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Abstract 
In this paper, the Unscented Kalman Filter (UKF) is introduced in application of the tilt angle state estimator 

for MEMS accelerometer tilt sensing. The first, the accelerometer tilt sensing model is development, then the 
unscented kalman filter with theoretical of minimal complexity of mathematical model and their parameter were 
derived. Two experiments have been done. First, testing in tilt angle is constant. And the other hand, the testing 
platform varies angle on level plane and then kept constant angle. Experimental results have shown that the 
proposed method have good performance while estimating tilt angle. 
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1. Introduction 

 Tilt sensing has been becoming a requirement in 
a variety of applications, such as robotic attitude 
control [1, 2], two-wheeled balanced vehicle attitude 
monitor [3, 4], attitude navigation system [5, 6], 
human movement monitor [7, 8], and underground 
drilling [9, 10]. These applications mainly depend on 
be roughly divided into positioning, aligning, leveling, 
navigation and orientation. In a general case, a tilt 
sensing is usually expressed as two component angles 
including roll and pitch angle [11–13]. For tilt angle 
measurement, following sensors are mostly used such 
as inclinometer. This sensor output is proportional to 
the tilt angle with respect to the field of gravity, called 
accelerometer. 
  With small size, low power consumption, low 
cost, and high reliability, micro-electro mechanical 
systems (MEMS) accelerometers can be adopted tilt 
sensing. It has received much attention in recent years. 
On the other hand, it has some disadvantage, such as 
low resolution, a high level of noise, worse bias 
stability, etc., limiting its usage in navigation systems. 
So, the estimator will be done. Because of 
accelerometer tilt sensing model is nonlinearity model, 
the estimator that is the Unscented Kalman Filter 
(UKF) is used to estimate tilt angle.  
 In this paper, the Unscented Kalman Filter is 
introduced once again, this time, in application of the 
tilt angle state estimator for MEMS accelerometer tilt 
sensing. For this purpose, theoretical of minimal 
complexity of mathematical model was derived. 
This paper is organized as follows: section 2 presents 
the mathematical model of accelerometer tilt sensing 
under consideration and section 3 describes the 
theoretical and parameter of Unscented Kalman Filter 
implementation. The Experiment setup and the results 
and analyze filter performance are discussed in section 
4 and section 5. And the last section, conclusion of this 
work is discussed. 

2. Accelerometer Tilt Sensing Model 

 An accelerometer is used to measure specific 
forces such as the earth gravity. In figure 2, the sensor 
cluster compose of 2 accelerometers (Ax and Ay) 
placed absolutely perpendicular to each other.  
 In figure 2.1(a), the sensor is mounted completely 
level in the horizon plane with respect to the earth 
surface. The x- and y-axis of accelerometer is not 
affect any gravity. So, the gravity is 0g. 
 

 
Fig 2.1 The sensor cluster placed absolutely 

perpendicular to each other 
 
 In Figure 2.1(b), if sensor cluster is pitched, the 
accelerometer Ax will know in advance the gravity to 
be –gsinφ, but Ay will still perceive the gravity to be 
0g. So, calculating pitch angle (rotation around y-axis) 
from measured specific forces as follows: 

  1sin ( )xAφ −= −  (1) 

From figure 2, considering Euler angles and direction 
cosine matrix transformation [4]  
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From (3), the roll angle (rotation around x-axis) and 
the pitch angle (rotation around y-axis) can be 
determined as follow: 

  sinxA φ= −  (4) 

  sin cosyA θ φ=  (5)  

But, measured accelerations can be corrupted by 
several disturbances that are random measurement 
noises. So, 
  Measurements = Actual Value+Noise (6) 
From (4) and (5), having 

  sinx xA vφ= − +    (7) 

  sin cosy yA wθ φ= +   (8) 

where xA and yA~ are actually measured accelerations 
measured from Ax and Ay, respectively.  xv  and yw are 
random measurement noises of Ax and Ay, respectively.  
 Eqn.(7) and (8) are system model that describe the 
relationship between the tilt angles and the output 
specific forces measured by accelerometers.  
 

3. Unscented Kalman Filter (UKF) 

3.1 UKF Model Equations 
 In UKF, nonlinear equation of process model and 
measurement model are as follow: 

  1 1( , )k k k kx f x u w− −= +  (9) 

  ( )k k kz h x v= +  (10) 

where xk , uk and zk  are state vector, input vector and 
measurement vector, respectively. Process noise, wk, 
and measurement noise, vk, are assumed to be random 
process with zero-mean Gaussian white noise with 
covariance matrices Qk and Rk, respectively. 

3.2 UKF Algorithm 
 In UKF, the predicted and measurements states, 
and the associated covariance matrices are computed 
by using sigma points and the nonlinear equations. The 
superscript ‘-‘means predicted value. The UKF step 
can be calculated as presented in [18,19] as follows; 
I. Initialization step defined 
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II. Time update step computed 
 a. 2n sigma points at k-1 time step  
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n  are quantity state of vector kx . 
 b. 2n sigma points at k time step  
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 c. Predicted state vector  
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 d. Predicted estimate covariance matrix  
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III. Measurements update step computed 
 e. 2n sigma points at k time step 

  ( )( ) ( ) ,i i
k k kz h x t=  (19) 

 f. Predicted measurement vector 
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 g. Predicted error covariance matrix 
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 h. Predicted error cross covariance matrix 
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 i. Kalman gain 

  1
k xz zK P P−=  (23) 

 j. State vector estimation 
  ( )k k k k kx x K z z+ − −= + −  (24) 

 k. Error covariance matrix estimation 

  T
k k k z kP P K P K+ −= −  (25) 

The recursive process then repeats steps a to k 

3.3 UKF for Accelerometer Tilt Sensing  

3.3.1 Process Model 
 For (7) and (8), the estimated states are roll and 
pitch angles. Hence define state vector as follows. 

  [ ] [ ]1 2
T Tx xθ φ= =x  (26) 

where 1x θ=  and 2x φ=  are the roll and pitch angle in 
radians, respectively. 
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 If the sensor is stable (the tilt angles do not vary 
during the measurement duration), the roll and pitch 
angles are possible to assume that are constant. Hence, 
the process model are as follow: 

  0=x  (27) 

where [ ]1 2

TTx x θ φ = =  x      and 
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Although, estimating random noise are constants 
( kw = 0 ), it is a common practice to include non-zero 
driving noise in the model. The random noise 
covariance matrix kQ  can have very small values. 
From (27) and (28), final continuous-time process 
model for accelerometer tilt sensing system is 
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where w  is the random noise vector where the 
derivatives of states equal driving noises is known as 
random walk processes.  
 The final discrete-time model is as follows. 
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or  
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where w is the random noise vector with the covariance 
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3.3.2 Measurement Model 
 Considering accelerometer tilt sensing system 
model, from (7) and (8), repeated here for convenience, 
is nonlinear because of the trigonometric terms. 

  sinx xA vφ= − +   (32) 

  sin cosy yA wθ φ= +   (33) 

Eqn.(32) and (33) can be used in UKF directly. So, 
measurement model of UKF is as follow; 
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where kv is measurement noise vector and the associated 

covariance matrix 
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from the noise power spectral density that is the root-
mean-squared (rms) noise. According to [22], for an 
accelerometer can be approximated as follows. 

  
1.6BandwidthDensity Noise 

 noise rmster Accelerome

××

≈
 (35) 

where the noise desity is provided in the datasheet. For 
ADXL335 module , the noise density of accelerometer 
is between Hzg /300150 µ−  [10] (selected full-scale 
±2g, the Analog Devices noise density parameter is 

Hzg /300µ ) and circuit of sensor is designed to 
have 20Hz bandwith. So, the rms noise can be 
computed from: 

-6
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 (36) 

While the accelerometer measurement noise is 
assumed to be Gaussian white noise, the covariance 
matrix kR  is  
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That means if taking accelerometer measurements, 
its white noise variance should be approximate 2 mg. 

 
4. Experimental 

 Composed of low-cost MEMS accelerometer 
described in section 2 and Unscented Kalman filter 
algorithm described in section 3, testing platform for 
tilt angle estimation was implemented as shown in 
Figure 4.1. The accelerometer that used in the paper 
was the analog 3-axis Accelerometer, ADXL05 chip 
[22], which had full scale-range ±2g. Inter-integrated-
circuit (I2C) protocol was used to connect between 
sensor and microcontroller. ARM7 microcontroller 
was used as STM32F4Discovery for this system and 
the sampling rate was 100Hz. The sensor was mounted 
on the leveled table which was modulated pitched or 
rolled angle by DC-motor. The encoder was collected 
the angle that was pitched or rolled angle. Firmware of 
microcontroller for programing the UKF algorithm 
was based on Matlab/SIMULINK with Waijung 
Blockset. The Hardware-in-the-loop (HIL) techniques 
was used to recorded the data form accelerometer and 
encoder to PC-Computer. The actual roll/pitch angle 
were measured by using digital level.   
 

5. Results and Discussion 

 In our work, two experiments have been done. In 
first experiment, testing platform is stationary. Tilt 
angles results are shown in Fig. 5.1 and 5.2. In this 
figure, tilt angle estimator with UKF has good 
performance in tilt measurement when the tilt angles 
are constant. 
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 Next, performances of the UKF was Analyzed. 
Comparing the computed error covariance matrix 
P  with actual errors is the simplest method to analyze 
performance. If 63% of the actual errors are place 
inside the 1 error standard deviation (S.D) bound that 
is squared-root values of the diagonal terms of +P , the 
UKF is suitable for estimate system states [19-21]. 
Performances analyzed of our UKF is shown in Fig. 
5.3. More than 85% of the actual errors are lie inside 
the 1 error standard deviation (S.D) bound. So, our 
UKF for estimation of tilt angle is good performance.   
 In the other experiment, the testing platform 
varies angle on level plane and then kept constant 
angle. The results as show in Fig. 5.4 and 5.5. In both 
roll and pitch angle results, we found that UKF can be 
estimate the accuracy tilt angle and errors are much 
small. But, during the constant angle phase, error of tilt 
angle that error is approximately 0.2 degree is much 
smaller than during the transition angle phase that 
error is approximately 1.2 degree. 

 
Fig. 5.3 Analyze of performances of the UKF result 
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Fig 5.4 Roll Angle Testing Results. The testing 

platform varies angle on level plane and then kept 
constant angle.    
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Fig 5.5 Pitch Angle Testing Results.  

The testing platform varies angle on level plane and 
then kept constant angle.   

  

 



                The 6th TSME International Conference on Mechanical Engineering 
  16-18 December 2015 

AME001  

6. Conclusion 

 In this paper, the unscented Kalman filter 
implementation on MEMS accelerometer tilt sensing 
for estimation tilt angle was presented. The algorithm 
of UKF and their parameter are describes. In order to 
evaluate the estimation of the UKF, we used testing 
platform with the digital level as a reference. In our 
work, Experimental results have shown that the 
proposed method have good performance while 
estimating tilt angle. 
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