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Abstract— This paper focuses on the attitude estimation problem
for a moving object using two MEMS sensors: accelerometer and
gyroscope. These two sensors have different noise characteristics
and are combined using the Kalman filter so that accurate
attitude estimation is obtained. The process noises of two MEMS
sensors are selected as the nominal values of actual sensors. The
gyroscope output is used for time update portion of the filter and
the accelerometer output is utilized the measurement update
portion of the filter. The performance of the attitude estimation
system is demonstrated through numerical simulations.

integrating gyroscope’s output causes divergence in the
attitude’s error.
In this paper, a Kalman filter is proposed to compensate
this error by fusing two sensor’s data. The Kalman filter
provides an optimal sensor fusion method for linear systems
and is divided into two main parts: the time update and the
measurement update.
This paper presents only the first step of developing the
attitude estimation system for autonomous flight vehicle and
there are still many things left to do, for example, adding the
gyro bias to the filter states and expanding the algorithm for
high frequency acceleration. Although it is not well tuned, it
can be seen that the filter works well.

Keywords—attitude estimation, accelerometer, gyroscope,
Kalman filter, MEMS inertial sensor, sensor data fusion

I. INTRODUCTION
The estimation of the “tilt” of vehicles has been of much
interest, especially in the areas such as aerospace [5] or
control system [3],[6]. For instance, controlling autonomous
flight vehicle is the practical issue related with tilt estimation.
They have been utilized in applications such as forest fire
perimeter tracking, military tactical reconnaissance, and rural
search and rescue where rapid area searches are desired.
Guidance and navigation are the key technologies for the
autonomous flight vehicle wherein the attitude information is
indispensable. Inertial sensors fabricated by micro
electromechanical system (MEMS) technology offer
revolutionary improvements in cost, size, and ruggedness
relative to fiber optic and spinning mass technologies. MEMS
gyroscopes and accelerometers are ideal as components of a
compact and affordable attitude determination system.
Gyroscopes measure the body’s angular velocity and, by
integrating this angular velocity, they can calculate the attitude
angle. Accelerometers measure the body’s translational
acceleration. If they measure only the acceleration of gravity,
they provide the body’s absolute attitude in the navigational
frame of reference.
One drawback of the accelerometer is that its sensitiveness
to vibration of bodies; vibration contains a lot of acceleration
components. To reduce high frequency vibration noises, a low
pass filter is required. This limits the bandwidth of the
accelerometer and a phase delay is introduced in the filtered
result. However, calculating the attitude angle using the

II. ATTITUDE DETERMINATION ALGORITHM
The problem of attitude estimation is to determine the
orientation of the vehicle’s body reference frame with respect
to a navigational reference frame. The two low-cost MEMS
inertial sensors, accelerometer and gyroscope, are used in this
problem. Because the values of these two sensors are defined
in the body frame of reference, it is necessary to transform the
sensors output in the body frame into the rate of attitude angle
in the navigation frame.
The gyroscope’s output is related to the rate of attitude
angle as
0
⎡ω x ⎤ ⎡1
⎢ω ⎥ = ⎢0 cos γ
⎢ y⎥ ⎢
⎢⎣ω z ⎥⎦ ⎢⎣0 − sin γ

− sin θ ⎤ ⎡ γ& ⎤
sin γ cos θ ⎥⎥ ⎢⎢θ& ⎥⎥
cos γ cos θ ⎥⎦ ⎢⎣ψ& ⎥⎦

(1)

where γ , θ and ψ are the roll, pitch and azimuth (yaw) angle
respectively. ω x , ω y and ωz represent the body’s angular
velocity. This equation can also be expressed as
⎡ γ& ⎤ ⎡1 sin γ tan θ
⎢θ& ⎥ = ⎢0
cos γ
⎢ ⎥ ⎢
⎢⎣ψ& ⎥⎦ ⎢⎣0 sin γ sec θ

cos γ tan θ ⎤ ⎡ω x ⎤
− sin γ ⎥⎥ ⎢⎢ω y ⎥⎥
cos γ sec θ ⎥⎦ ⎢⎣ω z ⎥⎦

(2)

Accelerometer can also be utilized to calculate attitude by
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Equation (9) is the discrete time system model. Φ k is the

using the acceleration due to gravity. The relationship between
the acceleration of gravity in the navigational frame of
reference and translational acceleration in the body frame of
reference can be written as
0
⎡u x ⎤ ⎡1
⎢u ⎥ = ⎢0 cos γ
⎢ y⎥ ⎢
⎢⎣ u z ⎥⎦ ⎢⎣0 − sin γ

− sin θ ⎤ ⎡ 0 ⎤
sin γ cos θ ⎥⎥ ⎢⎢ 0 ⎥⎥
cos γ cos θ ⎥⎦ ⎢⎣ g ⎥⎦

⎡u x ⎤ ⎡ − g sin θ ⎤
⎢u ⎥ = ⎢ g sin γ cos θ ⎥
⎥
⎢ y⎥ ⎢
⎢⎣ u z ⎥⎦ ⎢⎣ g cos γ cos θ ⎥⎦

state transition matrix and it can be obtained by Taylor series
expansion method where Ts is the sampling time.
Φ k = exp( A(kTs )Ts ) = I + Ts . A(kTs ) + ...
⎡ 1
ω z .Ts − ω y .T ⎤
⎢
⎥
= ⎢− ω z .T
1
ω x .T ⎥
⎢ ω .T − ω .T
1 ⎥⎦
x
⎣ y

(3)

(10)

The process noise w and the measurement noise v are
assumed to be Gaussian white noises, and their continuous
and discrete covariance matrices are given as

(4)

where ux,uy, and uz represent the translational acceleration of
each axis in the body frame of reference and g is the
acceleration due to gravity.

⎡q1
Q = ⎢⎢ 0
⎢⎣ 0

0
q1
0

III. DESIGN OF KALMAN FILTER
The Kalman filter is a good tool that estimates the state of
the system including measurement noise. It is useful to
combine two sensor data containing measurement noise.
Designing a Kalman filter requires a linear dynamic system
model [1],[2],[4]-[6], like equation (5).

⎡r1
R = ⎢⎢ 0
⎣⎢ 0

0
r1
0

0⎤
0 ⎥⎥ = E{w.w'}
q1 ⎥⎦
0⎤
0 ⎥⎥ = E{v.v'}
r1 ⎦⎥

(11)

(12)

Ts

x& = Ax + w
y = Cx + v

Qk = ∫ Φ (t )QΦ T (t ) dt

(5)

0

⎡q1 .Ts
≈ ⎢⎢ 0
⎢⎣ 0

The state variable is defined as
⎡ − sin θ ⎤
x = ⎢⎢ cos θ sin γ ⎥⎥
⎣⎢cos θ cos γ ⎦⎥

−ωy ⎤
⎥
ωx ⎥x + w
0 ⎥⎦

ωz
0
− ωx

0
g
0

0⎤
0 ⎥⎥ x + v
g ⎥⎦

0

(13)

(14)

Using the discrete Kalman filter, the values of the sensors
are updated, and the state variables are newly estimated by
every sampling time. Also, the attitude angles are calculated
from the estimated state variables as

θ = sin −1 (− x1 )
γ = sin −1 ( x 2 / cos θ )

(7)

(15)

A. Kalman Filter Time Update
The time update equation for discrete kalman filter is
written as

The measurement model using an accelerometer model is
⎡u x ⎤ ⎡ g
y = ⎢⎢u y ⎥⎥ = ⎢⎢ 0
⎢⎣ u z ⎥⎦ ⎢⎣ 0

q1 .Ts

0 ⎤
0 ⎥⎥
q1 .Ts ⎥⎦

Rk = R

(6)

The system model using a gyroscope model is
⎡ 0
⎢
x& = ⎢− ω z
⎢ ωy
⎣

0

xˆ k− = Φ k −1 xˆ k −1

(8)

(16)

The equation for the covariance matrix, P, is written as
The system using the sensors which have the sampling time
is naturally a discrete one. Thus, the discrete processing model
is needed to implement the designed Kalman filter.
x k +1 = Φ k x k + wk
y k = H k xk + vk

Pk− = Φ k −1 Pk −1Φ Tk −1 + Q

(17)

where Q is the covariance of the stationary, zero-mean process
noise w(t).

(9)
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B. Kalman Filter Measurement Update
A. Noise Covariance Matrix
The measurement update portion is divided into three parts:
The process noises qacc and qgyro are adopted from Analog
calculation the Kalman gain, updating the covariance matrix, Device’s ADXRS150 MEMS gyro and ADXL210 MEMS
and estimating the new system state. The key relationship for accelerometer.
the Kalman filter measurement update step is the
measurement output matrix, Hk. The equation for calculating
⎡ 2.2 × 10 −2 ⎤
the Kalman gain matrix can be written as
⎢
⎥
qacc = ⎢2.2 × 10 − 2 ⎥ m / s 2
(21)
−2 ⎥
− T
− T
−1
⎢
2.2 × 10 ⎥
K k = Pk H ( HPk H + R)
(18)
⎣⎢
⎦

[

where R represents the applicable sensor noise covariance.
The covariance matrix, P, is updated by using Kalman
gain, K, according to the equation
Pk = ( I − K k H ) Pk−

⎡2.8 × 10 −1 ⎤
⎢
⎥
q gyro = ⎢2.8 × 10 −1 ⎥ [deg/ s ]
⎢2.8 × 10 −1 ⎥
⎣⎢
⎦⎥

(19)

In the final step, the Kalman filter gain is used to scale the
state error prior to summation with the previous state estimate
to determine the new state estimate, according to
xˆ k = xˆ k− + K k ( y k − Hxˆ k− )

Reference signals are assumed as sine waves with different
phase angles. Accelerometer outputs are obtained by adding
zero mean white Gaussian noises. Gyroscopes sense angular
velocities, which are the time derivatives of reference signals.
By integrating these gyroscopes outputs, measured values of
angles are obtained. These data are sampled with a sampling
period of Ts = 0.01 sec. After that the Kalman filter is used to
estimate the actual signal.

P itc h e s t im a tio n

xˆ k− , Pk−

xˆ k , Pk

Kk

yk

(22)

B. Simulations Results

(20)

xˆ0 , P0
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Fig. 1 Principle of Kalman filtering

The principle of Kalman filtering is described in Fig. 1.
There are two main portions: time update and measurement
update. The states are firstly predicted in time update portion
and then they are corrected in measurement update portion.
New state estimation is obtied by using previous state
estimation, new measurement values and the Kalman gain.
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Fig. 2 Actual and estimate signals

As shown in Fig. 2, the estimated values for pitch angles
are very close to the actual values. But for roll angles
estimation, there are errors in peak values.
According to the results of simulation, the estimation of
pitch angle is pretty good but the estimation error in roll
estimation is often quite large. This shows that it is necessary
to consider the gyro bias in the system states. By adding gyro
bias values into the state variables of filter, the errors in roll
error estimation will be elimiated.

IV. NUMERICAL SIMULATION
The performance of the filter has been verified by
numerical simulations. For specific noisy characteristics of the
inertial sensors, the nominal values of ADXRS 150 gyroscope
and ADXL210 accelerometer from Analog Device are chosen
to use. The sampling frequency of the simulation is 100Hz.
The simulation is run over 50 second.
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Gyro drift (pitch)
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Gyro drift (roll)

Simulation results show that the proposed algorithm can
obtain reliable pitch angle estimation and acceptable roll angle
estimation. Even though many problems remain, the
performance of the proposed filter in this paper is quite
satisfactory. But for more reliable performance, it is necessary
to add the gyro bias as the system state.
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estimation error (roll)

estimation error (pitch)

The gyroscope drifts are shown in Fig. 3. Due to this drift
term, attitude estimation by integrating the gyroscope output
over time is practically useless.
1

0

-1
0

5

10

15

20

25
30
Time (sec)

35

40

45

50

0

5

10

15

20

25
30
Time (sec)

35

40

45

50

1

0

-1

Fig. 4 Attitude estimation error

The estimation errors for both pitch angle estimation and
roll angle estimation can be found in Fig. 4. The estimation
error is the error which can be calculated by subtracting
estimated values from the actual values.
IV. CONCLUSIONS
In this paper, the attitude estimation system using MEMS
inertial sensors was developed. A Kalman filter is designed to
fuse the information from accelerometer and gyroscope.
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