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Abstract The rapid development of sports training technology promotes the improvement of physical fithess of the
sports population, but sports lower limb functional injuries inevitably occur. In order to realize effective lower limb
rehabilitation, the recognition of rehabilitation posture for sports lower limb motor function injury becomes crucial.
In this paper, we preprocess the sports lower limb movement action data through the method of error calibration
and data normalization. The DeepConvLSTM neural network is proposed by combining convolutional neural
network (CNN) and long short-term memory (LSTM) recurrent neural network, and the gesture recognition model
based on DeepConvGRU neural network is constructed by integrating gated recurrent unit (GRU). The performance
of the model on the lower limb motor function injury rehabilitation task is evaluated through experiments. The
DeepConvGRU model in this paper achieved 96.83% and 99.11% accuracy on the UCISmartphone dataset and
Rehalab-412 dataset, respectively, demonstrating good model performance.

Index Terms convolutional neural network, long and short-term memory recurrent neural network, DeepConvGRU
neural network, sports injury rehabilitation, sports movement

. Introduction

Lower limb functional injuries in sports are a common type of sports injury, and through rehabilitation training, the
rehabilitation process can be accelerated, joint mobility can be improved, and complications can be avoided [1]-[3].
The purpose of rehabilitation training is to help restore the function of the lower limb bones through appropriate
movement and exercise, improve muscle coordination by increasing muscle strength, as well as prevent and reduce
the risk of recurrent fractures [4]-[6]. Rehabilitation training can promote blood circulation, enhance muscle group
strength and joint flexibility, thereby shortening rehabilitation time and improving rehabilitation outcomes [7], [8].
However, in rehabilitation training, the correctness of posture is closely related to the outcome of rehabilitation, and
incorrect posture not only does not promote rehabilitation, but also aggravates the injury, so it is crucial to recognize
the rehabilitation posture and correct it [9]-[11].

Rehabilitation training for lower limb sports injuries needs to be planned according to the specific situation,
including muscle strengthening, balance training, joint mobility exercises, etc [12], [13]. In the process of
rehabilitation training, attention should be paid to gradually strengthening the training intensity to avoid excessive
fatigue [14]. Muscle strengthening training includes thigh muscle strengthening training such as straight leg raise,
lunge squat, and leg curl, calf muscle strengthening such as heel lift and kneeling leg curl, and gluteal muscle
strengthening training such as gluteal bridge and lateral gluteal bridge [15]-[17]. Balance training includes single-
leg support exercises, walking balance exercises, and dynamic balance exercises [18], [19]. In terms of joint mobility
exercises, there is a gradual transition from early bed training, including knee bending, extension and other
movements, to the use of aids such as walker crutches and other activities such as going up and down stairs [20]-
[22]. In rehabilitation care, not only should we focus on appropriate rehabilitation training, but also on psychological
care and analgesic care, which can detach them from the vicious cycle state of pathogenic factors such as
psychological stress and pain stress, improve overall comfort, strengthen the confidence in rehabilitation treatment,
and accelerate the regression of the condition and the improvement of the prognosis [23]-[26].

Due to the risk of recording error of the action collector and the principle error of the inertial guidance data solving
itself, this paper proposes the pre-processing process and method of the sports lower limb sports action data with
error calibration and data normalization to ensure the quality of the lower limb sports data set. Under the premise
of guaranteeing the quality of sports lower limb movement data, a sports lower limb motor function injury
rehabilitation posture recognition model is constructed to realize the recognition of sports lower limb motor function
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injury rehabilitation posture and monitor the rehabilitation status of lower limb motor function injury. By combining
convolutional neural network (CNN) and long short-term memory (LSTM) recurrent neural network, and for the
problem that DeepConvLSTM network is difficult to be trained, a fusion model DeepConvGRU based on
convolutional neural network and gated recurrent units (GRUs) is proposed, which automatically extracts the
features and models the time-dependence relationship, and improves the convergence speed of the model. The
performance of this paper's model on the task of lower limb motor function injury rehabilitation is explored through
the sports lower limb motor function injury rehabilitation posture recognition experiments.

Il. Methods of pre-processing lower limb movement data in sports

The main content of this chapter is the preparation of sports lower limb motor action data in the study of posture
recognition for rehabilitation of sports lower limb motor function injury. The preprocessing of sports lower limb motor
action data is achieved through error calibration and data normalization.

Il. A.Error calibration

Microelectromechanical system (MEMS)-based inertial sensors have the advantages of easy integration, low price,
and low power consumption, which provide the hardware basis for making portable inertial guidance devices;
however, at the same time, MEMS devices tend to show the defects of poor stability and insufficient accuracy, which
are mainly reflected in the larger drift error and higher randomness of the noise model, which leads to the easy
accumulation of error data.

In the zero-input state, the output of the sensor tends to behave as a smooth random process after entering a
long time steady state. The statistical properties of a smooth stochastic process are to have a constant mean and
a constant variance, i.e., the sensor output behaves as if it varies around a fixed value (the mean) with a fixed
degree of dispersion (the mean-variance value). This initial state deviation does not vary with time under the steady-
state assumption and is therefore a static error that can be eliminated offline:
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In fact, the accurate error model of inertial devices is very complex, in addition to static error, it also contains
various types of error components with time-varying coefficients and cross-coupling terms. Compensation
algorithms have been built in the device for these complex error components, so there is no need to carry out
additional modeling processing in the data application stage. In this section, only a simplified error model is
considered for static error calibration, and this coarse calibration scheme is easy to operate and simple to compute,
so it can be easily used by common users. The accuracy of the inertial guidance devices tends to be relatively
stable under short-term applications, and the remaining part of the neglected error as an uncontrollable factor
accompanies the data into the feature extraction stage, and their impact on the algorithmic model is controlled by
the robustness of the feature engineering scheme.

1) Gyroscope

The relationship between the actual output and the true angular rate of a single-axis MEMS gyroscope is shown
in equation (2):

Rt = Sngro X (Rm _RO) (2)

Where R, -the ideal output, i.e. the true angular rate value, in °/S (dps);

R, -indicates the actual digital signal value measured by the sensor in lowest significant bits (LSBs);

R, -the measured value of the sensor at zero input level, i.e., the zero bias value, in (dps);

SF,,, -the sensitivity, i.e. the ratio between the gyroscope output and the input angular rate, is the conversion
factor used for digital-to-analog conversion in (dps/LSBs).

The inertial motion acquisition device was then subjected to a static experiment and the following zero bias data
for the MEMS sensor was obtained:

R, =0.000 089 792 345
R,, =-0.000 054 875 483 (3)
R,, =0.000 005 848 978
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Thus, the calibration equation is obtained as shown in equation (4), where checking the table shows that
SF,_ =2000(dps/LSBs) .ie.:

gyro

R _=S8SF__x (R()utput—x - ROX)

X gyro

Ry = SF;,),,,D X (Rvutput*y — Ry, ) (4)
Rz = Sngm X (Rautpuz—z - ROx)

2) Accelerometers

Due to the nature of the measurement principle, the accelerometer has a reference calibration value, i.e., the
gravitational acceleration value of the earth, and can therefore be calibrated using a simple static six-position
calibration method. First the error equation of the accelerometer is shown in equation ():

Ax AxO SE chl Kaxz ax
A |=|4, |+ K,, SF, K,,||a,
Az AzO Kazl Kazl SF; az
) )
K. 0 0 a.
+# 0 K, 0| a;
0 0 K_||d&

where E(AX,AJ,,AZ) - the actual output value of the MEMS accelerometer;
I‘To(Axo,AyO,Azo) - the zero bias component of the sensorin &;

ﬁ(ax,ay,az) - the ideal output, i.e., the true acceleration component, whose modulus magnitude is constant to
the & value,i.e.

aj+aj+az2 =g (6)
SF,.. (SFV,SFy,SE) - scale factor of the accelerometerin g™';

(Kml,Km,Kayl,Ka_},z,Km,Km) - Installation error factor;

The third term on the right side of the equation represents the quadratic term error, and the simplified model after
omitting this part is shown in equation (7):

2=E+Ex3'a (7)

It is known that the output of the accelerometer is g =9.81m /s> when the accelerometer is static on the
horizontal plane in the positive vertical axis (facing up), the device is fixed on a stable horizontal surface, respectively,
so that its carrier coordinate system of x, V, z three axes along the vertical upward and downward direction for
a certain period of time, after the stabilization of the output can be obtained respectively in six states of the output
sequence, take the statistical average as a representative of the data, in order to The statistical average is taken as
the data representative, which is combined in the form of row vectors as a matrix of 6x3 size, and the real
acceleration component can be obtained as shown in Eq. (8):

a, dp 4y [+g 0 0
ay Ay Ay -g 0 0
- a a a 0 + 0
i, = 31 32 33 a . = g (8)
Ay Qg Ay 0 -g 0
ds; ds; ds 0 0 +g
1961 sy g3 | L 0 0 -g]
First as shown in equation (9), the zero bias error is calculated as follows:
All + AZ] A?Z + A42 A53 + A63
= Ay, = (A, =0 9
AOx 2 0y 2 0z 2 ( )
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Taking the 1st, 3rd and 5th rows from the matrices ,?11% and 4, ,, to form 1?11,3,5, 4,55, respectively, we can
obtain an equation containing 9 unknowns as shown in Eq. (W):

a, — 4, a,- A()y a; — 4,
ay, — A4, ap-— Ao)» ay,— Ay, | X1y =
as, — 4, a;— Ao)» as, — A,

(10)

S O 0,
R o o

0
g
0

It is sufficient to solve the matrix T7,,; by using the solution method of the system of linear equations:

L= (A1,3,5)
So the six-plane calibration experiment is carried out to obtain the steady state output sequence of the triaxial
accelerometer on the horizontal plane, and the sequence is randomly sampled, 100 data points are taken to find
the mean value, and the final six-position calibration data is obtained. B
The calibration parameters can be obtained by bringing the data into Eq. (9), where the accelerometer zero bias
is:

1
X am’s .

A4,y =—0.000 892 388
4,5 =0.000 649 876 (11)
A, =0.001084 710

The installation error factor is:
K, ,=-0.007815476,K, , =0.008 373 928

axl —

K,, =0.000725927,K, , =—0.000 176 984 (12)
K, =-0.000421032,K,., =-0.001122914

Substituting the above values into Eq. (12), the true error calibration formula of the triaxial accelerometer under
the experimental field conditions can be obtained. In order to check the effect of this calibration model, the difference
between the modal value of the output value of the triaxial MEMS accelerometer and the standard £ -value is used
as the error indicator, and the relationship shown in Eq. (13)) exists in the stationary state:

errorz"/]"z—g:,[Af+Af,+AZZ—g (13)
3) Magnetometer

Magnetometers can convert the magnetic induction strength of the magnetic field into a digital signal for output,
however, due to the complexity of the ground's ambient magnetic field, the interference factors are numerous and
high randomness, and even the printed circuit board of the integrated sensors itself will exist to a certain extent can
not be suppressed by the phenomenon of electromagnetic interference, the magnetometer components also
inevitably contain some ferromagnetic material which will produce remanent magnetism.

Therefore, compared with other types of inertial sensors, MEMS magnetometer circuit structure caused by the
drift phenomenon tends to be more serious, if the magnetometer's measurement error curve as described in the
introduction to this section of a smooth random process, then the circuit drift and remanent magnetization
phenomenon on the measurement element performance can be summarized as a zero-bias error model. That is,
the relationship between the actual output of the magnetometer and the true magnetic field magnitude component
is shown in equation (14)):

B, =B,+b,
Bz :BZO +bz (14)
Bx :Bx0+bx

where E(BX,B}.,BZ)- the actual output value of the MEMS magnetometer;
E(bx,by,bz)-Magnitude component of the magnetic induction strength of the real magnetic field;

B—o(wa’xo,l-?yo,BZ(J ) - the zero bias component of the sensor.
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Il. B.Data normalization
The study data contains acquisition data from different sensors, each of which does not correspond to the same
units, and under the influence of magnitude, gyroscope (in °/s) data will be literally much larger than accelerometer
(in m/s*) data for the same level of motion amplitude. Since some of the feature extraction methods described
later are sensitive to vector modulus, there will be a difference in the contribution of data at different orders of
magnitude to the feature expression, i.e., it is manifested that the gyroscope data is more important in motion
recognition, which obviously violates the basic knowledge, and thus normalization is needed to convert the inertial
data into a purely dimensionless expression of magnitude.

In order to facilitate the calculation, the normalization method used in this section is block mapping: the data of
the three sensors, namely gyroscope, accelerometer and magnetometer, are mapped into the range of (0,1) , and
since they are all three-axis data, the specific expression formulas are shown in Eq. (15):

a-min(4,,4,,4,)

Enorm = maX(AxaAy’Az);min(AX’A)”AZ) (15)

lll. Posture Recognition Model for Rehabilitation of Lower Extremity Motor Function
Injuries in Sports

In the previous chapter, this paper completed the preprocessing of sports lower limb movement action data. In this

chapter, the convolutional neural network (CNN) and long short-term memory (LSTM) recurrent neural network will

be combined into DeepConvLSTM to propose a posture recognition model based on DeepConvLSTM for

rehabilitation of sports lower limb motor function injury.

lll. A. CNN Convolutional Neural Network

CNNs have been successfully applied to the field of human motion recognition for wearable sensors [27]. CNNs
perform convolutional operations on sensor signals by means of a convolutional kernel and extract features from
them, followed by using the extracted features as inputs to a multilayered, fully-connected layer in order to obtain
probability distributions of different human motions. The ability of the convolutional kernel to capture temporal signal
structure in its kernel window is demonstrated through experiments on several sensor motion public datasets. The
experimental results show that the recognition performance of the CNN outperforms traditional machine learning
methods based on manual feature extraction.

lll. B. LSTM recurrent neural network

LSTM regulates the interaction between the storage unit itself and its environment by introducing the idea of
thresholds [28]. The three thresholds of LSTM are forgetting gate, input gate and output gate. The forgetting gate
can determine the extent to which existing cell states are forgotten, the input gate can determine the extent to which
candidate cell states are added to the original cell states, and the output gate can control the extent to which cell
states are output. In the absence of external interference, the cell state of the LSTM can be maintained from one
time step to another with a constant time step, thus simplifying its learning of temporal relationships on longer time
scales.

lll. C. DeepConvLSTM neural network
Since the existing single neural network algorithms are often limited by the computational speed and accuracy when
applied to complex problems, many people have focused on deep learning algorithms that combine multiple neural
network structures. Among them, the network model based on the combination of convolutional neural network and
LSTM recurrent neural network has received more attention in recent years. This combination network has already
achieved better results in robot tactile recognition, speech recognition and other fields.

Deep Conv LSTM consists of a series of convolutional and recurrent layers, where the convolutional layer acts
as a feature extractor and is responsible for converting the input sensor data into an abstract feature map. The
recurrent layer, on the other hand, models the temporal dependencies in the input feature map data.

lll. D. DeepConvGRU Neural Network Modeling

The network structure proposed in this paper has 9 layers, including 3 convolutional layers, 2 pooling layers, 2
looping layers and 1 output layer. Firstly, the preprocessed sensor data will be used as the input of the convolutional
layer, then the feature output extracted from the convolutional pooling layer will be used as the input of the recurrent
layer, and finally the output of the recurrent layer will be sent to the output layer, which is a fully connected layer
with the activation function of Softmax. The Softmax layer can calculate the probability of the samples belonging to
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each class, and at the same time, it is convenient for the later computation of the loss function by solving the cross
entropy. Through the above description of the network structure, the final structure of the DeepConvGRU network
is constructed as shown in Figure (1.

0000

Sensor data Convolutional pooling layer i e ECiasaficahan
e Loop Layers  oufput layer

Figure 1: DeepConvGRU network structure

In order to show the advantages of Deep Conv GRU, the performance of Deep Conv GRU is compared with that
of general CNN without loop layer and Deep Conv LSTM with LSTM loop unit in the loop layer. In order to fairly
compare the three models, the convolutional pooling layer part of the experiment adopts the same structure, and
the same size and number of convolutional kernels are selected. The main difference between the three networks
lies in the recurrent layer part, where Deep Conv GRU chooses GRU recurrent units, Deep Conv LSTM chooses
LSTM recurrent units, and the CNN replaces the recurrent layer all the time with a fully connected layers [29]. Thus,
the difference in the final performance of the models depends entirely on the strengths and weaknesses of the
models themselves, and not due to better optimization or preprocessing, for example.

lll. D. 1) Convolutional pooling layer

The convolutional pooling layer part of this network consists of alternating stacks of convolutional and pooling layers.
It includes 3 convolutional layers and 2 pooling layers. The number of convolution kernels of the 3 convolutional
layers are 16, 32 and 64 respectively, the size of convolution kernels are 1x8, the step size is 1 and the padding
mode is complementary 0. In the convolutional layer, each time, multiple convolution kernels can be used to perform
convolution operation on the input information to generate multiple feature maps, and its mathematical model can
be described as:

i=1

TR PR (16)

where: xj.” is the j-feature map of the /-layer; f is a nonlinear activation function; Az’ is the number of

feature maps in the [-layer; k,.’ is the convolution kernel that maps the i-feature map of the /-layer to the J-

i
feature map of the (l+1) -layer by convolution operation. The nonlinear activation usually chooses the modified

linear unit (ReLU), the advantage of ReLU is that it can reduce the dependency between the parameters and reduce
the generation of overfitting problems.The formulaic expression of ReLU is as follows:

a" (=1 (5" (D)= max {0,y () an)

where: »“*V(j) denotes the output value of the convolution operation; a*'(j) is the activation value of y/*"(}).

The 2 pooling layers are distributed between the 3 convolutional layers, and the pooling filters all have a size of
2 x 1, a step size of 2, and a padding method of complementary 0. The pooling layers are sandwiched in between
consecutive convolutional layers, and are used to compress the amount of data and parameters, and to reduce
overfitting. The commonly used pooling methods are divided into maximum pooling and average pooling, average
pooling can take the average value of all feature points in the window, and maximum pooling takes the largest
feature point in the window. In order to extract the most obvious features in the feature map, this network structure
uses the maximum pooling strategy.
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lll. D. 2) GRU Circulation Layer

The 2 recurrent layers of the network both use GRU as the recurrent unit with 128 recurrent neurons.GRU is a much
altered variant of LSTM, first proposed by Cho et al. Similar to the structure of LSTM, GRU has different gates in its
structure, but it combines the forget gate and the input gate into one into an update gate, and also makes some
other changes, such as merging the cell state and the hidden state.

Assuming that the hidden state (i.e., the output) of the GRU at time ¢ is #,, it can be represented by the hidden
state %_, atthe previous moment and the candidate hidden state ﬁt:

h, :(l—zl)hlfl—i-z[hi (18)
The update gate z, determines the extent of the hidden state update, which is computed by equation (@).
z,=o(W.x, +U.h_) (19)

This computation of solving the linear sum of old hidden states and candidate hidden states is very similar to
LSTM, but GRU does not have any way to control the extent of its cell state output, meaning that it outputs the
complete cell state at every step.

The exact formula for calculating the candidate hidden states is as follows:

h, = tanh (Wx, +U (1,0 h,_,)) (20)

where: 7, is a set of reset gates; [l is a dot-multiplication (i.e., vector elements correspond to multiplication)
symbol. When the reset gates are closed (i.e., when r, approaches 0), the reset gates cause the cell to forget its
previous state.
The reset gate 7, is computed similarly to the update gate:

r=c(Wx,+Uh_) (21)
IV. Sports lower limb motor function injury rehabilitation posture recognition experiment
In this chapter, the performance of DeepConvGRU, the posture recognition model proposed in this paper for sports
lower limb motor function injury rehabilitation, on the task of lower limb motor function injury rehabilitation will be
evaluated through experiments, which firstly process the collected sports lower limb motor action data. Then the
model performance is validated by comparison experiments. The comparison models used in the model comparison
experiment include the time interval series construction model LSTM, the warp volume network CNN, the residual
volume network ResNet, the iSPL Inception model and the system depth perception network Rehab-Net for fithess
equipment monitoring.

IV. A. Pre-processing of sports lower limb movement action data

In the process of human body data acquisition, it is not possible to get the data of the target movement directly even
if the human movement is standardized and sophisticated acquisition equipment is used. In this section, the
preprocessing method of sports lower limb movement action data proposed in this paper will be used to suppress
the noise of the data so as to make it closer to the real data. The data used in this experiment comes from the
homemade lower limb rehabilitation posture dataset Rehal.ab-412 and the public posture dataset UCISmartphone.

IV. A. 1) Data noise suppression

Noise will inevitably be generated due to the abnormal jitter during movement and the influence of the measurement
environment. The frequency of human movement is generally concentrated in 0-20Hz, and the change is more
obvious in 0-5Hz, while the frequency of noise is certainly greater than this frequency. Randomly selected a group
of lower limb movement data as data preprocessing sample data, a total of 10s, the acquisition frequency is set to
50Hz, a total of 500 groups of data. Using the data preprocessing method in this paper for noise processing, the
denoising results are specifically shown in Figure 2. Figures (a)~(b) are the comparison graphs of the time domain
before and after the x, y, z-axis acceleration filtering, respectively. As can be seen from the figure, some of the more
prominent cusps of the processed data curve are effectively removed, and the whole becomes much smoother,
achieving the effect of noise suppression.
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Figure 2: Comparison of time domain before and after acceleration filtering

IV. A. 2) Data calibration process

Place the data acquisition module flat on a flat desktop, and use the data acquisition module to collect three-axis
acceleration and three-axis angular velocity data in the stationary state. The three-axis angular velocity data should
be zero in the stationary state, the x- and y-axis acceleration should be zero, and the z-axis acceleration should be
+1g or -1g. However, the data measured by the sensor will drift during the actual measurement process, which
needs to be compensated for the measured data. The calibration formula of the sensor is shown in equation (22),
which needs to calculate the scale factor ruler and error error | limited by the experimental conditions, the z-axis
acceleration data are accurately calibrated, and the other 5-axis data are fuzzy calibrated, and the fuzzy calibration
doesn't calculate the scale factor, and the mean value is considered as the zero-bias error. When the sensor is
placed in the forward direction, the z-axis acceleration is +1g, and when the sensor is placed in the reverse direction,
the z-axis acceleration is -1g. Combined with the z-axis acceleration data measured by the sensor, the scale factor
K and the error error can be calculated:

G=K x ADC + error (22)

where: G is the actual output value; ADC is the theoretical output value; K is the scale factor; error is the
zero bias error. The scale factor and zero bias error are calculated for the sports lower limb movement action data,
and the lower limb movement action data are obtained as shown in Table . In the table, it can be seen that the
standard deviation of the data is stable on the order of 10-3, the error is stable on the order of 10-2, the acceleration
measurement is stable on the order of 0.001g, and the standard deviation of the angular velocity data is stable on
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the order of 10-1, so the zero-bias error has a certain degree of interference with the measured data, which is
compensated for by the actual measurement and corrected for the error.

Table 1: Lower limb movement data

- Gyro x(°/s) Gyro y(°/s) Gyro z(°/s) Accel x(g) Accel y(g)
standard deviation 0.0362 0.121 0.0677 0.0018 0.0025
Mean value -0.0201 1.0875 -0.4192 0.0186 0.0158
Error 0.0201 -1.0875 0.4192 -0.0186 -0.0158

IV. B. Analysis of the results of the comparison experiment

The model performance is affected by many factors, in addition to its own structural design factors, it is also affected
by the size of the data segmentation window, loss function, optimization algorithms and so on. In this paper, the
hyperparameters of the proposed model are optimized for the lower limb rehabilitation posture recognition task to
achieve the best recognition results. Finally, the performance of the model is verified by comparison experiments.

IV. B. 1) Hyperparameter optimization

The execution time of different lower limb postures is inconsistent, resulting in different sizes of the time span of the
complete data, in order to explore the optimal time window for data segmentation, the sensor multivariate sequence
data streams were segmented with window sizes of 300, 400 and 600, respectively, with an importance of 50%, to
explore the impact of sample dimensionality on the recognition performance, and to find the optimal segmentation
window. At the same time, different hyperparameter combinations are also experimented, based on the lower limb
rehabilitation posture dataset for training and testing, to explore the optimal combination of hyperparameter settings
with the model recognition accuracy as the evaluation index, and the experimental results are shown in Table Q\
The experimental results show that the activation function will have an impact on the recognition results, compared
with ERelu as the activation function model overall accuracy of 96.94%, the replacement of the Relu activation
function can improve the accuracy of the model by nearly two percentage points. In the experiments with the
optimization algorithm, the Adam optimization algorithm achieved optimal results, and Relu in terms of the activation
function showed stronger applicability to the task. Segmentation window size has the most obvious effect on the
task of posture recognition for rehabilitation of lower limb motor function injury in sports, the data with window size
300 segmentation only achieved 84.35% accuracy, with the expansion of the segmentation window, the accuracy
was subsequently increased to 99.17%, the completeness of the data samples is a key step in achieving a high
recognition rate.

Table 2: Model performance test based on different parameter settings

Hyperparameter term Value Accuracy
Erelu 96.94%
Activation function LeakuRelu 97.31%
Relu 99.17%
SGD 95.03%
Optimization algorithm Adamax 95.61%
Adam 99.13
300 84.35%
Split window 400 93.11%
600 99.17%

IV.B. 2) Comprehensive model performance validation

The model comprehensive performance testing experiments are based on the self-made lower limb rehabilitation
posture dataset RehalLab-412 and open posture dataset UCISmartphone respectively. The training process of the
model in this paper on RehalLab-41 and UCISmartphone datasets is specifically shown in Figure @ Figures (a) and
(b) show the loss values and accuracy on Rehalab-41 dataset, while Figures (c) and (d) show the loss values and
accuracy on UCISmartphone dataset. From the figures, it can be seen that the model in this paper completes
convergence and model training within the set number of iterations. The training loss values of the model in the first

4532



[

A Study on Posture Recognition and Correction Based on Deep Convolutional Neural Network for Rehabilitation of Lower Limb Motor Function Injury in Sports

30% of epochs are decreasing steadily and gradually converge to 0. In the accuracy curve, the fast learning ability
of the model can be seen. After nearly 10 epochs of training, the model achieves more than 90% validation
recognition accuracy on both tasks, and the training and validation accuracies of the model increase steadily and
slowly with the increase in the number of iterations, and finally converge stably.
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Figure 3: Visualization of training process

The performance of the different models on the pose recognition task for lower limb functional impairment
rehabilitation is specifically shown in Table \3\.Both the LSTM model and the bidirectional LSTM model showed poor
performance on the pose recognition task, obtaining only 65.62% and 69.64% recognition accuracies. Compared
to the LSTM family of models, the convolutional network demonstrated superior results in the lower limb
rehabilitation posture recognition task, in which the base 1DCNN network achieved a combined recognition
accuracy of 87.95%. The Rehab-Net model deep residual network 1DResNet achieves a combined recognition
accuracy of 91.52%, but its relatively large number of network parameters consumes resources. The iSPL Inception
model achieves 95.98% on the lower limb rehabilitation posture recognition task and also achieves more accurate
recognition on overt posture and on. DeepConvGRU, the sports lower limb motor function injury rehabilitation
posture recognition model proposed in this paper, achieves 99.11% accuracy on the RehalLab-412 lower limb
rehabilitation posture task with the smallest model parameter scale, and it can be seen that the model exhibits a
more balanced performance on this task based on the F1 score. On the UCISmartphone dataset, the
DeepConvGRU model in this paper also achieves an accuracy of 96.83%, demonstrating good model performance.
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Table 3: Comparative experiment of lower limb rehabilitation posture recognition task

Model Data set Iteration times Accuracy (%) Precision (%) Recall (%) F1-score (%)

Rehalab-412 65.62 65.93 67.2 63.77

LSTM 128
UCISmartphone 89.98 89.9 89.96 89.86
RehalLab-412 69.64 74.43 71.99 71.9

Bi-LSTM 128
UCISmartphone 89.74 89.75 89.77 89.73
RehalLab-412 87.95 91.68 87.73 85.98

1DCNN 128
UCISmartphone 89.52 89.31 88.64 89.31
RehalLab-412 91.52 92.54 91 90.83

1DResNet 128
UCISmartphone 91.88 92.1 91.86 91.69
RehalLab-412 91.52 91.47 91.64 91.47

Rehab-Net 128
UCISmartphone 90.66 90.7 90.77 90.72
RehalLab-412 95.98 96.47 95.71 95.66

ISPL Inception 128
UCISmartphone 95.09 95.9 95.72 95.67
RehalLab-412 99.11 99.23 99.09 99.16

DeepConvLSTM 128
UCISmartphone 96.83 95.23 95.23 95.2

V. Conclusion

In this paper, the data preprocessing method based on error calibration and data normalization is used to enhance
the quality of sports lower limb movement action data. After completing the data preprocessing work, a posture
recognition model based on DeepConvGRU neural network is proposed for the rehabilitation of sports lower limb
motor function injury. The gesture recognition experiment of sports lower limb motor function injury rehabilitation is
carried out to test the recognition performance of the DeepConvGRU model of this paper in the task of lower limb
motor function injury rehabilitation. The processed data curve is overall smoother and effectively achieves the effect
of noise suppression, the standard deviation and error of the data are stabilized on the order of 10-3 and 10-2, the
acceleration measurements are stabilized at 0.001g, and the standard deviation of the angular velocity data is
stabilized on the order of 10-1, and the error is effectively corrected. In the comparison experiments, the Adam
optimization algorithm in hyper-parameter optimization achieves the optimal effect, and with the expansion of the
segmentation window, the accuracy is subsequently improved to 99.17%. The DeepConvGRU model in this paper
has a steady decrease in the training loss value and gradually tends to 0 within the first 30% epochs on the
RehalLab-41 and UCISmartphone datasets, and achieves more than 90% validation recognition accuracy in more
than 2 tasks. Meanwhile, the DeepConvGRU model in this paper achieves 99.11% and 96.83% accuracy on
RehalLab-41 and UCISmartphone datasets, respectively, demonstrating good model performance.
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