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ABSTRACT 
This paper carries out a research on patients' lower limb posture capture strategy based on the lower 
limb rehabilitation of patients with sports function injury. The study is based on the posture filtering 
algorithm and designed a lower limb joint localization model based on the quaternion Kalman filter. 
The model utilizes five IMUs to capture the patient's lower limb movements to determine the posture 
of the patient's critical limbs in three-dimensional space and establish the joint coordinate system. 
Based on the filtered pose quaternions, the joint coordinate system of the lower limb is solved to obtain 
the optimal estimation of the lower limb pose. The results of simulation experiments show that the 
algorithm of this paper can make the motion data smoother and satisfy the motion requirements. The 
valuation of this paper's algorithm on the Z-axis in the single-axis rotation experiment is stable from -
90° to 90°, while the valuation on the X-axis and Y-axis is near 0°. And the error in the ankle motion 
trajectory is small, with a mean value of 1.36°. The example results illustrate that the rehabilitation 
system equipped with the algorithm of this paper is basically consistent with the thigh elevation curve 
of the optical method in the patient's lower limb motion monitoring during walking, and the error is 
within 6°. The research in this paper provides a new technical means for lower limb rehabilitation 
training, which helps to improve the personalization and precision of rehabilitation training. 
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1. Introduction 

For a long time, the phenomena of low success rate, low athletic ability, and high incidence of injuries 
in Chinese youth sports athletes group have become one of the important factors restricting the 
development of Chinese sports reserves [1-2]. Throughout the world sports athletes injury situation 
can be found, mostly to the lower limbs, mainly for acute soft tissue injuries [3]. Compared with adult 
athletes, youth athletes as a group, their training methods and their corresponding common sports 
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injuries have their corresponding age characteristics, their bones, muscles, cardiorespiratory function, 
nervous system have their own developmental characteristics, and should not carry out excessive 
weight-bearing strength training and long-term maintenance of ϐixed posture training [4-6]. 
Adolescent athletes are easy to fatigue, and the elimination of fatigue is easy due to rapid anabolism. 
Adolescent sports athletes, once a sports injury occurs, should be dealt with in a timely and effective 
manner. Correct mastery of scientiϐic training methods and injury occurrence laws to prevent and 
reduce the occurrence of injuries is of great signiϐicance in the development of youth sports in China 
[7-9]. 

Traditional lower limb rehabilitation training methods can only be carried out during 
hospitalization, while methods that require the assistance of a physical therapist require the therapist 
to have rich clinical experience and skilled rehabilitation training skills, so the therapist needs to invest 
a lot of time and energy to assist the patient in rehabilitation training, which will take up a lot of 
medical resources [10-12]. In addition, traditional rehabilitation training methods usually rely on the 
therapist's subjective assessment and the patient's self-feeling to assess the training effect, which is 
often difϐicult to objectively and accurately reϐlect the effect of rehabilitation training and the patient's 
recovery [13-14]. With the improvement of science and technology, modern rehabilitation training 
technology has been developed to a certain extent, through advanced rehabilitation equipment and 
technology, combined with computer and Internet technology, to realize the automation, 
personalization, and remoteness of rehabilitation training [15-16]. However, in China, the automation 
technology of rehabilitation training started late, and the system hardware cost for lower limb 
rehabilitation training is high, the system is complicated, and the system equipment needs 
professional technical support and maintenance. Therefore, how to carry out low-cost, high-efϐiciency, 
high-performance rehabilitation training methods is a current problem that needs to be solved [17-
19]. 

Posture capture is a technique that utilizes sensor devices to track, observe, and record information 
about the motion of a critical limb in three-dimensional space. By capturing the body movement 
parameters of the subject, the true movement posture of the human body can be calculated and the 
information and parameters can be used to reconstruct, edit and analyze the human movement 
process [20-21]. The gesture capture technology has a wide range of application prospects and market 
space in multidisciplinary ϐields such as ϐilm and television production, human-computer interaction, 
virtual reality, ϐitness and sports training, and rehabilitation medicine. Among them, intelligent 
rehabilitation training systems based on posture capture technology have become a hot spot of 
attention in the ϐield of rehabilitation medicine [22-23]. Commercially available posture capture and 
analysis systems have brought signiϐicant economic gains and social beneϐits to the ϐield of 
rehabilitation medicine. With the scientiϐic and reϐined development of rehabilitation medical care, 
these systems provide a tool for doctors to quantitatively analyze the changes in patients' conditions 
and rehabilitation, helping them to readily adjust the duration and intensity of patients' rehabilitation 
training, and to develop personalized rehabilitation treatment plans for patients [24-26]. 

The article analyzes the composition of posture during lower limb rehabilitation exercise based on 
motor anatomy, and introduces in detail the principle of capturing the patient's lower limb movement 
data using IMU, which serves as the data basis for subsequent research. A method based on the posture 
ϐiltering algorithm for lower limb rehabilitation training of patients with sports function injuries is 
proposed. The method uses the quaternion-based Kalman ϐilter model as a local ϐilter. Based on the 
IMU to capture the patient's lower limb movement posture, establish the joint coordinate system, and 
solve the lower limb joint movement trajectory. Through simulation experiments, the effectiveness of 
the algorithm proposed in this paper is veriϐied, and it is applied to a hospital to analyze the actual 
measurement effect of the algorithm. 
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2. Lower Extremity Rehabilitation Analysis and Lower Extremity Motion Data 
Acquisition 

2.1. Lower Limb Rehabilitation Posture Study 

The human lower extremity consists of three main joints: the hip, the knee and the ankle. According 
to motor anatomy, the hip has three degrees of freedom: ϐlexion, extension, adduction, and rotation. 
The knee has two degrees of freedom: ϐlexion, extension, and internal and external rotation. The ankle 
has two degrees of freedom: ϐlexion and extension, and inversion and eversion. According to the three-
dimensional coordinate plane deϐined by human anatomy, human motion can be analyzed in three 
datum planes: sagittal, horizontal and coronal planes. The main movement of the human lower limbs 
is concentrated in the sagittal plane, and the movement of the coronal plane and the horizontal plane 
is mainly to coordinate the balance of the lower limbs and turn and other prescribed actions. 

Flexion and extension of the joints of the human lower limbs mainly refer to the hip, knee and ankle 
joints in the sagittal plane, while the joints of the lower limbs are adducted and retracted along the 
sagittal axis of the joints, and the joints of the lower limbs are internally rotated and externally rotated 
along the vertical axis of the joints, and ϐinally the three joints of the lower limbs cooperate with each 
other to complete the regular movement of the human body. 

The human lower limb consists of joints, lower limb bones and muscles, etc., and each joint is 
connected together by lower limb bones and muscles, and the normal walking process of human 
beings is realized through the joint cooperation of bones (including lower limb bones and joints), 
muscles and the related nervous system. In the process of lower limb movement, the lower limb bones 
are equivalent to the connecting rod, the joints are equivalent to the axis of rotation, the muscles 
provide the power, the nervous system to control, and ultimately realize the goal of movement. The 
human walking process is a cyclical movement process, in the process of walking, the feet alternately 
touch the ground, this process can be used gait to describe it. A complete gait cycle can be divided into 
two phases: the support phase and the swing phase, with the support phase accounting for about 60% 
of the entire walking cycle. 

2.2. IMU-based Lower Limb Motion Data Acquisition 

The IMU (Inertial Measurement Unit) [27] usually consists of a triaxial accelerometer, a triaxial 
gyroscope and/or a triaxial magnetometer. The triaxial accelerometer can capture the acceleration 
signals of the carrier in three orthogonal axes, and by processing the acceleration signals can get the 
static orientation information related to gravity, so as to calculate the inclination angle of the carrier 
when it is stationary, but it is susceptible to the inϐluence of motion artifacts and bias. The three-axis 
gyroscope can capture the angular velocity signals of the carrier in three orthogonal axes, and through 
the integration of the angular velocity, the relative angle change of the carrier can be obtained, but the 
integration drift will occur with the accumulation of time. Through the geomagnetic ϐield, the triaxial 
magnetometer is able to get the relative angle between the carrier and the geomagnetic ϐield to conϐirm 
the direction, but the interference of the surrounding magnetic ϐield has a greater effect on the output 
signal. Although in a speciϐic environment, the individual sensor signals are prone to output biased 
data, but through the algorithm of the three sets of data for mutual fusion and compensation and other 
processing, can be obtained relatively more accurate information on the relative position of the carrier, 
attitude and joint angle. Kalman ϐiltering and complementary ϐiltering are the two most commonly 
used sensor fusion methods, in which Kalman ϐiltering can obtain more accurate data but requires 
more computation, while complementary ϐiltering requires less computation. The zero velocity update 
algorithm is one of the most commonly applied algorithms for correcting bias, which assumes that the 
foot is at rest during the gait support phase, when the linear and angular acceleration of the foot are 
deϐined as zero, and therefore the error due to integral drift can be reset. Typically, the output data is 
represented using quaternions, Euler angles or rotation matrices. The obtained data are transferred 
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to the software paired with the IMU system and the kinematic data are computed by different 
anatomical calibration, ϐitting and data processing methods. 

3. Kalman filter algorithm model 

3.1. Equations of state and measurement equations 

The state x  to be estimated by the Kalman ϐilter [28] is determined by the following linear stochastic 
difference equation: 

 -1 -1 -1k k k kx Ax Bu w    (1) 

where: 
A  is the state transfer matrix. 
B  is the association matrix of control input vector u  with state vector x . 
w  is the process noise matrix. 
The measurement equations are as follows: 

 k k kz Hx v   (2) 

where: 
z  is the measurement vector. 
H  is the association matrix of state vector x  and measurement vector z . 
v  is the measurement noise matrix. 
In the process and measurement equations, the process noise w  and the measurement noise v  

are regarded as mutually independent white noises that satisfy the normal distribution, i.e: 

 ( ) ~ (0, )p w N Q  (3) 

 ( ) ~ (0, )p v N R  (4) 

In practice, both the process noise covariance matrix Q  and the measurement noise covariance 
matrix R  vary with time and measurement moments, and are assumed to be constants here. 

3.2. Kalman Filter Algorithm Flow 

Kalman ϐiltering uses feedback control to estimate a process: the ϐilter estimates the state of the 
process at a given moment in time and adjusts this estimate with feedback from noisy measurements. 
The Kalman ϐilter equation consists of two parts: the time update equation and the measurement 
update equation. The time update equation is responsible for predicting the current state and 
calculating the a priori estimated covariance. The measurement update equation is responsible for 
feedback control, i.e., combining the new measurements and the a priori estimate to obtain an 
improved a posteriori estimate. The time update equation can be viewed as a prediction process and 
the measurement update equation can be viewed as a correction process. 

The time update equation consists of: 

 
-1 -1

-1

ˆ ˆk k

T
k

k

k

x Ax Bu

P AP A Q





 

 
 (5) 

These two equations predict the state and a priori covariance of the upcoming step k  based on the 
state and covariance estimates of step 1k  . 

The state update equations include: 

 1( )T T
k kK P H HP H R     (6) 

 -1 -1ˆ ˆ ˆ( )k k k kx x K z Hx    (7) 
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 ( )k kP I KH P   (8) 

Figure 1 illustrates the complete Kalman ϐiltering process. The ϐirst task of the state update equation 
is to compute the Kalman gain K , the next step is to obtain the a posteriori estimate based on the 
measurements kz , and ϐinally to compute the a posteriori estimate error covariance. Each time and 
measurement update uses the previous a posteriori estimate to predict this a priori estimate. This 
recursive property is a very attractive aspect of Kalman ϐiltering because it makes the ϐilter easier to 
implement. 

Initial estimates 
provide parameters

Measurement update (correction)

(1) Calculate the Kalman gain
(2) Update state estimation
(3) Update error covariance

Time update (forecast)

(1) Predict the current state
(2) Prediction error covariance

 

Fig. 1. Complete Kalman ϐiltering process 

3.3. Filter parameter selection 

In the practical application of the Kalman ϐilter, the measurement noise covariance R  can be obtained 
in advance. This is because no matter how the process is measured, data containing the measurement 
noise is always available, and the measurement noise covariance R  can be easily obtained from this 
data. The process noise covariance Q  is not usually easy to obtain because there is no ability to be 
able to directly observe this process as hypothesized. But it is usually possible to obtain parameters 
R  and Q  experimentally. 

In some cases where R   and Q   are constant, then the estimation error covariance kP   and 
Kalman gain K  will stabilize quickly and remain constant, and these parameters can be derived in 
advance. 

4. Lower limb joint localization method based on quaternion Kalman filter 

4.1. Coordinate solution for lower limb kinematic joints 

4.1.1. IMU Installation and Coordinate System Establishment. The motion state of the lower limb 
can be measured by ϐive IMUs, which are ϐixed in the middle of the abdomen, thigh and calf of the 
human body. Among them, the IMU ϐixed in the thigh is responsible for acquiring the thigh posture, the 
IMU ϐixed in the calf is responsible for acquiring the calf posture, and the IMU in the ϐixed part is used 
as a reference point for the lower limb joint coordinate solution. The IMU ϐixed in the abdomen is 
immobilized with respect to the hip joint during the lower limb rehabilitation training. This IMU is 
mounted in the direction of X   axis pointing directly above the body, Z   axis pointing directly in 
front of the body, and _O XYZ  conforming to the right-hand rule, which is regarded as the reference 
coordinate system (C  system). The two IMUs ϐixed to the thigh and calf are mounted in the same 
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direction, with X  axes pointing downward parallel to the leg, Z  axes pointing directly in front of 
the body, and _O XYZ  conforming to the right-hand rule, which is regarded as the b  system. 

The joint coordinates are solved for the hip, knee and ankle joints [29]. Let the coordinate system of 
the hip joint be XYZ , the coordinate system of the knee joint be _K XYZ , and the coordinate system 
of the ankle joint be _A XYZ  The direction of the coordinate system of the hip joint is the same as 
the direction of the C   system, the direction of the joints and the ankle joints is the same as the 
direction of the b  system, and the coordinate system is in the same plane as the _O XY  plane of 
the C  system. 

4.1.2. Lower limb joint motion trajectory solution. As an example, the calculation of the right leg 
joint motion trajectory is described below: 

The rotation matrix from the right knee joint coordinate system rotated to the C -system can be 
expressed as: 

 ( )C C n C k T
k n k n nC C C C C   (9) 

The rotation matrix from the right ankle to the C -system can be expressed as: 

 ( )C C n C a T
a n a n nC C C C C   (10) 

The coordinate position of the right hip joint in the C -system is known: 

 ), ,(h h h hP x y z  (11) 

Since the X -axis of the knee coordinate system is parallel to the direction of the leg, only the knee 
joint in the X  -axis direction has a component with respect to the reference point hP  . Then the 
coordinate position of the right knee joint in the C  system is: 

 ,1k k h
CP LpC P   (12) 

where ,1
C
kC  denotes the ϐirst column vector of the coordinate transformation matrix c

kC . 

4.2. Lower Limb Joint Coordinate Solving for Observations 

The known quaternion observation can be written as l
kQ , where [1,5]l . k  denotes the sampling 

point. 1 2 3 4 5, , , ,k k k k kQ Q Q Q Q  denotes the quaternion observations of the IMU ϐixed at the abdomen, right 
thigh, left thigh, right calf, and left calf, respectively. The rotation matrix from the right knee coordinate 
system to the C  system is obtained and is represented by the following equation: 

 , , ,( )r

r

keen ightC C T
keen ight k n k n kC C C  (13) 

 

1 2 1 2 1 2 1 2 1 1 1 1 1 1 1 1
0, 1, 2, 3, 0, 3, 1, 2, 1, 3, 0, 2,

1 1 1 1 1 2 1 2 1 2 1 2 1 1 1 1
, 1, 2, 0, 3, 0, 1, 2, 3, 0, 3, 0, 1,

1 1 1 1
0, 2, 1, 3, 2

( ) ( ) ( ) ( ) 2( ) 2( )

2( ) ( ) ( ) ( ) ( ) 2( )

2( ) 2(

k k k k k k k k k k k k
C
n k k k k k k k k k k k k k

k k k k

q q q q q q q q q q q q

C q q q q q q q q q q q q

q q q q q

    
     

 1 1 1 1 1 2 1 2 1 2 1 2
, 3, 0, 1, 0, 1, 2, 3,) ( ) ( ) ( ) ( )k k k k k k k kq q q q q q q

 
 
 
     

 (14) 

 

2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2
0, 1, 2, 3, 0, 3, 1, 2, 1, 3, 0, 2,

2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2
, 1, 2, 0, 3, 0, 1, 2, 3, 0, 3, 0, 1,

2 2 2
0, 2, 1,

( ) ( ) ( ) ( ) 2( ) 2( )

2( ) ( ) ( ) ( ) ( ) 2( )

2(

r

k k k k k k k k k k k k
becen ight
n k k k k k k k k k k k k k

k k k

q q q q q q q q q q q q

C q q q q q q q q q q q q

q q q q

    
     

 2 2 2 2 2 2 2 2 2 2 2 2 2
3, 2, 3, 0, 1, 0, 1, 2, 3,) 2( ) ( ) ( ) ( ) ( )k k k k k k k k kq q q q q q q q

 
 
 
     

 (15) 

where _ ,
c
keen right kc  denotes the rotation matrix from the right knee coordinate system to the C  system 

at the k  moment. ,
C
n kC  denotes the rotation matrix from the n -system to the C -system at the k -

moment. _
,
keen right
n kC  denotes the rotation matrix of the n  system to the right knee joint coordinate 

system at the moment k . 
The rotation matrix from the right ankle joint coordinate system to the C  system is obtained and 

is expressed by the following equation: 
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 , , ,( )r

r

ankle ightC C T
ankle ight k n k n kC C C  (16) 

 

4 2 4 2 4 2 4 2 4 4 4 4 4 4 4 4
0, 1, 2, 3, 0, 3, 1, 2, 1, 3, 0, 2,

4 4 4 4 4 2 4 2 4 2 4 2 4 4 4 4
, 1, 2, 0, 3, 0, 1, 2, 3, 0, 3, 0, 1,

4 4 4 4
0, 2, 1, 3,

( ) ( ) ( ) ( ) 2( ) 2( )

2( ) ( ) ( ) ( ) ( ) 2( )

2( )

k k k k k k k k k k k k
ankle
n k k k k k k k k k k k k k

k k k k

q q q q q q q q q q q q

C q q q q q q q q q q q q

q q q q

    
     

 4 4 4 4 4 2 4 2 4 2 4 2
2, 3, 0, 1, 0, 1, 2, 3,2( ) ( ) ( ) ( ) ( )k k k k k k k kq q q q q q q q

 
 
 
     

 (17) 

where _ .
c
ankle right kC   denotes the rotation matrix from the right ankle coordinate system to the C  -

system at moment k . _
,
ankle right
n kC  denotes the rotation matrix from the n  system to the right ankle 

coordinate system at the moment of k . 
Similarly, the rotation matrix of the left knee coordinate system to the C  system is obtained with 

and the rotation matrix of the left ankle coordinate system to the C  system is as follows: 

 , , ,( )keen leftC C T
keen left k n k n kC C C 


  (18) 

 

3 2 3 2 3 2 3 2 3 3 3 3 3 3 3 3
0, 1, 2, 3, 0, 3, 1, 2, 1, 3, 0, 2,

3 3 3 3 3 2 3 2 3 2 3 2 3 3 3 3
, 1, 2, 0, 3, 0, 1, 2, 3, 0, 3, 0, 1,

3 3 3 3
0, 2, 1, 3,

( ) ( ) ( ) ( ) 2( ) 2( )

2( ) ( ) ( ) ( ) ( ) 2( )

2( ) 2

k k k k k k k k k k k k
kown
n k k k k k k k k k k k k k

k k k k

q q q q q q q q q q q q

C q q q q q q q q q q q q

q q q q

    
     

 3 3 3 3 3 2 3 2 3 2 3 2
2, 3, 0, 1, 0, 1, 2, 3,( ) ( ) ( ) ( ) ( )k k k k k k k kq q q q q q q q

 
 
 
     

 (19) 

 , , ,( )l

l

ankle eftC C T
ankle eft k n k n kC C C  (20) 

 

2 2 2 2
0, 1, 2, 3, 0, 3, 1, 2, 1, 3, 0, 2,

2 2 2
, 1, 2, 0, 3, 0, 1, 2, 3, 0, 3, 0, 1,

0, 2, 1, 3,

( ) ( ) ( ) ( ) 2( ) 2( )

2( ) ( ) ( ) ( ) ( ) 2( )

2(

s s s s s s s s s s s s
k k k k k k k k k k k k

ankk kqt s s s s s s s s s s s s
n k k k k k k k k k k k k k

s s s
k k k k

q q q q q q q q q q q q

C q q q q q q q q q q q q

q q q q



    
     

 2 2 2 2
2, 3, 0, 1, 0, 1, 2, 3,) 2( ) ( ) ( ) ( ) ( )s s s s s s s s s
k k k k k k k kq q q q q q q q

 
 
 
     

 (21) 

where _ ,
C
keen leff kC  denotes the rotation matrix from the left knee coordinate system to the C  system 

at the k  moment. _
,
keen left
n kC  denotes the rotation matrix from the n -system to the left knee joint at 

the k -moment. _ ,
C
ankle leff kC  denotes the rotation matrix from the left ankle coordinate system to the 

C  system at the k  moment. _
,
ankle left
n kC  represents the rotation matrix from the n  system to the left 

ankle joint at the k th moment. 
It is known that the coordinates of the left and right hip joints relative to the reference point are 

respectively: 

 ( , , )
r r r rhip ight hip ight hip ight hip ightP x y z  (22) 

 ( , , )
l l l lhip eft hip eft hip eft hip eftP x y z  (23) 

The right knee, right ankle, left knee and left ankle coordinates are expressed in the following 
equation: 

 , ,r r r

C
keen ight k P keen ight kll hip ightP L C P   (24) 

 , , ,r r r

C
ankle ight k ankle ight kll keen ight kP Ld C P   (25) 

 , , |1l l l

C
keen eft k keen eft k hip eftP LpC P   (26) 

 , , 1 ,l l l

C
ankle eft k ankle eft kl keen eft kP Ld C P   (27) 

where _ , _ , _ , _ ,, , ,keen right k ankle right k keen left k ankle leff kP P P P  denotes the right knee, right ankle, left knee, and left 

ankle coordinates in order at moment k  . _ , _ , _ , _ ,, , ,C C C C
keen right kll ankle right kll keen leff kll ankle leff kllC C C C   denotes the 

ϐirst column of the corresponding rotation matrix. 
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4.3. Quaternion Kalman Filter Lower Limb Joint Coordinate Solution 

4.3.1. Quaternion-based Kalman Filter Modeling. The Quaternion-based Kalman Filter (QKF) model 
is shown in Fig. 2. In this model, the QKF ϐiltering process is ϐirst performed on the data collected from 
the ϐive IMUs ϐixed in the abdomen, thigh and calf parts respectively, and then the ϐiltering results are 
used to solve the lower limb joint positions to obtain the accurate lower limb joint coordinates. Where 
QKF takes quaternions as state vectors, the recurrence relation of quaternions is realized by using the 
quaternion differential equation [30], so as to establish the state equation of QKF. It is known that the 
IMU output data include quaternion number, angular velocity, etc., and the observation equation with 
quaternion number as the observation vector is established according to the relationship between the 
state vector and the observation output. 

Lower limb 
joint three-
dimensional 
coordinate 
solution   

  

  

IMU1

IMU2 IMU3

IMU4 IMU5

  

  

  

QKF

QKF

QKF

QKF

QKF

1
kQ

2
kQ

3
kQ

4
kQ

5
kQ

1ˆ
kQ

2ˆ
kQ

3ˆ
kQ

4ˆ
kQ

5ˆ
kQ

_ ,k̂een el ft kP

_ ,k̂een krightP

_ ,
ˆ

kankle leftP

_ ,
ˆ

kankle rightP

 

Fig. 2. Kalman ϐilter model based on quaternion 

The equation of state of the QKF can be written as equation (28): 

 


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where l
kQ   denotes the state vector of the l  nd sensor under the time index k  , i.e., the attitude 

quaternion. l
kF  denotes the state transfer matrix, which consists of the sampling period T  and the 

angular velocity , , ,, ,
Tl l l

x k y k z k      , and l
kw   denotes the process noise, which obeys a Gaussian 

distribution ~ (0, )l l
kw N M . 

The observation equation of QKF: 
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where l
kZ   denotes the observation vector of the l  nd sensor at time index k  , i.e., the attitude 

quaternion observation. lH   denotes the observation matrix, i.e., the 4th order unit matrix. l
k  

denotes the observation noise, which obeys a Gaussian distribution ~ (0, )l l
k N N . 

Therefore, the QKF can be written as Eq: 

 1 1 1
l l l l
k k k k
l l l l
k k k

Q F Q w

Z H Q 
    


 

 (30) 

For all ϐive IMUs in this model, the ϐilters of the above equation are used. If the initial value 0
lQ  and 

the value of angular velocity at each moment are known for each ϐilter state vector, the steps of the 
algorithm implementation are as follows: 

State one-step prediction: 

 | 1 1 1
ˆ ˆl l l
k k k kQ F Q    (31) 

One-step prediction of the attitude quaternion at moment k   using the estimated attitude 
quaternion 1

ˆ
k
lQ   at moment ( 1)k   with one-step prediction 1 1

ˆ l
k kQ  . 

State Error Skewed Variance Prediction: 

 | 1 1 | 1 1( )l l l l T l
k k k k k kP F P F M      (32) 

where | 1
i
k kP   denotes the predicted value of the state-volume error covariance. 

Kalman gain calculation: 

 1
| 1 | 1( ) [ ( ) ]l l l T l l l l T

k k k k kK P H N H P H 
    (33) 

where i
kK  is denoted as the Kalman gain coefϐicient, which fuses the measured and state quantities 

in one step to the predicted value, and can be weighed against the magnitude of the predicted 
covariance and the observed covariance depending on the size of i

kK . 
State Estimation: 

 | 1 | 1
ˆ ˆ ˆl l l l l l
k k k k k k kQ Q K Z H Q    

   (34) 

State estimation fuses the one-step predicted value 1
ˆ l
kkQ   and the observed value l

kZ  of the state, 
and achieves the optimal estimation of the state quantity through the trade-off effect of the Kalman 
gain l

kK . 
State error covariance estimation: 

 | 1
i i i i
k k k kP I K H P      (35) 

Finally, the state error covariance needs to be updated for the calculation of the Kalman gain 1
l
kK   

at the next moment. 

4.3.2. Lower Limb Joint Coordinate Solving. After realizing the optimal estimation of the quaternion, 
then combining the relative reference point coordinates of the hip joint _ _,hip right hip leftP P  and the limb 
length ,Lp Ld , the solution of the lower limb joint coordinates is realized, and its solution process is 
consistent with that of the lower limb joint coordinates based on the observation value. The lower limb 
joint coordinate solving process is shown in Fig. 3. 

Where ˆ l
kQ  denotes the quaternion after QKF ϐiltering. Ĉ  denotes the rotation matrix solved using 

ˆ l
kQ . P̂  represents the result of joint coordinate solving after ϐiltering. 
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Fig. 3. Process of solving three-dimensional coordinate of lower limb joint 

4.4. Simulation experiment and practical application analysis 

4.4.1. Analysis of the effect of ϐiltering and prediction of lower limb movement data. The 
experiments in this section focus on verifying the ϐiltering as well as prediction effects of the 
quaternion-based Kalman ϐilter in data processing. The experimental steps are as follows: 

1) The data collected by the IMU is processed directly. 
2) The collected data are Kalman ϐiltered and then processed in the same way. Finally, the two kinds 

of data were compared. 
Two main experiments were designed for the ankle and knee joints respectively: experiment 1, the 

main movement for the ankle joint, in which the experimenter wore the IMU, perpendicular to the 
torso, and rotated on the axis of the ankle joint at normal speed. Experiment 2, the main movement of 
the knee joint, sitting on a chair, feet ϐlat on the ground, slowly raise one leg to, and then slowly lower, 
alternating legs. 

The raw coordinate data collected in the IMU, input into MATLAB, one kind of direct motion state 
transformation, one kind of ϐiltering processing, and then motion state transformation. Finally, the key 
skeletal point information of the lower limb was extracted from the two kinds of data, which was 
processed by MATLAB to display the motion trajectory and construct the mathematical model. 

Figure 4 demonstrates the abduction/adduction of the ankle joint, the anterior ϐlexion/posterior 
extension of the knee joint and the motion information. As can be seen from the ϐigure, the data 
processed by the algorithm of this paper is relatively earlier than the original data, which can 
effectively improve the lag caused by the information acquisition process. When the ankle or knee joint 
movement is performed, it will not be strictly parallel to the human torso, so the movement angle will 
not tend to 0, as shown in the ϐigure, it is about 10°. The other movement inϐlection points in the three 
diagrams, for the movement transition moments, can be seen through the Kalman ϐiltered data 
changes are more smooth and gentle, more to meet the needs of the movement. 
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Fig. 4. The motion information of the ankle joint knee 

4.4.2. Filter robustness detection based on uniaxial rotation. The attitude estimation experiment of 
IMU generally uses a three-degree-of-freedom rotary table, ϐirstly, the IMU is mounted on the rotary 
table, and the rotary table is allowed to rotate according to the known attitude trajectory, and then the 
attitude trajectory of IMU is solved by the designed attitude estimation algorithm of IMU, and the 
convergence and accuracy of the attitude estimation algorithm can be veriϐied by comparing the solved 
attitude estimation with the rotary table-turned attitude trajectory. 

In this section, a single-axis rotation experiment of the IMU is designed, in which one ruler of the 
long ruler protractor is ϐixed on the tabletop with transparent tape so that the other ruler can rotate 
freely. One side of the IMU module is fastened to the rod of the movable ruler so that the Z-axis of the 
IMU coordinate system is perpendicular to the ruler surface, and the rotation of the rod of the movable 
ruler can drive the IMU to rotate around its Z-axis. So that the scale of the movable ruler on the 
protractor changes back and forth between 0º and 180º, the results of the uniaxial experimental 
algorithm angle estimation are shown in Figure 5. From the ϐigure, it can be seen that: the lower limb 
joint localization method based on quaternion Kalman ϐilter designed in this paper has high estimation 
accuracy. The estimation value in the Z-axis direction basically varies back and forth between -90° and 
90°. And the estimation accuracy in the Y-axis and X-axis is basically the same, both ϐloating up and 
down in the 0° angle. The experimental results show that the method in this paper has high ϐiltering 
accuracy and robustness, and can meet the posture estimation and localization research on the 
rehabilitation of patients with lower limb injury. 
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Fig. 5. An estimate of the Angle of single spindle rotation experiment 

4.4.3. Evaluation of the effect of visual driving of human motion trajectories. The lower limb joint 
localization model proposed in this paper is used to conduct on-line experiments with the 
rehabilitation system, and the human lower limb joint angles output by the IMU are compared with 
the actual movement angles and trajectories of the rehabilitation robot. The participant performs the 
pre-designed rehabilitation training movements through the IMU, and the joint data are collected by 
the IMU, processed by the program of the host computer and written into the cached data ϐile, which 
is then read by the control program of the host computer, and the lower limb rehabilitation system is 
controlled based on the data ϐile. The rehabilitation system incorporating the algorithm of this paper 
can follow the lower limb movement of the tested experimenter better in the experiment, and the 
output real angle trajectory of the ankle joint is compared with the movement angle trajectory of the 
rehabilitation system. 

The ankle data were collected as input, and the results of the comparison of the visual driving effect 
of the motion trajectory are shown in Fig. 6, and Fig. 7 shows the error between the output of this 
paper's model and the real motion angle. The dotted line in Fig. 6 is the joint mobility data acquired 
by the rehabilitation system equipped with this paper's algorithm, and the solid line is the output of 
the real motion angle data. Combining the two ϐigures and analyzing the experimental data processing, 
the average value of the error between the two signals in the descending and ascending segments is 
1.36°, and the maximum point of the error occurs at the wave valley and wave peak, which is up to 
4.91°. This may be in the trough and crest will be affected by the load change and the actuator 
commutation, while the data acquisition of the IMU has nothing to do with the mechanical structure, 
so the two curves are less similar in the crest, but the output curve of the rehabilitation system 
equipped with the model of this paper is more similar to the human body movement trajectory. 
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Fig. 6. Visual drive effect comparison results 

 

Fig. 7. Error between model output and real motion Angle in this paper 

4.4.4. Evaluation of the Effectiveness of Practical Application of Rehabilitation Training. The 
algorithm of this study was applied to the rehabilitation department of a hospital for disciplinary 
research. The selection of cases is based on two main points: patients need to have good motor ability 
and perform large movements during the monitoring process. The patient should have good 
compliance and cognitive ability to wear the device for a long time to complete the monitoring. Based 
on the above considerations, ϐive home rehabilitation patients with normal cognitive ability were 
selected for the initial experiments in this study. 

After the algorithm in this paper was deployed at the patients' home, each patient wore the sensor 
for 1h of motion capture in the morning and afternoon. During the experiment, the patients performed 
a total of 30 min of rehabilitation training according to the doctor's request, which included 10 min of 
treadmill walking training, and the rest of the time was free to move around indoors, and the 
experiment lasted for 6 weeks. In order to ensure the reproducibility of the experiment, the walking 
training with high similarity was selected for the test, and the treadmill speed was set at 2km/h when 
the patient was walking.In addition, the experiment used the optical tracking method as a reference to 
synchronously record the walking video at a frame rate of 25Hz. The angle between the midline of the 
thigh and the vertical direction was measured frame by frame on the resulting video to form the pitch 
angle curve. 

Figures 8 and 9 show the thigh pitch angle curves and errors during walking, respectively. 
Combining the two ϐigures, it can be seen that the two curves show the same trend of change, and the 
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maximum deviation of the thigh pitch angle monitored by the two methods is 0.093 radians (≈5.30°), 
the minimum deviation is close to 0 radians, and the average difference is 0.024 radians (≈1.37°). The 
TD in the ϐigure represents the time difference between the optical method and the Kalman ϐilter 
algorithm in tracking the limb to reach a certain angular peak (at the maximum thigh pitch angle), 
because the optical method is a real-time, frame-by-frame measurement with a maximum latency of 
only 40 ms (25 Hz frame rate), the TD characterizes the latency of the device. The TD in the ϐigure is 
1.8s, and the increase of the delay is related to the algorithm of this paper, which may be the model of 
this paper, when there is a sudden change of the angular velocity, such as in the example of the swing 
speed of the thigh is suddenly increased or decreased, the value of the angular velocity and the 
corresponding covariance matrix need to go through a few iterations in order to match the current 
motion, which is represented as a lag time on the ϐiltering results. 

The evaluation of the use of the system by the rehabilitation doctor is also used as part of the 
experiment, where the rehabilitation doctor faces the patient and observes the actual movements and 
the model movements displayed by the mobile terminal using the algorithm of this paper, and the 
evaluation concludes that: the model movements are well reproduced with respect to the patient's 
actual movements, and the movements are accurate and continuous, which can be used instead of 
manual monitoring, and does not use a camera and does not infringe on the patient's privacy. The joint 
mobility of the movement is within 6° from the manual measurement, which meets the needs of 
rehabilitation medicine for motor function assessment and training guidance. Equipped with a 
quadratic Kalman ϐilter algorithm, the sensor delay is within 2s, with good real-time, unexpected 
events can be quickly responded to, to ensure the safety of the patient's out-of-hospital rehabilitation. 

 

Fig. 8. The stroke of the leg of the walking process 
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Fig. 9. The Angle error of big leg in the walking process 

5. Conclusion 

In the course of this research, gait data from patients with sports function injuries were collected, and 
based on the data characteristics, a lower limb joint localization model based on a quaternion Kalman 
ϐilter is proposed. The model can dynamically adjust the ϐilter parameters according to the real-time 
data of lower limb posture captured by the IMU to improve the ϐiltering accuracy and robustness. The 
coordinates of the lower limb joints are solved by establishing the state equation of the QKF and the 
observation equation with quaternions as observation vectors, and ϐinally the accurate localization of 
the lower limb joints is completed. 

The motion data of abduction/adduction of ankle joint and forward ϐlexion/backward extension of 
knee joint under the algorithm of this paper reach the inϐlection point faster than the original data. 
And the estimation value on the Z-axis rotation changes regularly from -90° to 90°, while the 
estimation accuracy on the X-axis and Y-axis is also higher. The maximum relative errors of the ankle 
trajectory are at the trough (-2.85°) and the peak (4.91°), and the overall output curve is consistent 
with the human trajectory. And the rehabilitation doctor evaluates the rehabilitation system under this 
paper's algorithm highly, and it has a better effect of motion monitoring on patients with lower limb 
injuries. In conclusion, applying the algorithm of this paper to rehabilitation training has important 
practical value for promoting the recovery of patients' motor function. 
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