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Abstract— Inertial measurement units (IMUs) including 
accelerometers and gyroscopes are becoming very common and 
can be found in cell phones, fitness trackers, and other wearable 
devices. With the growth in wearable computing and body sensor 
networks, IMUs are also becoming more prevalent research 
environments for estimation and tracking of human motion. We 
demonstrate that the accelerometer angle estimate is inaccurate 
for typical motions and present a method using a kinematic 
model to correct the accelerometer angle estimate and improve 
overall orientation estimates using an extended Kalman filter 
(EKF).  Our method improves upon the raw accelerometer 
orientation estimation method and a gyroscope based EKF 
method for sensor orientation during motion and at rest. 

I.  INTRODUCTION 

Inertial measurement units (IMUs) including 
accelerometers and gyroscopes are becoming very common.  
They can be found in cell phones, fitness trackers, and other 
wearable devices.  With the growth in wearable computing 
and body sensor networks, IMUs are also becoming more 
prevalent in research environments.  They are used for 
movement and activity recognition [1, 2], rehabilitation [3, 
4], localization [5, 6], and sports training [2, 7]. For many of 
these applications, accurate measurement of the orientation 
of limbs is critical for the application to work properly.   

Systems that only have accelerometers use force 
measurements to estimate orientation of the joints using the 
gravity vector.  While accelerometers measure acceleration 
due to motion as well as gravity, it can be useful to have 
these measurements decoupled.  For example, having a 
motion-only acceleration measurement for a sensor attached 
to a golf club would allow mapping and analysis of a golf 
swing [8].  If a person wearing a sensor is walking or 
running, their speed could be estimated based on the 
accelerometer.  On the other hand, gravity-only acceleration 
measurements could be useful for some health care 
applications.  Posture or risk of falling could be determined 
while a person is in motion [9]. 

In accelerometer-only applications, it is often assumed 
that the subject is not moving during measurements, or that 
the gravity vector measured from the accelerometer will 
dominate any forces caused by body motion and provide an 
accurate orientation estimate.  The accelerometer estimate 
works well when there is no motion, but when the system is 
in motion, it is not valid to ignore the acceleration that 
comes from motion.  Gyroscope-only solutions estimate 
rotation well during motion but suffer from drift.  This 

means the gyroscope estimate will slowly change over time 
due to integration error and the gyroscope’s bias.  We 
present a novel method which uses the gyroscope during 
motion to modify the accelerometer angle estimate to 
improve the overall estimate of orientation. 

In this work, we use a kinematic model and an extended 
Kalman filter (EKF) to estimate the acceleration that an 
accelerometer will see due to movement.  We subtract our 
motion based acceleration estimate from the measured 
acceleration.  This modified acceleration is used to create an 
improved angle estimate, which is used to improve the 
orientation estimates of the entire system. Using a rigid 
double pendulum (i.e. Pendubot) to represent the human leg, 
we estimate the joint angles and improve the overall 
estimate of angle by correcting the accelerometer data and 
fusing it with the gyroscope data through an EKF.  This 
solution involves using the gyroscope as well as an 
accelerometer which may increase system cost and power.  
Additionally, this solution requires a model to enable the 
acceleration correction.  We mitigate these limitations by 
using a single chip solution with a gyroscope and 
accelerometer.  In addition, we use a kinematic model based 
on the activity of interest to design our EKF.    

Static measurements are sometimes used in body sensor 
networks to determine the initial orientation of sensors.  In 
[10], Tundo et al. measure the gravity vector when there is 
no motion (i.e. the subject not moving) to estimate the 
orientation of a smartphone.  This information is then used 
to reorient the measurements to a predetermined reference 
frame.  This corrected orientation is used in activity 
detection but assumes there are no further orientation 
changes during motion.  Friedman et al. also base their 
estimates of orientation on limited motion before and after a 
calibration movement [11].  These techniques allow for 
initial orientation estimates, but are not useful for estimates 
when the subject is in motion. 

In [12], Mizell averages accelerometer readings over a 
fixed period to estimate the vertical acceleration due to 
gravity.  Yao et al. design a real-time system for inclination 
sensing, which is also based on the concept that the net 
acceleration on the sensor over time is gravity [13].  Luinge 
et al. suggest that the gravitational acceleration has a larger 
magnitude relative to many human movements [14], and use 
the accelerometer angle estimate in a Kalman filter to 
improve orientation estimates. The assumption that gravity 
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dominates the movement acceleration may be true if there 
are limited sensor positions (i.e. on the trunk and not limbs), 
and the subject is doing activities in which their posture and 
speed do not change dramatically or often.  However, 
sensors attached to limbs are likely to see greater motion-
based acceleration measurements, as we show in section V. 

Liu et al. use two coaxial accelerometers on the same 
segment of the leg to reduce the effects of motion and 
improve angle estimates [15]. In [16], Wu et al. look to 
optimize the placement of one to eight sensors on a single 
rigid segment to improve the measurement of gravity for 
orientation detection.  In these solutions, the sensors must be 
physically separated and processed for the accelerometer to 
provide additional information for orientation estimation.  
Additional sensors may not be feasible for certain situations 
and increase the processing necessary for the sensor 
network.  

This paper is arranged as follows. Section II discusses 
theory behind using acceleration measurements for angle 
estimates.  It also covers the kinematic model and how it 
relates to human motion. Section III describes the basics of 
the EKF and the state space model for our discussion. 
Section IV gives the details on the experimental set up and 
Section V gives an analysis of the results obtained.  Finally, 
Section VI covers conclusions and future work. 

II. BACKGROUND AND KINEMATICS 

In [6], Bennett et al. used an EKF to estimate joint angles 
and estimate walking distance.  The EKF used gyroscope 
measurements from two sensors to estimate the angle of the 
thigh and shin during walking.  Gyroscopes drift over time, 
which reduces the accuracy of the estimate. To combat 
gyroscope drift and get additional data during more complex 
motions, accelerometers are commonly used [17, 18].  To 
use the accelerometer to assist in correcting angle estimates 
for the EKF, we model the acceleration that a sensor will see 
due to movement as well as due to gravity.   

A. Acceleration Based Angle Estimates 
For an accelerometer that is motionless, the sensor 

measurements will be directly related to the angle � of the 
sensor relative to gravity.  Using this knowledge, an 
orientation angle can be determined.  ��, which is the 
accelerometer measurement along the x-axis of the sensor, 
will be equal to �����, and �	, which is the sensor y-axis 
accelerometer measurement, will be equal to ��
��.  Using    

 � � ��� ������, (1) 

we can calculate ��based on the accelerometer 
measurements when the sensor is not moving. 

When the sensor is in motion, the sensor still measures 
the acceleration of gravity. However, there are also 
acceleration components due to the motion of the sensor that 
contribute to the sensor measurements. Fig. 1 (a) shows the 
measured accelerations sum to give the gravitational 

acceleration (i.e. for a motionless sensor).  Fig. 1 (b) shows 
that the sensor measurements for acceleration include 
motion based radial and tangential components, ���� and ���� respectively.  

Ignoring the motion based acceleration will cause 
incorrect angle estimates because the sensor measurements 
are not due to gravity alone.  If the motion based 
acceleration vectors can be determined, they can be 
removed from the accelerometer measurement leaving only 
the gravity-based acceleration.  Following this, (1) can be 
used to as an improved estimate of the sensor angle. 

  
      (a)          (b) 

Fig. 1: Accelerations seen by sensor with and without motion 

B. Kinematics 
As shown in our previous work, when walking in a 

straight line, the human leg can be modeled as a 2-link 
revolute robot with one link of the robot representing the 
femur and the second link representing the tibia/fibula.  The 
revolute joints represent the hip and knee joints of the 
human leg. The Pendubot, as illustrated in Fig. 2, is a 2-link 
planar revolute robot (i.e. similar to the human leg while 
walking on a straight path). The joint at the base of link 1 is 
the origin of the inertial global frame for all estimates in the 
system.  The x estimate is along the horizontal axis, and the 
y estimate is along the vertical axis. The angle �� is 
measured with respect to the �-axis.  We measure the angle 
of link 2 (��) relative to link 1.   

The Pendubot has fewer constraints on motion than the 
human leg (e.g. the “knee” can bend in either direction and 
the range of motion is larger). However, the Pendubot joints 
cannot twist, which allows a simpler model to be used.  The 
Pendubot has optical encoders at each joint which are used 
in the experiments to give angle measurements with a 
resolution of 1000 cycles per revolution (CPR) (i.e. ±.18o). 

   The sensors are IMUs on the upper and lower links that 
measure the angular velocities and linear accelerations of 
the two links using gyroscopes and accelerometers 
respectively.  In this system setup, the sensor attached to the 
second link will have greater orientation changes because 
link 2 sees all motion from link 1 and from its own 
movement and due to the increased movement of the second 
link during the walking motion.  In addition, because the 
second link generally moves more than the first link, the 
acceleration forces from the movement will be greater.  
Because sensor 2 gives an angle estimate that contains 
information about �� and �� (i.e. the angle estimate from the 
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second sensor is���� � �� ), we can use the data from this 
sensor to improve our estimates.   

  
Fig. 2:  Pendubot with a sensor on each link. 

C. Acceleration Correction 
As shown in [19], the equations for x displacement, y 

displacement and related derivatives in the base coordinate 
frame of a two link revolute robot are 

 � � ��� � ���� (2) 

 �! � "�����! " ����#��! � ��! $ (3) 

 �% � "� &����! � � ����% ' " ����#��! � ��! $� 

���������"����#��% � ��% $ 
(4) 

 ( � ��� � ���� (5) 

 (! � �����! � ����#��! � ��! $ (6) 

 (% � � &����% " ����! �' � ����#��% � ��% $ 

��������"����#��! � ��! $� 
(7) 

where � is the length of the first link, � is the length of the 
second link, �� � )*+��� , �� � ,-)���� , ��� �)*+��� � ��  and ��� � ������ � �� . 
   Based on (4) and (7) and using the signals estimated by 
the EKF described in Section III, we can estimate the 
acceleration that sensor 2 will see from motion in the global 
x and y coordinate frame.  The sensor, however, has its own 
reference frame as shown in Fig. 3.  The sensor 2 frame is 
not oriented the same as the global frame when the 
pendulum is at rest, and it is dynamic when the pendulum is 
in motion.  Therefore, we use the rotation matrix  

 ./01 � 2��� ��� 3��� "��� 33 3 "4�5 (8) 

to rotate the measurements made in the global reference 
frame into the sensor 2 reference frame.  The rotated 
estimates ���� and ���� are the tangential and radial 
components of the motion based acceleration respectively.  
These are found using (8) to rotate the results of (4) and (7). 

   Subtracting the tangential and radial acceleration estimates 
from the related sensor readings will leave an estimate of the 
gravity based acceleration on the sensor as  

 &���	' � 6���	7" 6��������7. (9) 

We then use the arctangent function on the estimated gravity 
vector to get an improved angle estimate that can be used to 
reduce the error in angle estimates due to gyroscope drift. 

III. EXTENDED KALMAN FILTER MODEL  

In this section, we present the state space model and EKF 
considered in our system. The state vector is 

 8 � 9�: (: ��: ;�: <�: ��: ;�: <�: =�: =�>? (10) 

where �� is the angle of the first joint, ;� is the angular 
velocity of the first joint, and <� is the corresponding 
angular acceleration.  The angle, angular velocity, and 
angular acceleration of the second joint are ��, ;�, and <� 
respectively.  The biases from the gyroscope on the first 
sensor and gyroscope on the second sensor are =� and =� 
respectively.  The biases are assumed to be constant or 
slowly time varying.  Defining � � "��� " ����, @ � "����, A � ��� � ����, and B � ����, we can 
take the derivative of (10) as 8! � C8 � D, where C EF�/G�/ is  
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and D is a random process.  

   The measurement vector is given by NO � 9��: ��: �P> �9;� � =�: ;� � ;� � =�: �� � ��>? � Q where is Q a random 
process, �� reflects the fact that the first link angular 
velocity measurement includes the first link rotation and the 
gyroscope 1 bias. Similarly, the lower link angular velocity 
measurement, ��, is a combination of second link rotation, 
the first link rotation, and the bias of gyroscope 2 because 
the second link is connected to the first link.  Finally, �P is 
the angle estimate from the accelerometer on sensor 2, 
which will see the total angular displacement of both links. 

   We implement a discrete time filter, and due to the 
trigonometric terms, we linearize the state equations at each 
iteration. Using the procedure outlined in [20], we 
approximate the discrete time system as  

 RO S T � CU0 (12) 

where U0 is the length of each time step and T E F�/G�/ is 
the identity matrix. This leads to a discrete time state space 
model as in [21] 

 8OV� � RO8O � WO (13) 
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 NO � X8O � YO (14) 

where Z E [4:�: \ ] is the discrete time index, 8O E F�/ is 
the state vector at the time instant Z, NO E FP is the 
measurement vector.  RO E F�/G�/ is the state transition 
matrix that describes the progression of states over time and 
is described in (12).  X E FPG�/ is the matrix that relates the 
states to the measurements and is given by 

 X � 23 3 3 4 3 3 3 3 4 33 3 3 4 3 3 4 3 3 43 3 4 3 3 4 3 3 3 35. (15) 

The terms WO and YO are white, zero-mean Gaussian noise 
processes with covariance matrices . E FPGP and ^ EF�/G�/, given by  

 . � 2_� 3 33 _� 33 3 _P
5 (16) 

 _P � `�_a����������b�� � ��b c d��_e����������������fg�f��������������h  (17) 

^ �

HI
II
II
II
II
II
II
II
II
J_� 3 3 3 3 3 3 3 3 33 _� 3 3 3 3 3 3 3 3
3 3 _ijkl
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   The process noise matrix ^ is constant with a block-
diagonal structure. We model the process noise on the �, (, 
and = variables as independent, and the blocks for the �s: ;s: <s: 
 E [4:�] reflect a random walk process.  The _�: _ij: _i1, and _r terms in ^ are determined by tuning for 
the best performance. The elements of .: _��t+u�_�, are 
constant and determined by taking the sample standard 
deviation of the measurement data during an initialization 
stage when the Pendubot is not in motion.   

   The noise term for _P is dynamic as shown in (17). Based 
on �� and ��, _P toggles between _a and _e.  In essence, the 
accelerometer is trusted more when the system is moving 
slower and less when the system is moving faster.  The 
threshold, d, determines when to adjust the noise level of 
the accelerometer. The parameters were chosen 
experimentally, but to test the robustness, we varied the 
variance parameters by v43w with no ill effects. 

   The EKF assumes that the state at the current time index 
evolves from the state from previous time index in a Markov 

process. The expected value of the state is derived from 
(13), providing the prediction stage of the EKF. It should 
also be noted that the state transition matrix must be updated 
at each time index. The equations corresponding to the 
prediction stage are given as 

 8OV�bOx � RO8Ox� (19) 

 yOx � ROyOx�RO? � ^ (20) 

where yO E F�/G�/ is the estimate of the error covariance 
matrix at time k. After the prediction, the estimates are 
updated using the measurement. The equations involved in 
the update stage are  

 zO � yOxX?�XyOxX? � . x� (21) 

 8O � 8Ox � zO�NO " X8Ox  (22) 

 yO � �T " zOX yOx (23) 

where zO E F�/G�/ is called the Kalman gain. Note that zO 
weights the effects of the measurements as a function of the 
sensor noise and estimation error covariance matrices.  

IV. EXPERIMENTS  

For each experiment, a sensor is placed on each of the 
two links of the Pendubot as shown in Fig. 2. They are 
aligned vertically and attached rigidly so that all rotation 
occurs about the z-axis of the sensor as shown in Fig. 3 (b).  

Each trial begins and ends with the Pendubot at rest. This 
leads to initial state estimates � � 3m, ( � "�� � � m, �� � "{s

�  radians, �� � 3 radians, ;� � 3 ���s��a
a|}~��  , ;� �

3 ���s��a
a|}~�� , =� � �� ���s��a

a|}~�� �, and =� � ��� ���s��a
a|}~��  where ������� are the mean values of the gyroscopes collected 

during the first 2 seconds of the rest period before the 
Pendubot is moved. We attached a rigid stick to the 
Pendubot to keep the knee from hyperextending, and moved 
the links by hand to simulate human motion.  

          
                                 (a)                                (b) 

Fig. 3:  Custom Sensor & Sensor Axis Orientation 

The sensors are custom-designed boards with an 
MPU9150, which has a 3-axis accelerometer and a 3-axis 
gyroscope. The accelerometer is set with a range of�v��. 
The gyroscopes have a full scale range of v�333~ per 
second.  The sensors collect the data and transfer it through 
a Bluetooth connection to a PC at ~200Hz. MATLAB is 
used to read and analyze the data.   

   Each sensor has its own clock and time stamps the data 
relative to the local clock.  The data between the two sensors 
must be time synchronized.  The sensor data is resampled 
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based on the local time stamps to correct for any minor 
deltas in the sampling frequency.  After resampling, the 
sensors must be aligned for the signal processing.  Because 
the two sensors are attached to the two links of the 
Pendubot, we align the sensor data based on the assumption 
that both sensors will see the initial motion at the same time.  
Using this assumption, we manually shift the data of the 
second sensor to match the first sensor.  After 
synchronization, a median filter, over a window of 5 
samples, is applied to the data to smooth any noise in the 
signal and handle any packet loss.  Finally, all gyroscope 
data is converted to radians before applying the EKF. 

   In addition, the Pendubot was connected through USB to 
another PC that collected data from the two angle encoders 
through a LabView VI.  The encoder data was collected at 
200 Hz to serve as a gold standard for all angle estimates. 

V. ANALYSIS AND RESULTS 

Fig. 4 shows the angle estimate based on the raw 
accelerometer readings (i.e. treating the acceleration vector 
as the direction of gravity) and the corrected acceleration 
angle estimate, with the encoder measurement. This 
movement was relatively slow, and the corrected 
acceleration angle estimate tracks the encoder measurement 
better than the estimate based on raw accelerometer 
measurements. This simple trial shows that the method for 
removing the motion based acceleration works.  Due to the 
noise on the accelerometer signal, the correction will not be 
perfect, but the angle estimate does improve.  The 
improvement can be seen with a root mean square error 
(RMSE) of 0.1163 radians for the corrected acceleration 
estimate versus 0.173 radians for the basic acceleration 
estimate over the trial.  

 
Fig. 4:  Raw Acc. Angle Estimate vs Corrected Acc. Angle Estimate 

   Fig. 5 shows the encoder angle measurement for �� � �� 
and the accelerometer angle estimate from sensor 2 for an 
experiment with varying speed of motion.  With faster 
movements, the acceleration angle estimate tracks the 
encoder measurement very poorly.  When the motion slows 
or stops, the accelerometer angle estimate improves relative 
to the encoder.  Over the entire trial, the accelerometer angle 
estimate has a RMSE of .718 radians.   

   Fig. 6 shows the same trial, but only uses the gyroscope 
measurements as inputs to the EKF to estimate the angle.  
During the faster motion, the system tracks well, but the 
drift in the gyroscope estimate causes error as the system 
slows and comes to rest as shown in the zoomed portion of 

Fig. 6. This offset will remain in the system and accumulate 
over time without some correction.  As the system begins 
moving again, the estimate will already be incorrect due to 
the offset caused by the gyroscope drift.  The gyroscope 
only EKF solution has a RMSE of 0.1011 radians over this 
trial. 

 
Fig. 5: Acceleration Angle Estimate vs. Encoder 

 
Fig. 6:  Gyroscope only EKF vs. Encoder 

   Fig. 7 and Fig. 8 show the updated EKF using the raw 
accelerometer angle estimate,�����	�? as an input and using 
the corrected accelerometer vector �����	�? angle estimate 
as an input respectively.  It can be seen that the updated 
EKF using the raw accelerometer angle estimate is an 
improvement over the accelerometer alone, but is not as 
accurate as the gyroscope alone.  The EKF using the 
corrected accelerometer angle estimate tracks the encoder 
well during the motion, and reduces the error compared to 
the gyroscope only EKF during the periods without motion. 

 
Fig. 7: EKF with Raw Accelerometer Angle Estimate vs Encoder 

 

Fig. 8: EKF with Corrected Accelerometer Angle Estimate vs Encoder 
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   The RMSE over the trial for the raw accelerometer EKF 
and the corrected accelerometer EKF are 0.1873 and 0.0306 
radians respectively.  The zoomed portion of Fig. 8 also 
shows that the EKF with the corrected accelerometer angle 
estimate improves the drift seen in the EKF which only uses 
the gyroscope.  Over this trial, the proposed method has a 
RMSE that is about 70% smaller than the gyroscope only 
solution and 83% smaller than the RMSE of the EKF using 
the gyroscope and the raw acceleration data. 

VI. CONCLUSION AND FUTURE WORK 

We have presented a novel method to correct acceleration 
based angle estimates, which are then used in an EKF to 
improve the overall estimate of the system.  The method 
improves the estimate relative to a gyroscope-only EKF and 
an EKF using the raw acceleration angle estimate.  The 
accelerometer and gyroscope measurements are used in an 
innovative way to not only mask the weakness of the other 
but to improve the data measurements.  This method 
generated results that were more accurate than gyroscope 
only estimate methods, accelerometer only estimate 
methods, and combined sensor methods using the raw 
accelerometer data and the gyroscope.  We also showed that 
accelerometers alone are not reliable as orientation sensors. 

We plan to continue this work by automating the sensor 
synchronization.  We currently use two sensors, but a larger 
network of sensors could be used.  In these scenarios and in 
real time systems, synchronization would need to occur 
automatically.  Additionally improving the motion model  
and the methods for selecting the model parameters could 
further improve the corrected acceleration angle estimates 
and allow us to model general human motions.  
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