
 

Abstract— Inertial Measurement Units (IMUs) have been 

widely used for many applications such as aircrafts, gaming, 

animation, and sports. However, the use of IMU in medical 

diagnosis is still largely unexplored. A great deal of researcher has 

focused on estimating the pitch angle using accelerometer and 

gyroscope, while some researchers managed to estimate the roll 

angle, not many researchers have extended their research to 

estimate the yaw angle. For those who estimate yaw angle, the 

utilization of magnetometer is common, but it requires a more 

complex algorithm to tackle the magnetic interference. This paper 

presents an innovative method, called the 2-Point Error 

Estimation Algorithm, to estimate the pitch, roll and yaw angles 

using accelerometer and gyroscope only. The proposed algorithm 

is also very computationally efficient to estimate 3D angles as only 

two “atan2()” functions are computed throughout the whole 

walking motion, and 7 additions and 4 multiplications for each 

angle estimated. The accuracy of the 3D angles estimated using 

IMU is validated against gold standard Vicon Optical Motion 

Capture System. The proposed algorithm gives a low average root 

mean square error (RMSE) of 2.9º, 3.6º, and 4.2º for 

flexion/extension (pitch), adduction/abduction (roll), and 

internal/external rotation (yaw) angles of the thigh and shank, 

respectively. The proposed algorithm can be used to design a low 

cost 3D gait evaluation system. 

 
Index Terms— Compensation, gyroscope, inertial 

measurement unit (IMU), gait, Vicon. 

 

I. INTRODUCTION 

CCORDING TO THE World Health Organization, about 

15% of the world’s population has disability, of which 

about 3% suffer significant functional problems such as a 

walking problem [1]. The assessment of walking can help 

clinicians to determine and provide optimal care and treatments 

to patients [2]. To perform gait analysis, the fundamental part is 

the estimation of joint angular displacement, and it involves the 

detection of joint position and orientation [3]. Currently, the 

gait evaluation is done based on visual inspection, but this 

inspection is subjective and depends on the experience of the 

medical personnel [4]. Although Vicon Optical Motion System 

can be used to make an accurate estimation of 3D orientation 

 
Y. C. Han, and K. I. Wong are with the Department of Electrical and 

Computer Engineering, Curtin University Malaysia (e-mail: 

yc.han@postgrad.curtin.edu.my, wong.kiing.ing@curtin.edu.my). 

I. Murray is with the School of Electrical Engineering, Computing and 
Mathematical Sciences, Curtin University Australia (e-mail: 

I.Murray@curtin.edu.au). 

angles of human body part [5]. The optical system is 

non-portable, expensive, and complex to set up due to it 

requires an empty space without any optical obstruction. 

Therefore, there is a need to create an Inertial Measurement 

Unit (IMU) which is portable, affordable and easy-to-setup to 

estimate the 3D orientation angles.  

An IMU is an electronic device that consists of triaxial 

accelerometers, triaxial gyroscopes, and sometimes 

magnetometers to estimate 3D angles [6]. The challenge of 

estimating angles using IMU is that the inertial sensors are 

prone to drift, noise and surrounding interference such as 

temperature [7]. Most researchers have performed 

normalization or filtration of the sensor data to estimate the 

angles accurately [8], [10]-[14]. Some researchers tilted the 

accelerometer to read the reference value of each axes at 1g, i.e. 

to read when pointing an axis vertically upwards, and offset at 

0g to use this information to normalize the accelerometer data 

before starting to estimate orientation angles [8]. The authors 

tested this method using various models of smartphones and 

observed that the estimated angles averagely are improved up 

to 65%. Besides, the authors revealed that the normalization 

parameters could not be exported from one sensor to another, 

though of the same model [8]. 

Tong and Granat [9] used force sensors under the foot to 

detect mid-stance and use it to remove gyroscope integration 

drift. When the foot contacted the ground, the algorithm 

automatically reset the flexion/extension angle estimated using 

gyroscope to 0°. The estimated flexion/extension angle had a 

correlation coefficient of 0.97, and a RMSE of 4.17°. On the 

other hand, Abhayasinghe and Murray [10] compensated the 

gyroscope integration drift by updating the angle using 

accelerometer data when the gyroscope reads small angular 

velocity and when the accelerometer readings are reliable, i.e. 

its magnitude is close to 1g. This results in a high mean 

correlation of 99.58% for the flexion/extension angle of the 

thigh between IMU and Vicon system. However, the authors 

have yet to estimate the adduction/abduction and 

internal/external rotation angles of the lower limb. 

Luinge and Veltink [11] designed and evaluated Kalman 

Filter that fuses accelerometer and gyroscope data. The authors 

observed that the forearm inclination estimate from Kalman 

Filter is within 3° RMSE which is significantly smaller than the 

errors obtained by accelerometer alone which is within 10° 

RMSE. However, this technique is not possible to estimate yaw 

orientation accurately. This is because accelerometer contains 
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information about inclination only, and not yaw. Hence, GPS 

and magnetometer are used to estimate the yaw angle [12].  

Madgwick, Harrison & Vaidyanathan [13] used a method 

called Gradient Descent based Orientation Filter to estimate the 

3D orientation angles of an IMU which consists of an 

accelerometer, a gyroscope, and a magnetometer. They 

achieved the RMSE of pitch, roll, and yaw angles as low as 

0.625°, 0.668°, and 1.110°, respectively. Roetenberg et al. [14] 

also used an accelerometer, a gyroscope and a magnetometer to 

estimate 3D angles. The authors took the magnetic disturbance 

error into account in estimating the orientation angles, and 

Kalman Filter to minimize the magnetometer data processing in 

order to compensate the magnetic disturbance. When the 

magnetic field was disturbed by an iron object, the estimated 

angle of the method with magnetic disturbance compensation 

achieved a low mean error of 1.5°, as compared to a big error up 

to 40° without using the compensation method. 

Although gyroscope can only measure the rate of change of 

the yaw angle [12], some researchers managed to estimate yaw 

angles accurately by using gyroscope only. For example, Wu et 

al. [15] actively changed the orientation of the gyroscope to 

obtain relations between the gyroscope bias and tilt angle error, 

so that the gyroscope bias can be estimated and compensated. 

Using this method, the yaw angle drift, sometimes also known 

as the heading angle drift, was less than 4° after an hour, while 

the heading angle drift without using this method was more 

than 15° after an hour. Besides, Bonnet et al. [16] used a single 

gyroscope and a combination of Fourier Linear Combiner 

(FLC) and weighted FLC to estimate the 3D orientation angles 

of trunk. The authors compared the phase of measured angular 

velocity from gyroscope with the estimated angular velocity, 

and then modified the frequency weight to reduce the angle 

estimation error. The estimated 3D angles had RMSE less than 

1.0°, and correlation coefficient of about 0.85. 

Some researchers [14] [17] tested their algorithms by 

rotating the IMU gradually, and achieved low RMSE and high 

correlation coefficient. This shows that the algorithms are 

suitable to estimate the inclination of a static or slow-moving 

object. It is likely to have higher error when the IMU is used for 

estimating walking motion because there is a significant 

acceleration due to motion, especially during heel strike and 

toe-off [18]. 

Other than being used to estimate the orientation angles, it is 

worthwhile to note that the IMUs can also be used for indoor 

positioning. Do et al. [19] utilized vertical acceleration to 

estimate the horizontal displacement and achieved low average 

error of 1% for straight line paths. Yoon et al. [20] fused data 

from ultra-wideband system and IMUs to track the spatial 

location and motion of a human. 

This paper presents an innovative method to estimate the 3D 

orientation angles of the thigh and shank using IMUs. The 

proposed algorithm estimates the errors of the gyroscope angles 

at the starting and stopping time of a walking motion, and 

linearly distribute these two errors to compensate the gyroscope 

drift. The key merit of the proposed algorithm is that it is more 

computationally efficient than most other methods [10]-[16], 

while still achieving low average RMSE of 3.6º for pitch, roll, 

and yaw angles.  

The remainder of this paper is structured as follows. Data 

collection method is discussed in Section II. The 3D angles 

estimation algorithm using IMU is described in Section III. 

Experimental results and discussion are presented in Section 

IV. 

II. DATA COLLECTION 

A. Inertial Measurement Unit (IMU) 

 
(a) 

 
(b) 

Fig. 1. IMUs. (a) External view. (b) Internal view. 

 

Two low-cost wireless IMUs, as shown in Fig. 1, were 

constructed. Each IMU has a sensor (MPU6150) which consists 

of a tri-axis accelerometer with ±2g range and a tri-axis 

gyroscope with ±250º/s range, both in 16-bit resolution. The 

sensors were sampled at 100Hz. The IMU also consists of a 

microcontroller Arduino Pro Mini 3.3V, a wireless transceiver 

nRF24L01+, and a 3.7V Lipo battery. At the dongle side, 

another Arduino Pro Mini 3.3V received data from the IMU 

wirelessly using the transceiver nRF24L01+ and the data was 

transferred to a computer instantly.  

All electronic components used in this research could easily 

be purchased from eBay. The total cost of the electronic 

components including two IMUs and a dongle was about 

USD15. 

 

B. Experimental Setup 

 
Fig. 2. Flexion/extension, adduction/abduction, and 

internal/external rotation of thigh and shank. 

The flexion/extension, adduction/abduction and 

internal/external rotation angles of the thigh and shank, as 

shown in Fig. 2, are also commonly known as the pitch, roll and 

yaw angles, respectively. The primary motion of the leg is 

Transcei er  n  2   1  Lipo Battery 3.7V

Microcontroller (Arduino Pro Mini 3.3V)

Sensor (MPU6050)

Pitch (Flexion/Extension)

Roll (Adduction/Abduction)

Yaw (Internal/External Rotation)

IMU



flexion/extension, while adduction/abduction and 

internal/external rotation also occur but the amplitude are less 

consistent among healthy individual due to soft tissue and bony 

constraints [21]. However, this may not be the case for people 

with leg problem, therefore it is needed to estimate the 3D 

angles of the thigh and shank, instead of just the 

flexion/extension angle.  

The 3D angles estimated using IMUs were validated against 

the gold standard Vicon Optical Motion Capture System with 

18 cameras at sampling rate of 300Hz. Fig. 2 shows that the 

IMUs were strapped at the outer side of the thigh and shank 

using Velcro straps without any skin penetration. The markers 

of the Vicon system are placed on the IMUs. The 3D movement 

of the thigh and shank were tracked simultaneously using IMU 

and Vicon system.  

The subjects were requested to stand still for 3-5 seconds, 

then walk straight on a flat surface for 3 to 5 steps, and finally 

stood still for another 3-5 seconds. Although more steps were 

always preferred per trial, 3 to 5 walking steps would be 

sufficient to capture the walking pattern of an individual for 

gait analysis as walking is a repetitive motion. Besides, if the 

application of this research is for gait rehabilitation, a patient 

may just be able to walk for 3 to 5 steps. 60 walking trials were 

collected from 10 healthy adults. For the first 3 trials, each 

volunteer walked straight normally. For another 3 trials, the 

volunteers were requested to walk straight but intentionally 

moving their legs outwards in each walking cycle to simulate 

abnormal walking. 

III. DATA PROCESSING 

 
Fig. 3. Flowchart to estimate Flexion/Extension and 

Adduction/Abduction angles.  

 
Fig. 4. Flowchart to estimate Internal/External Rotation angle. 

A. Identify the Starting and Stopping Time of Walking 

 
Fig. 5. Flowchart to identify the starting or stopping time of 

walking.  

 

The 2-Point Error Estimation algorithm developed requires 

the starting and stopping time of walking to be known. The 

starting and stopping time can be recorded manually using a 

timer before and after each walking movement. However, 

manual time record is tedious and prone to human error of 

recording the time earlier or later than the actual time. For a 

more accurate identification of the starting and stopping times 

of waking movement, it is necessary to create an algorithm to 

do so automatically.  

To utilise accelerometer and gyroscope to identify the 

starting and stopping time of a walking movement, it is 

necessary to know the parameters that are measured by the two 

inertial sensors. The measured accelerometer data a can be 

modelled as (1) where g denotes the gravitational acceleration, 

M denotes the linear acceleration due to movement, µa denotes 

the accelerometer DC offset plus noise. The measured 

gyroscope data w is modelled as  2  where Ω denotes the 

angular velocity, µw denotes the gyroscope DC offset plus 

noise. 

a = g + M + µa (1) 

w = Ω   µw (2) 

When the person is standing still, the linear motion M is 

minimized, and hence accelerometer will measure a ≈ g + µa. 

On the other hand, when the person is standing still, gyroscope 

will ideally measure zero angular  elocity Ω, and hence w ≈ µw.  

Assuming the DC offset and noise of the accelerometer and 

gyroscope noise are negligible, the measured values are now 

left with ag, and w0.  

The Earth’s gra itational acceleration is 1g and pointing 

vertically downwards, so only the vertical axis of the 

accelerometer would only measure 1g at vertical axis, while the 

 aw Data

Accelerometer

Raw Data

Gyroscope

Estimate Accelerometer Angle     
at starting and stopping time

Estimate  yroscope 

Angle    
2 Point Error 

Estimation

 yroscope Drift  ompensation

Estimated Angle (θ)

 

 

ԐBԐ 

Identify starting time     and 

stopping time     of the walking stride

  

  

  

  

    

 aw Data

Accelerometer

 aw Data

 yroscope

Estimate Gyroscope 

Angle ( )

2 Point Error 

Estimation

 yroscope Drift  ompensation

Estimated Angle  θ 

 

 

Ԑ Ԑ 

Identify starting time (A) and 

stopping time (B) of the walking stride

  

  

    

counter    3 

1        ,n
2     ,n

2     ,n
2   5     1  

 es

Yes

counter = counter   1

|wn|   2 ?

 es

 utput           starting time  n    3 , or

                  stopping time  n       3 

Start                  n =   2

counter =  

n = n   1 to identify starting time    

n = n   1 to identify stopping time    

counter =  

No

 o

No

n   nth sample

   total number of samples

    threshold



other two horizontal axes would measure 0g, i.e. |a| = (ax
2 + ay

2 

+ az
2)0.5

  1g, where x, y, and z are the axes of the sensor. For 

the gyroscope, all three axes would ideally measure 0º/s. By 

fulfilling eqs. (3-4), the period of which the person is standing 

still can be identified, where  1  and  20. The 

recommended  alue for  1 is 0.07g, while  2 is recommended to 

be 10º/s due to the offset and noise of the sensors. 

1 − |√𝑎𝑥
2 + 𝑎𝑦

2 + 𝑎𝑧
2| < 𝜆1 (3) 

|𝑤𝑖| < 𝜆2 for 𝑖 = 𝑥, 𝑦, 𝑧 (4) 

Fig. 5 shows the flowchart to identify the starting and 

stopping time of walking. The algorithm checks eqs. (3-4) from 

the middle of the dataset which is when the person is walking, 

and progress towards the start or end of walking. When eqs. 

(3-4  are first fulfilled for a continuous number of  3 time, the 

starting or stopping time can be identified  The threshold  3 is 

set to be 50 in this research. 

It must be noted that the ideas of eqs. (3-4) are taken from 

[10], but the researchers used these equations to decide whether 

to use accelerometer or gyroscope data to estimate the 

flexion/extension angle, while the application of these two 

equations in this proposed method is to identify the starting and 

stopping time of walking. 

 

C. Estimation of Accelerometer and Gyroscope Angles 

Accelerometer can estimate the pitch angle  𝑝𝑖𝑡𝑐ℎ and roll 

angle  𝑟𝑜𝑙𝑙  according to (5) and (6), respectively. However, 

accelerometer cannot estimate the yaw angle  𝑦𝑎𝑤   because 

accelerometer measures only the gravitational acceleration 

which is a vertical reference, but the estimation of the yaw 

angle requires a horizontal reference.  

 𝑝𝑖𝑡𝑐ℎ = atan2 𝑎𝑥 , 𝑎𝑧  (5) 

 𝑟𝑜𝑙𝑙 = atan2 𝑎𝑦 , 𝑎𝑧  (6) 

In this research, the accelerometer data is low pass filtered 

using moving average in (7). The recommended value of K is 

30.  

�̅�𝑛 =
1

2𝐾
Σ𝑖=𝑛−𝐾
𝑛+𝐾 𝑎𝑖     for 

𝑛 < 𝐴

𝑛 > 𝐵
 (7) 

Gyroscope can estimate the pitch angle  𝑝𝑖𝑡𝑐ℎ  , roll angle 

 𝑟𝑜𝑙𝑙 , and yaw angle  𝑦𝑎𝑤 using (8) and (9), respectively. The 

initial gyroscope pitch and roll angles are set as the 

accelerometer angles as shown in (8), while the initial yaw 

angle is set as 0º because the person is facing straight initially. 

The gyroscope angle can then be estimated using eq. (9) which 

is the integration of measured angular velocity w, where T is the 

sampling time. 

 𝑛 =  𝑛                 for  𝑛 = 1 (8) 

 𝑛 =  𝑛−1 +𝑤𝑖,𝑛𝑇              for 
𝑛 = 2,3,4,⋯ ,𝑁

𝑖 = 𝑥, 𝑦, 𝑧
 (9) 

 

D. 2-Point Error Estimation and Gyroscope Drift 

Compensation 

To compensate the gyroscope drift, a 2-Point Error 

Estimation algorithm is developed. The error of the estimated 

gyroscope angle is first calculated at starting time A and 

stopping time B of walking. The error at these two points are 

called the 2-point error. To estimate the 2-point error, the 

gyroscope angle is compared with the accelerometer angle 

using (10) by calculating their difference Ԑ. The initial (at 

starting time A) and final (at stopping time B) pitch and roll 

angles of the thigh and shank are measured using (5) and (6). 

Ԑ𝑖,𝑛 =  𝑖,𝑛 −  𝑖,𝑛    for 
𝑛 = 𝐴, 𝐵

𝑖 = pitch, roll
 

(10) 

As accelerometer cannot estimate the yaw angle, the initial 

yaw angle at time A is assumed to be 0º because the person is 

facing straight initially. Since the heading before and after a 

person walks straight should ideally remain the same, the final 

yaw angle at time B is also assumed to be 0º. The 2-point error 

of the gyroscope yaw angle can then be estimated using (11) by 

subtracting the estimated gyroscope yaw angle with 0º.  

Ԑ𝑦𝑎𝑤,𝑛 =  𝑦𝑎𝑤,𝑛    for 𝑛 = 𝐴, 𝐵 (11) 

The 2-point error calculated in (10) and (11) are then used to 

estimate the error of the gyroscope angle during walking 

motion, i.e. from time A to B. The error of the gyroscope angle 

from time A to B is estimated by linearly distributing the 

2-point error as in (12) using a linearly distributed weight W 

calculated in (13)  The final estimated 3D angles θ can be 

calculated using (14) by subtracting the estimated error from 

the estimated gyroscope angle. 

Ԑ𝑖,𝑛 = Ԑ𝑖,  1 −𝑊𝑛 + Ԑ𝑖, 𝑊𝑛  (12) 

𝑊𝑛 =
𝑛 − 𝐴

𝐵 − 𝐴
 (13) 

θ𝑖,𝑛 =  𝑖,𝑛 − Ԑ𝑖,𝑛 

𝑓𝑜𝑟 
𝑛 = 𝐴, 𝐴 + 1, 𝐴 + 2,⋯ , 𝐵

𝑖 = pitch, roll , yaw
 

(14) 

The pitch and roll angles when the person is standing still, i.e. 

before starting time A and after stopping time B, can be 

estimated using (5) and (6), respectively.  

  



IV. RESULTS AND DISCUSSION 
 

 
Fig. 6. Estimated 3D angles of the thigh and shank during 

normal walking on a flat surface.  

 

 
Fig. 7. Estimated 3D angles of the thigh and shank during 

abnormal walking on a flat surface.  

 

Fig. 6 and 7 show the 3D orientation angles of the thigh and 

shank of the same individual. The blue lines are the angle 

waveforms estimated using gold standard Vicon Optical 

Motion Capture System. The red lines are the angle waveforms 

estimated using the proposed 2-Point Error Estimation 

algorithm. The yellow lines are the angle waveforms estimated 

using (9) which is prone to gyroscope integration drift.  

 

 
Fig. 8. Error of the estimated thigh and shank angles during 

normal walking on a flat surface.  

 

Fig. 8 shows the error of the estimated 3D angles in Fig. 7. 

The error of the gyroscope angles before and after walking 

were mostly linear. However, the error of the gyroscope angles 

(pink lines) was fluctuating while walking. Drawing a straight 

line (dotted green line) connecting the gyroscope angles at 

starting time A and stopping time B, it was estimated in this 

research that the drifting direction of the gyroscope angles was 

almost linear.  

Referring to the thigh flex/ext. in Fig. 8, the gyroscope 

drifting direction was almost linear at all time. However, there 

are cases, for example the thigh add/abd. in the same figure, 

that the estimated drifting direction of the gyroscope angles 

were different before, during, and after walking. Therefore, we 

proposed a 2-point gyroscope error estimation, i.e. estimating 

the error based on pre and post-calibration method, while 

many researchers estimate the sensor error based on 

pre-calibration method [8].  

 
TABLE I 

AVERAGE ROOT MEAN SQUARE ERROR (RMSE) AND CORRELATION 

COEFFICIENT (CORR) OF THIGH AND SHANK ANGLES ESTIMATED USING 

PROPOSED 2-POINT ERROR ESTIMATION ALGORITHM  

 

 

Walking  

on Flat 
Surface 

Flexion/ 
Extension 

Adduction/ 
Abduction  

Internal/ 

External 

Rotation  

Thigh Shank Thigh Shank Thigh Shank 

RMSE 

(º) 

Normal 1.934 3.685 2.017 4.701 3.604 4.039 

Abnormal 2.270 3.589 2.729 4.952 4.184 4.920 

Overall 2.102 3.637 2.373 4.826 3.894 4.479 

CORR Normal 0.989 0.967 0.924 0.795 0.816 0.872 

Abnormal 0.986 0.986 0.932 0.854 0.907 0.901 

Overall 0.988 0.977 0.928 0.825 0.862 0.886 

 

                                               

Vicon Proposed Method Gyroscope angle (eq. 9)

Proposed Method Gyroscope angle error Estimated Gyroscope Drifting 
Direction



TABLE II 
AVERAGE ROOT MEAN SQUARE ERROR (º) AND CORRELATION COEFFICIENT 

(CORR) OF THIGH AND SHANK ANGLES ESTIMATED BY INTEGRATING 

GYROSCOPE DATA AS IN EQ. (8) 

 
 

Walking 

on Flat 

Surface 

Flexion/ 

Extension 

Adduction/ 

Abduction  

Internal/ 
External 

Rotation  

Thigh Shank Thigh Shank Thigh Shank 

RMSE 
(º) 

Normal 7.93 6.69 11.12 23.43 7.88 14.45 

Abnormal 14.46 10.55 13.02 36.09 16.13 18.53 

Overall 11.20 8.62 12.07 29.76 12.00 16.49 

CORR Normal 0.942 0.979 0.812 0.452 0.728 0.821 

Abnormal 0.877 0.949 0.719 0.404 0.635 0.629 

Overall 0.909 0.964 0.765 0.428 0.682 0.725 

 

The root mean square error (RMSE) and correlation 

coefficient in Tables I and II were calculated for the walking 

period, i.e. from starting time A to stopping time B. This is 

because we are interested to capture the walking pattern, 

instead of the standing pattern. The results improved when the 

standing still period was considered.  

Referring to Table I, the proposed 2-point error estimation 

algorithm resulted an averagely low RMSE of less than 5º for 

all 3D angles of the thigh and shank, in normal and abnormal 

walking conditions. Comparing with the angles estimated by 

directly integrating the gyroscope data, the proposed 2-point 

error estimation algorithm is proven effective in compensating 

the gyroscope drift. The RMSE of the angles estimated by 

directly integrating gyroscope data is 7-36º as shown in Table 

II. 

The flexion/extension angle estimated using the proposed 

algorithm achieves high correlation coefficient of 98.8% for 

thigh, and 97.7% for shank. The adduction/abduction and 

internal/external rotation angles estimated using proposed 

algorithm achieve lower correlation coefficient of 83-93% as 

compared to the flexion/extension angle. However, comparing 

Tables I and II, the proposed algorithm improves the 

adduction/abduction and internal/external rotation angles from 

43-77% to 83-93%, i.e. an improvement of 16-40%. 

Besides, it has to be noted that filtration of raw gyroscope 

data is not required in the proposed algorithm. This reduces 

smoothening or alteration of the angle waveform pattern. The 

waveform pattern of the estimated 3D angles is relatively 

similar to that of Vicon system, as shown in Fig. 6 and 7.  

This proposed algorithm is also computationally efficient as 

only two “atan2  ” functions are computed in (5) and (6) 

throughout the whole walking motion, and 7 additions and 4 

multiplications for each angle estimated using (9)   (14).  

A disadvantage of the proposed algorithm is that it is only 

suitable to estimate the 3D angles for a short duration of time. 

However, as walking cycle is expected to be repetitive with 

slight differences [22], capturing data of 3 to 5 walking steps 

are sufficient to capture the gait pattern of a person for gait 

evaluation. Based on the experimental results, the proposed 

algorithm can at least estimate the 3D angles accurately up to 

15 seconds, which is sufficient to capture 5 walking steps of a 

person for gait analysis.  

Moreover, this proposed method is unable to estimate angles 

in real time, but real-time angle estimation is not necessary for 

applications such as gait evaluation.  

Furthermore, many researchers utilize magnetometer to 

estimate yaw angle [13] [14] [23]. The proposed 2-point error 

estimation algorithm, however, does not require a 

magnetometer although a magnetometer can be added to 

improve the accuracy of internal/external rotation angle. As 

magnetometer is prone to magnetic interference [24], avoiding 

it has drastically improved the computational efficiency. 

However, the assumption that the yaw angle remains before 

and after walking is only true for walking in a straight line. This 

assumption has resulted a considerably accurate estimation of 

the yaw angle with low average RMSE of 3.9º for thigh and 4.5º 

for shank.  

The proposed algorithm requires the users to stand still 

before and after walking. As this system is designed for clinical 

application, it is possible that some patients with impaired gaits 

would have involuntarily shaky legs [25]. This creates a 

problem that there is no standing still period for the algorithm to 

estimate the 2-point error. To solve this, the thresholds in (3) 

and (4) can be increased to values slightly higher than the 

average values of accelerometer and gyroscope data collected 

in the first 1 second, respectively. The increased thresholds 

would treat the shaky legs as standing still, and then the 

walking motion could be identified when the thigh 

flexes/extends above these thresholds. 

 

V. CONCLUSION 

A method to estimate the 3D angles of the thigh and shank 

has been proposed. The proposed algorithm is not only 

accurate, but also computationally efficient and easy to be 

implemented. In future work, we plan to diagnose normal and 

abnormal gaits using the estimated 3D angles. It is also 

worthwhile to investigate the accuracy of the algorithm at 

different duration so that it could be used for other applications. 
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