña un buen papel en la reducción de las lesiones deportivas.  Conclusiones: El efecto de clasificación de la 
sentadilla es el más evidente, alcanza el 91%, y su capacidad de reconocimiento es la más fuerte. Nivel de evidencia 
II; Estudios terapéuticos- investigación de los resultados del tratamiento.

Descriptores: Movimiento funcional; Imagen biológica; Ejercicio físico; Heridas y lesiones.
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INTRODUCTION
In sports, due to incorrect posture or excessive exercise, it is often 

easy to cause movement damage, which may greatly affect our lives.1,2 
When motion damage is not completely treated and recovered, long-
-term chronic diseases, such as habitual sprays and strains.3 In order to 
reduce the occurrence of this situation, the prevention and prediction 
of the motor injury should be strengthened. FMS can detect and identify 
the characteristics of human groups in early stages of motion barriers, 
but the body has not been damaged.4,5 With the development of the 
computer, motion recognition is gradually possible.6 Therefore, EMG is 
combined with motion identification to provide a reliable standard for 
functional motion screening.7,8

FMS can be moved through a video image, which is not limited to the 
injury screening of athletes. However, these actions still have problems 
such as unreasonable quantization. If you want to further develop FMS, 
you need to explore and study in the theoretical field. At present, most 
of the research on FMS research focuses on athletes’ exercise damage, 
and a few studies on the early stage of sports injury.9-11

Along with the development of computer technology, sports recog-
nition technology gradually mature.12,13 Among them, wearable sensors 
have attracted wide attention because of their accurate recognition.14,5 
Wearable sensors include those based on accelerometer signals, based 
on EMG signal.16,17 Therefore, the FMS is combined with the EMG sensor 
in the study to provide some ideas for the standardization of FMS and 
to make it possible to reduce motion damage earlier.

METHODS
Feature extraction

I. Integral EMG (IEMG) value, which represents the area under the 
curve of EMG, which reflects the discharge of exercise muscle unit over 
a period of time.
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II. Absolute value integration Iva is the average value of the absolute 
value of the signal samples in the discrete signal.
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III. Maximum value, the maximum value of the discrete signal in a 
period of time.

( )( )maxMax x t=                                                  (3)

IV. Mean Ave, the average value of discrete signals over a period 
of time.
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V. The minimum value Min, the smallest value of the discrete signal 
in a period of time.

( )( )minMin x t=                                            (5)

VI. RMS, the average level of muscle discharge over time.
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VII. Variance Var, average power of random signal.
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Feature classification
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In which, Hm(x) is called “weak learner” in Boosting. In Gradient 
Boosting, a fixed-size decision tree is used as a weak learner. The deci-
sion tree plays an important role in Boosting, including the processing 
power of mixed data and the ability to model complex functions.18,19

Gradient Boosting builds the model through greedy methods.

( ) ( ) ( )1m m m mY x Y x H xα−= +                                     (9)

Adding the tree Hm will feed back the minimum loss S to the pre-
vious tree Ym-1.

Gradient Boosting is minimized by gradient descent, and the gradient 
descent direction is obtained by Ym-1.

( ) ( )( )1arg min ,m H i m i iH L y Y x H x−= +                    (10)

The step size is obtained through mα  linear search.
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EMG-based CNN model

The CNN used in this study is shown in Figure 1. 
In this experiment, the RELU function is selected as the activation 

function instead of the SIGMOID function, because SigmoID has two 
shortcomings: update slow, not conducive to the calculation of the lower 
layer. The relu itself has a simple definition of the characteristics of the 
simple operation, which makes its propagation speed faster.

( )1 ,s s s s s sz N x y x zδ−= + =                         (12)

In which, Ns represents the weight from (s-1) layer neuron to the first 
layer neuron, xs represents the output of the s layer neuron after ReLU 
activation function, ys represents the bias of the neuron in layer s, zs repre-
sents the input of neuron in layer s, and δ is the ReLU activation function.

The errors generated by the output layer are as follows.

( )'s s
xD zβ δ= ∇ �                                    (13)
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In which, D is the cost function and βs is the error generated by the 
neurons in the sth layer.

Backward propagation stage: the difference between the actual 
output Po and the ideal output Dp is calculated, and the back propa-
gation matrix is adjusted according to the minimization error. The back 
propagation error is as follows.

( )( ) ( )1 1 '
Ts s s sN zβ β δ+ += �                                    (14)

SOFTMAX classification algorithm

In this study, SoftMax is the last layer of CNN. The feature extracted by 
the convolution layer and the pool layer is input to a soft MAX classifier, 
and the probability is output according to the EGM feature. Assume that 
the function is as follows.20
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In which, 1
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is to normalize the probabilities so that the sum of all probabilities is 1. 
In order to make the results simple and easy to use, the same parameter 
α is used to represent all model parameters. In the implementation of 
SOFTMAX, α is expressed as kx(n+1), and all the results are listed as follows.
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The cost function including penalty items in SOFTMAX is as follows.
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Partial derivation of α is obtained as follows.
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Then, the gradient of the cost function of the cost function is ob-
tained. Forma extracts and determines whether the action of the EMG 
spectrum-based CNN output is after the classification output, whether 
the operation is determined whether the operation is standard.

The variance is defined as follows.
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The average power frequency is defined as follows.

( ) ( )0 0/APF f O f df O f df∞ ∞= ⋅∫ ∫                       (20)

Results
This experimental data includes 10 subjects between 20s and 30, 5 

male and 5 women. Data is collected in the laboratory. First, the electrode 
is fixed at the corresponding position on the skin of the subject. Through 
professional guidance, under the premise of ensuring the operation of 
the action, the EMG of the squat is shown in Figure 2.

Figure 1. Schematic diagram of CNN.

Figure 2. Squat EMG.
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RESULTS
Feature classification results

Single feature classification results: it is evident from Figure 3 that the 
feature IEMG has higher accuracy in the GBC than other features, and the 
feature Ave performs the worst in the classifier. Overall, the features Iva, 
Max, Min, RMS, and Var have relatively high accuracy in the classifier. At 
the same time, it can be found in figure 3 that the separability of featu-
res is Min, RMS, IEMG, MAX, Iva, Ave, and Var in order from high to low.

The precision (P), recall (R), and F1-score (F1) are used to further analyze 
the classification of single feature classification indicators on the classifier. 
The accuracy rate = true case/(true case+false positive case), which is the 
proportion of movements that are hardly retrieved to all retrieved sports 
movements, recall rate=true case/(true case+false counterexample), 
which is the proportion of movements that should be retrieved to all 
retrieved sports and health movements, F1 value = 2 (P*R)/(P+R), which is 
the harmonic mean of precision and recall. In the single-feature classifier, 
squat, stride, and straight lunge squat are used for 1,2,3 respectively. It is 
evident from Figure 4 that the overall classification effect of the GBC is 
better, and the classification effect for squats is the best.

All the single features involved  are combined to get the combined 
features, the combined features are put into the GBC to train the model 
and get the classification results, and the parameters of the GBC are set 
as follows: n_estimators=100, learning_rate=1.0, max_depth=13 , Min_
samples_split=50, min_samples_leaf=20, max_feature=4. The obtained 
classification results are shown in Figure 5. The overall classification effect 
of the GBC is better, and is similar to the single feature classification, and 
the classification effect of the squat movement is the best.

The average accuracy of the single classification and the combined 
classification are shown in figure 6. Compared with the single classifi-
cation, the average accuracy of the combined classification has been 
significantly improved.

Classification results and analysis of CNNs based on EMG spectrum. 
(Figure 7)

EMG-based sports injury correction
At the University of XX University, 80 students were randomly se-

lected to participate in the experiment. In order to ensure consistent, 
students are men, in the same school year. 80 students were randomly 
divided into two groups, 40 people in each group. The control group 
was filtered with a general FMS. The experimental group was screened 
with an EMG biosa image data, as shown in Figure 8. The results showed 
that the number of sports damage in the control group was lower than 
the sports injury of the experimental group, but the number of sports 
injuries in the control group after rehabilitation was not significantly 
reduced, higher than the experimental group.

Figure 3. Comparison of the accuracy of various features on the classifier. Figure 5. Classification results of the classifier in different movements.

Figure 4. Comparison of classifier performance in different movements. A Precision 
rate, B Recall rate, C F1 value.
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Figure 6. Comparison of classification effects between single and combined features.

Figure 7. Classification results of CNN based on EMG spectrum.

Figure 8. Sports injuries before and after rehabilitation training in different groups.

DISCUSSION
After analysis, it is found taht among the 7 features, feature IEMG has 

higher accuracy in GBC than other features, and feature Ave performs 
the worst in classifier. This is largely due to the greater interference 
received by Ave, which makes the classification results prone to errors. 
This feature is also reflected in the accuracy rate, recall rate, and F1 
score . After the analysis of the results of combined features and single 
features, it is not difficult to find that single features do not have a good 
classification ability for functional movements. However, by adding the 
feature dimension, the classification ability of classification model can 

be significantly strengthened for different functional movements so as 
to obtain better classification effect . I. The signal noise in the original 
data is large, and the EMG signal itself is weak, which is easily affected 
by external interference. II. The spectrum mapping in the CNN is small, 
so that the CNN cannot be extracted from the image of the frequency 
spectrogram of the image. Iii. Sports itself has some disturbances of an 
irrelevant signal. The crouching involves a variety of muscles, such as 
Quadriceps, Hamstring, and Gluteus Maximus, which also participated 
in non-standard crouch.

CONCLUSION
In this study, the FMS method was proposed based on the EMG 

biorejectment. The experiment has innovated the traditional FMS of 
the EMG biological image to determine more objective, but since the 
number of samples of experimental training is too small, the experimental 
results still have a further improved space.
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