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Abstract 

Many surveying engineering applications require the knowledge of the orientation parameters of 

instruments. One can use inertial measurement units (IMUs) to determine that. IMUs are 

combinations of several inertial sensors and comprise at least an accelerometer and a gyroscope. 

Therefore, they can detect accelerations and angular rates in a three-dimensional space. As micro-

electro-mechanical systems, the sensors are increasingly getting smaller and lighter, but without 

being reduced in their accuracy. The smaller size facilitates diverse placing of the sensors, which 

allows a variety of uses. Moreover, several low-cost IMUs have been devised since the 

development of single-board computers. 

The main objectives of this work are to determine tilts using a low-cost IMU, and the accuracy of 

the sensor. Furthermore, it studies general IMU applications in surveying engineering, and 

examines whether low-cost versions are applicable.  

To fulfil the objectives, the study was based on a selected low-cost IMU. Two programs were 

developed as part of this work. One was to control the sensor and the other, to calculate the tilts and 

analyse the data. The IMU was mounted in front of the objective of the total station and aligned in 

different reference orientations. All measurements were performed under controlled thermal 

conditions. Thereby, it was ensured that no falsifications could appear due to ambient temperature 

influences. As a first step, the sensor calibration process was completed. It helped determine the 

signal offset parameter and their time-dependent change. The calibration was done using two 

present methods, the six-position and the multi-position methods. The calibrated IMU helped 

determine the tilts. This was done in the case of the accelerometer via trigonometric functions, 

which allowed an absolute orientation statement. In contrast, the gyroscope provided relative 

orientation with the multiplication of the detected angular variance and the time that passed. After 

that, a target-actual comparison with the reference information of the total station helped determine 

the external accuracy of the tilt from the IMU. Moreover, multiple measurements could give a 

statement of the internal accuracy. Finally, the Kalman Filter was added to smooth out the sensor 

data and combine it in real-time. 

The calibration methods showed similar results, and it was striking that the sensors did not show the 

expected drifts. The reason could be related to a pre-calibration by the manufacturer. On the one 

hand, the used IMU showed differences in the total station alignments in the order of 0.798° for the 

accelerometer and up to 4.3° for the gyroscope with the calibrated data. On the other, the 

differences in repeated measurements were at 0.024° for the accelerometer and 0.5° for the 

gyroscope. 
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It was figured out different possible applications of IMUs in surveying engineering. Among other 

things, these included orientation monitoring of sensor platforms or the determination of the 

external orientation of unmanned aerial systems. For these applications, the usability depends on the 

achievable accuracy. In the case of the IMU chosen in this study, the proven accuracy is too 

inaccurate for these applications.  

There is a need for further investigation because the use of another sensor type may rectify the 

insufficient accuracy problem. Moreover, to achieve better accuracies and to make it possible to use 

the IMU in different ambient temperatures, the temperature influence must be determined. 
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1. Introduction 

In the field of surveying engineering, one needs to know the orientation parameters of instruments. 

The instruments must be levelled or the orientation at the time of measurement must be registered. 

For this purpose, inertial measurement units (IMUs) can be used along with the known procedures, 

such as the use of levels. Currently, IMUs are not largely used in surveying engineering. Their 

application is restricted to the determination of the external orientation of an airplane and of the 

camera in aerial photography. IMUs are also used to control the flight of unmanned aerial systems 

(UAS). However, technological developments have now given a basis to the evaluation of the 

extended use of IMUs in surveying engineering. 

IMUs are a combination of several inertial sensors such as accelerometers and gyroscopes, and thus, 

can detect the acting forces on a body. The forces observed are typically accelerations and rotation 

rates. Some IMUs are extended with a magnetometer to detect magnetic field directions, too. In 

addition, the sensors typically work on a three-axis basis. Hence, it is possible to combine those and 

to get a system with up to six or more degrees of freedom (DOF). Thereby, they offer the 

opportunity to detect orientations or positions of an object in three-dimensional spaces. With the 

recent development of single-board computers, several low-cost IMUs have been built. An 

interesting aspect of these is the size of the sensors. These are produced as a micro-electro-

mechanical system (MEMS) that allows the sensors to be built in the size of a postage stamp. 

Because of the small size, the sensors can be placed in diverse ways, which allows a variety of uses. 

The advantage of IMUs is that they are independent of external references or signals. This allows, 

for example, navigation in tunnels where no GPS signal is available. However, the independent 

working method also poses some disadvantages. System-related inaccuracies or systematic error 

influences can lead to larger deviations, which must also be considered. 

 

 Background 

The inertial navigation principle was first mentioned in 1910. The German and American military 

made further developments in the 1940s and 1950s for the navigation of missiles and submarines. 

Since then, technology has made more and more advancements. Computers and electronic devices 

are now used in all kinds of situations. A reason for this is that electronic devices are getting smaller 

and lighter and show consistent accuracy, which also applies to IMUs. 

Woodman (2007) also recognized this aspect. He wrote that the improvements in MEMS IMUs had 

made their application in inertial navigation possible. Since then, technology has progressed 

steadily. Among other things, single-board computers like the RaspberryPi were developed. Thus, a 

do-it-yourself (DIY) trend started. People could then build their own electronic or robotic systems. 
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As part of these systems, various low-cost sensors, including IMUs, were developed. However, 

large errors characterize these low-cost versions. The determination of systematic errors and 

accurate calibration are thus, important (cf. Artese and Trecroci, 2008). The optimal calibration 

scheme from Fang et al. (2013) can be used to reduce the errors. In addition, Pedley (2013) has 

described the procedure for the determination of tilt information. 

Aggarwal et al. (2008) conducted an investigation into thermal influence with a low-cost IMU. To 

determine the sensor parameter variations, they put the IMU on a turntable in a thermal chamber 

and took measurements in different temperature settings. They observed the variations with the 

Thermal Soak method in temperatures ranging from –25°C to +70°C. The result was that the drift 

of the accelerometer could change in the range of 1m (s²)-1, and the change could reach 5° s-1 for the 

gyroscope. More importantly, they figured out with the Thermal Ramp method that the MEMS 

sensors could not respond to quick temperature changes. They needed 1–2 hours to stabilize their 

temperature. Aggarwal et al. (2008) concluded that not considering the thermal variation could lead 

to large errors, because low-cost units use temperature sensors to reach a better repeatability rather 

than accuracy. 

Ahmad et al. (2013) also conducted a literature study of IMU applications. They mentioned, for 

example, the applications’ use in 3D map building and personal outdoor navigation. They also 

stated that other scientific applications could use such systems. Some examples they cited were 

exoskeletons for rehabilitation, skid-steered mobile robots, and measuring kinematics of 

baseball/softball. 

 

 Aims of the study 

The aim of this work is to show the complete context with all the steps necessary to work with an 

IMU for tilt sensing in a three-dimensional space. The paper gives an overview of the functioning 

of the MEMS IMUs. Its objectives are also to find out how efficient and accurate these low-cost 

sensors are and whether these can be applied to surveying engineering. To assess this, the measured 

tilts are compared with the reference values obtained from a total station. Different orientation 

positions are used for sensor calibration to make accuracy statements. In the end, the applications in 

the field of surveying are considered. Moreover, a short overview of applications in other scientific 

areas is given. 
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2.  Method 

The MPU-6050 from InvenSense, assembled on the GY-521 breakout board (cf. Arduino), was 

used as the sensor unit. To control the sensor, the single-board computer RaspberryPi was used. 

This sensor is one of the most commended in the field for robotic and electronic DIY applications. 

It includes an accelerometer and a gyroscope, each being of the three-axis type. The sensor unit is 

pre-calibrated and the manufacturer determines the accuracy of the raw data before delivery. This 

was further checked with other calibration methods and procedures. After the calibration, the tilts 

were derived from the raw data and their accuracy determined in comparison to a total station. To 

get better real-time solutions, the Kalman-Filter was used for data smoothing and sensor 

combination. 

 

 Sensor 

The MPU-6050 was initially released in November 2010 and the last Reversion 3.3 was released in 

May 2012. The sensor unit consists of two three-axis sensors. These are an accelerometer and a 

gyroscope. Furthermore, it has an embedded temperature sensor. In addition, it is possible to use 

direct inputs from a three-axis magnetometer sensor, and thereby provide a system with 9 DOF. To 

track motion in different velocities, it features user-programmable full-scale ranges. 

For the communication with the sensor, the I2C will be used. The I²C is a concept of Master-Slave-

Bus. One master device can initiate a communication with the connected ‘slaves’ over a fixed 

address. For this, the sensor is connected with cables to four contacts on the surface. The used 

contacts are the Voltage at the Common Collector (VCC), the Ground (GND), the Serial Clock Line 

(SCL), and the Serial Data Line (SDA). VCC and GND are to supply power to the sensor. SCL and 

SDA are the data lines for communication and the data stream. 

The manufacturer also delivers a product specification and a register map and descriptions. The 

product specification details all features and characteristics (cf. InvenSense, 2012). The register 

map and descriptions specify the data that the different registers provide and the constants for 

converting the raw information (cf. InvenSense, 2013). The main sensor information is listed in the 

following section. 
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Figure 1 GY-521 Breakout 
Board with a MPU6050 chip 

Retrieved (02/04/2016) from 
http://playground.arduino.cc/ 
Main/MPU-6050 

 Plus power supply voltage (VCC) range: 2.375 V–3.46 V 

 Gyroscope 

o Full-scale range: ±250° s-1, ±500° s-1, 

±1000° s-1 and ±2000° s-1  

o Tolerance: ±20° s-1 

o Data rate: 8000 Hz 

 Accelerometer 

o Full-scale range: ±2 g, ±4 g, ±8 g and ±16 g 

o Tolerance: 50 mg (X, Y axis); 80 mg (Z axis) 

o Data rate: 1000 Hz 

 Communication: 400 kHz (using I²C) 

 Integrated 16-bit ADCs, enable simultaneous sampling 

 Chip size: 4x4x0.9 mm 

 Breakout board size: 21x16x3 mm 

 

The chip can be based on a variety of breakout boards. For this research, the breakout Board GY-

521 was used (see figure 1). Breakout boards consist of different components and provide easy 

manipulation of the electronic components. They split individual contacts from the small chip in an 

integrated circuit. In the circuit, various resistors and capacitors are installed. These protect the 

actual chip from voltage fluctuations. 

 

2.1.1. MEMS structure 

The design of the sensors follows the MEMS, which includes mechanical or electro-mechanical 

components of a microscopic size. MEMSs differ in their frame size and structure. The structure 

size can range from a micrometre to much smaller units, composed of simple stationary elements as 

well as highly complex movable ones. Referring to that, not named researchers and developers have 

shown that MEMS technology can be used for almost all kinds of sensing sensors. (cf. MEMSnet)  
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Figure 2 L3G4200D gyroscope proof mass elements 

Retrieved (10/04/2016) from 
http://www.memsjournal.com/2011/01/motion-sensing-
in-the-iphone-4-mems-gyroscope.html 

To get an idea of the MEMS structure, see 

figure 2 and note the scale. It shows the 

gyroscope sensor of an Apple iPhone 4, which 

has the same size as the MPU-6050 sensor 

unit used.  

 

 

 

2.1.2. Accelerometer 

The accelerometer (ACC) uses a proof mass to detect the acting accelerations. In the case of 

MEMS, the construction is a movable proof mass mounted with springs in a fixed frame. The frame 

and the proof mass have a comb structure wherein the individual teeth interlock. At the teeth of the 

frame is a reference voltage (designated as C1 in figure 3). If the test mass moves, the output of the 

voltage (designated as C2 in figure 3) will change. This voltage change can be converted into 

acceleration in the unit [g] or [m (s²)-1] wherein 1g corresponds with 9.80665 m (s²)-1. 

A non-moving object is always 

under the influence of gravitational 

acceleration. Whereas a moving 

object is under the added influence 

of gravity, velocity changes, and 

centrifugal forces. Accelerometers 

can only detect the summary of all 

acting forces in different axes. To 

determine a specific force, the 

other components have to be 

known or eliminated. 

 

 

Figure 3 Functional sketch of an accelerometer 
Retrieved (10/04/2016) from http://howtomechatronics.com/how-it-works/ 
electrical-engineering/mems-accelerometer-gyrocope-magnetometer-
arduino/ 
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2.1.3. Gyroscope 

A gyroscope (GYRO) allows the detection of angular rates using a constantly moving proof mass in 

a particular direction. If an external angular rate acts on the proof mass, it will make a perpendicular 

movement to its original movement. This effect is known as the Coriolis Effect. 

As seen in figure 4, the structure and function are identical to that of an MEMS accelerometer. For 

this reason, there are also MEMS 

designs in which the acceleration and 

angular rates can be determined using 

the same proof mass. 

 

 

 Software 

The first step was to develop the programs to process and analyse the data. One program was 

necessary to control the sensor and collect raw data. Because of the resulting data volume, another 

program was written to evaluate the raw data and calculate the rotations. A third software was used 

to create different charts. 

To get uniform interfaces, the comma-separated values format (CSV) was used. This format was 

chosen because it has a simple text structure and does not need a large memory space. The CSV-

Files are constructed in a way that each data record is written in a separate line and refers to the 

structure shown in Appendix A. 

 

2.2.1. Sensor controlling 

The installed operating system on the RaspberryPi is Raspbian 3.18.7+ with extended settings for 

the I2C interface. The codes were written in the programming language Python 2.7.3. In the first 

step, codes were created to communicate with the sensor unit, to record the resulting raw data, 

including their time-stamp, and to transfer the records in a CSV-File. Later, a function for the 

Kalman Filter (KF) was added. It stored the generated results for the sensor combination in another 

CSV file. The basic code for the sensor communication was open-sourced and taken from Birkett 

(2013). It was examined with information from InvenSense (2013). Some functions—including 

Figure 4 Functional sketch of a gyroscope 
Retrieved (10/04/2016) from 
http://howtomechatronics.com/ how-it-works/ 
electrical-engineering/mems-accelerometer-
gyrocope-magnetometer-arduino/ 
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creating a time stamp, writing out the raw data file in CSV format, and the KF—had to be 

supplemented. 

 

2.2.2. Data conversion and analysis 

To calculate the rotation from the raw data, the ‘IMU data converter’ was developed in Microsoft 

Visual Studio 2015 in the programming language VB.net, on a Windows 10 (64 Bit) system. It 

allows analysis of raw data with different user settings. The user interface is shown in figure 5.  

While importing the raw data file, the data are tested on correctness, and the data converter provides 

a feedback for a number of measurements, 

measurement duration, and mean frequency. After 

the import, it allows the user to choose the sensor 

data that should be used. The possible 

combinations are only the accelerometer data or 

the gyroscope data or both. Additionally, the scale, 

bias and drift parameters have to be set for each 

axis. To facilitate this, the parameters can be 

loaded from a sensor configuration file. After that, 

the user can set different parameters, which are: 

 To create intervals (static) or steps 

(movements) with variable size 

 To detect and eliminate gross errors over 

hypothesis test (significance level 95%) 

 To choose units for rotation and standard 

deviations (RAD, DEG or GON) 

 To write log files (logging data averages 

with deviations) 

 

2.2.3. Evaluation and charts 

Microsoft Excel was used to form charts and interpret the data visually. A template chart for raw 

data, histograms, accuracies and rotations were created. For a new evaluation, the template was 

copied and the corresponding new data imported. Microsoft Excel also provided the opportunity to 

determine the best-fit function using data trend in the charts. This was used to obtain the bias and 

drift values. 

Figure 5 User interface of IMU data converter 
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 Measuring construction 

All measurements were performed in a precisely controlled 

climate laboratory. The preparations started a day before 

the measurements. The necessary equipment was placed in 

the room and the air-conditioner was turned on. The 

measurements started an hour after entered the room. The 

preparations ensured that the temperature was constant at 

20.0°C during the whole measurement time. The maximum 

temperature variance was ±0.4°C. For this study, a total 

station Leica MS50 was mounted on a tripod and used to 

align the IMU in known positions. The use of the 

compensator of the total station guaranteed that the 

levelling did not differ more than 0.0010°. Figure 6 shows 

all composite measurement equipment.  

To avoid measured value distortions through a heated chip, 

the sensor unit was removed from power for a few minutes 

before each measurement. Therefore, the chip could cool 

down and provide the same initial situation every time. The 

scale range settings of the sensor unit were ±2 g for the 

accelerometer and ±250° s-1 for the gyroscope. 

For investigation, the sensor unit was mounted on a lens hood in front of the objective of the total 

station. Thereby, the sensor unit could freely rotate around three axes. This allowed the sensor unit 

to be set in different positions. The orientations could adjust precisely with the horizontal and 

vertical circles from the total station. Moreover, the lens hood could fully rotate but adjustments of 

0°, 45° and 90° were sufficient. 

 

 Calibration 

‘The calibration of the IMU is the process of comparing the instruments’ outputs with known 

reference information and the determination of the coefficients in the output equation that agree 

with the reference information’ (Chatfield, 1997, cited by Artese & Trecroci, 2008). There are 

different extended methods to define calibration. These differ in the number of positions as well as 

in the respective sensor orientation. A calibration is necessary, because ‘[…] these sensors are 

characterized by much larger errors. The accurate calibration of the sensors is very important for the 

determination of the systematic errors […] of the axes’ (Artese & Trecroci, 2008). 

Figure 6 Measurement equipment 
 
Note: 
(1) Total Station (Leica MS50) 
(2) IMU 
(3) Lens hood 
(4) Cable connection 
(5) RaspberryPi 
 

1 

2 

5 

4 

3 
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The basic principle of the calibration is to align the sensor in different known positions and to 

analyse the variances. The optimal calibration scheme was taken from chapter 4.2 of Fang et al.’s 

study (2013). In addition, the error types are listed in table 2 and 3 of Woodman (2007): 

 Scale 

 Bias—constant shift 

 Calibration—axis alignment 

 Bias Instability—the shift change over the time, also called Drift 

 Temperature Effects 

 White Noise—sensor noise 

The result of each calibration method is the bias—a constant offset that may also include the axis 

alignment. Additionally, the drift represents the change with time. 

All calibration measurements were carried out over 10 minutes. After that, the descriptive output 

equation was represented with a function of the first degree for each axis and each orientation. In 

the function, the bias is represented as a member and the drift as a member of the first order. After 

correcting the bias with the reference value, the function parameters were averaged. With a known 

scale, bias, and drift, the values can be corrected in the equation. 

 

x =
x
s

− (d ∗ t + b) Eqn. 1 

 

 with: 

x  

x 

s 

d 

t  

b 

 

Corrected observation 

Raw observation 

Scale 

Drift 

Time since measurement started 

Bias 

 

The scale factor of the sensors could be found in the sensor descriptions (cf. InvenSense, 2013). 

These were considered directly in the control program, because these depend on the set full-scale 

range. Additionally, the ‘IMU data converter’ provided the possibility to handle the scale values. 

While long-term measurement was done for every position, the record could combine an average 

value with a known standard deviation. 
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x =  
∑ x

 Eqn. 2 

v =  x − x  Eqn. 3 

 =
 ∑ v

− 1
 Eqn. 4 

 =
 ∑ v
( − 1)

=  


√
 Eqn. 5 

 

 with: 

x  

 

x  

v 

 

  

 

Observation 

Number of observations 

Average 

Residuals 

Standard deviation 

Standard deviation of average 

 

2.4.1. Gross error detection 

With the calculation of averages and the standard deviation, it is also possible to detect gross errors. 

The detected errors can be removed to achieve enhanced accuracy. For this, the hypothesis test is 

applied. 

 

Null hypothesis 

Alternative hypothesis 

 H :  x = x 

H :  x ≠ x 

 

Based on the measurement time and the maximum possible frequency, the number of observations 

can always be assumed as infinite in the test, because after 5 seconds, there are already 1,000 or 

more observations. To detect gross errors, two different significance levels were chosen—95.0 % as 

the common value, which corresponds to 1.96 sigma, and 99.7% as an analogy to the three-sigma 

rule. Thus, the test statistics are as follows: 
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t =
x − x


≤ t , /  =
x − x


≤ t , . =
x − x


≤ 1.960 
 

 
Eqn. 6 

=
x − x


≤ t , . =
x − x


≤ 3.000 
 

Eqn. 7 

 

2.4.2. Six-position method 

The general description is realized in the six-position method (SPM) by using six different positions 

or sensor unit orientations. For each of the three axes, the sensor unit was alternately orientated in 

an up and down position perpendicular to a platform (cf. Titterton & Weston, 2004, cited by Artese 

& Trecroci, 2008). The orientations and the reference value for the respective axis of the 

accelerometer are shown in table 1. Since the sensor does not move for the entire measurement 

time, the gyroscope reference values can set to 0° s-1. 

 

Table 1 Positions and accelerometer reference values from SPM 

Position 1 Position 3 Position 5 

 
  

X Y Z X Y Z X Y Z 

1 0 0 0 1 0 0 0 1 

Position 2 Position 4 Position 6 

 
 

 

X Y Z X Y Z X Y Z 

-1 0 0 0 -1 0 0 0 -1 

 

2.4.3. Multi-position method 

The multi-position method (MPM) is an advanced method developed by Fang et al. in 2013. They 

based their method on the number of redundant parameters. The sensor unit has 12 unknown 

parameters. These are the bias and drift parameters for each of the three axes of both sensors. 

Therefore, 12 different equations are required to solve the system. For each equation, at least one 

IMU position is necessary, which causes duplicate positions. After the elimination of the duplicate 

positions, nine positions remained, which were used for the calibration. 
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The reference value for the two axes of the accelerometer, which do not lie horizontal, corresponds 

to √2/2 g (cf. table 2). The gyroscope reference values can set again to 0° s-1, as in the SPM. 

While dealing with the additional positions, this method was used to check the results from the 

SPM. This is possible as there is a larger redundancy. However, this also means a greater work 

effort. Therefore, a feedback can be given if the grater work is worthwhile. 

 

Table 2 Additional position and accelerometer reference values of MPM 

Position 7 Position 8 Position 9 

   

X Y Z X Y Z X Y Z 

0 √2/2 √2/2 √2/2 0 √2/2 √2/2 √2/2 0 

 

 Tilt determination 

Until now, the operation of the system was known. Moreover, the calibration was completed and 

the output values were corrected. Now, the rotations around the axis or rather, the orientation of the 

sensor unit must be calculated from the output values. Therefore, the rotations for the individual 

systems have to be derived from the raw data. The rotations are designated as roll (), pitch () and 

yaw (). This means the rotation around the x, y and z axes respectively. All equations provide the 

result in radian. 

 

2.5.1. Accelerometer 

As mentioned before, an accelerometer measures the total of all acting accelerations. To get a more 

accurate statement of the rotations, the system has to be in a non-moving position. This ensures that 

the data are not falsified because of accelerations or centrifugal forces. In addition, the measured 

values have to be calibrated to ensure that there are no differences. The rotations can be derived 

from these data. 

If the accelerometer works in a multidimensional space, the acting forces can be visualized through 

a vector. The vector represents the acting direction around the individual axis components. If two 

vectors are disposed, the difference between the acting directions can be used to determine the 

resulting absolute rotations around each axis. This is done with the help of trigonometry functions. 

The calibration automatically generated one vector, which was represented by the reference bias 

value for each axis. This reference vector is normally orientated in a right-handed coordinate 
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system. Hence, the x- and y-axes are in the horizontal plane and the z-axis is pointing in the 

opposite direction of gravitational force. The other vector consists of momently acting forces. The 

required formula, gleaned from equations 25 and 26 of Pedley (2013), is: 

 

  =  arctan
Y  
Z  

 Eqn. 8 

 =  arctan
−X

Y + Z
 

Eqn. 9 

 

 

 with: 

  

  

X  

Y  

Z  

 

Accelerometer roll 

Accelerometer pitch 

Accelerometer x-axis output observation 

Accelerometer y-axis output observation 

Accelerometer z-axis output observation 

 

The standard deviation can be determined with partial derivatives and variance propagation. 

Assuming that there is no correlation between the values, the necessary formulae for the roll are: 

 

∂
∂Y  

=
Z  

Y + Z
 Eqn. 10 

∂
∂Z  

=
−Y  

Z + Y
 Eqn. 11 

 =
∂

∂Y  
∗   +

∂
∂Z  

∗    Eqn. 12 

 with:  

 ∂
∂[… ] 

 Partial derivative for value […] 

 [… ] Standard deviation for value […] 
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 For the pitch, the base equation is first treated separately for the denominator. 

 =  arctan
−X

D
 Eqn. 13 

          with:                               D =  Y + Z  Eqn. 14 

∂D
∂Y

=
Y

Y  + Z  
 Eqn. 15 

∂D
∂Z

=
Z

Y  + Z  
 Eqn. 16 

 =
∂D

∂Y
∗  +

∂D
∂Z

∗   Eqn. 17 

∂
∂X

=
−D

X + D
 Eqn. 18 

∂
∂D

=
D

X + D
 Eqn. 19 

 =
∂

∂XACC
∗ XACC +

∂
∂D 

∗  2 Eqn. 20 

By including Eqn. 17 into Eqn. 20, it can concluded that: 

 =
∂

∂X
∗  +

∂
∂D 

∗
∂D

∂Y  
∗   +

∂D
∂Z  

∗    
Eqn. 21 

In summary, the advantage of an accelerometer is the absolute rotation with respect to a reference 

value. The disadvantage is the accuracy, which increases only with a combination of several 

measurements. Therefore, to get no distortion in the rotation averages, the orientation must be 

identical for an extended period. A further disadvantage is that no yaw rotation is available. 

 

2.5.2. Gyroscope 

In contrast to the accelerometer, the gyroscope provides a relative rotation. It only detects the 

angular velocity. The velocity has a positive value if the sensor turns clockwise around an axis. 

Because of bias and drift, the data has to be calibrated before the rotations can be determined. 
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Angular velocity means a change in rotation over time. To get an absolute rotation, an external 

source has to initialize the gyroscope rotation. After that, all variations have to be multiplied by the 

time difference since the last measurement, and added to the last rotation to get the orientation at 

any point of time. To bring it in agreement with the accelerometer, which records the rotations in 

radiant (cf. Eqn. 8 and 9), the gyroscope output has to be first converted from [° ] into 

[  ]. To compare the resulting rotations with the accelerometer results, the valid range is 

set from –  to + . 

 

 =  + X ∗ t  Eqn. 22 

 =   + Y ∗ t  Eqn. 23 

 =   + Z ∗ t  Eqn. 24 

 

 

 

with: 

  

  

X  

  

  

Y  

  

  

Z  

t  

 

Gyroscope roll 

Last gyroscope roll 

Gyroscope x-axis output observation 

Gyroscope pitch 

Last gyroscope pitch 

Gyroscope y-axis output observation 

Gyroscope yaw 

Last gyroscope yaw 

Gyroscope z-axis output observation 

Time since last measurement 

 

The individual standard deviations are also determined with variance propagation. The formulae for 

the rotation are alike. Therefore, only the formulae for the roll are shown below: 

 

∂
∂

= 1 Eqn. 25 

∂
∂X

= t  Eqn. 26 
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∂
∂t

= X  Eqn. 27 

 =
∂

∂
∗  +

∂
∂X

∗  2 +
∂

∂t
 ∗   Eqn. 28 

Eqn. 28 with time difference as constant ( = 0) 

 =
∂

∂
∗  +

∂
∂X

∗   
Eqn. 29 

 

The gyroscope data have two main disadvantages. The first one is relative rotation: the initial 

rotations must be pre-determined and known through the relative rotation. The second one is the 

normal characteristic drift of the values. That is, accuracy continuously decreases over the 

measurement time. The important advantage of the gyroscope is that it also provides a rotation 

solution to moving phases. 

 

 Kalman Filter 

The rotations were determined by combining the records. Thereby, respective average values could 

be determined, which helped increase accuracy. This was done after processing. In this chapter, the 

possibility of real-time processing using the KF will be explained. ‘The Kalman filter is a set of 

mathematical equations that provides an efficient computational (recursive) means to estimate the 

state of a process, in a way that minimizes the mean of the squared error. The filter is very powerful 

in several aspects: it supports estimations of past, present, and even future states, and it can do so 

even when the precise nature of the modeled system is unknown’ (Welch & Bishop, 2006).  

The previously mentioned 

characteristics are the 

reason why the KF has a 

big role to play in the field 

of IMUs. Because of its 

special structure as an 

iterative mathematical 

process, it is used in many 

Figure 7 A complete picture of the operation of the Kalman Filter 
(After Welch and Bishop, 2006, figure 1-2) 
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real-time applications. During data recovery, it allows a quick estimate of the narrow true value. 

Moreover, the filter allows the combination of different signals to get a result based on the positive 

features of each signal. KF helps establish a weighted estimate and provides a smoothed output. 

The KF works in two main operations—the time and measurement updates (see figure 7). For the 

filter, the measurements’ error size must be known. Moreover, an inertial estimate and their errors 

must be given. The better the inertial values chosen, the faster the KF can provide a good estimate. 

The following equations are valid on n-dimensional systems. The variable designations, taken from 

Welch and Bishop (2006), follow the equations in figure 7. 

The original KF equation contains three matrices for control and noise. The first is the state noise 

matrix , which has already been adopted as zero (cf. Welch & Bishop, 2006). The second is the 

control variable matrix , which corrects the future estimate of acting forces over time. Since 

there are no influencing acting forces, this can also be assumed to be zero. The last is the process 

noise covariance , which allows the addition of the noise factors to the error covariance matrix. 

For the sake of simplicity, this matrix is also set to zero in this study. 

 
Time Update 

Project the state ahead 

= ∗ + ∗ +  

with predicted state noise matrix 

( = [0]) 

= ∗ + ∗  

with control variable matrix  

( = [0]) 

= ∗  Eqn. 30 

Project the error covariance ahead 

= ∗ ∗ +  

with process noise covariance 

( = [0]) 

= ∗ ∗  Eqn. 31 

 

 

 

 

Measurement Update 

Compute the Kalman Gain 

=
∗

∗ ∗ +
 

where H is an identity matrix 

( = ) 

=
+

 
Eqn. 32 

Update estimate with measurement 

= + ∗ ( − ∗ ) 

where H is an identity matrix 

( = ) 

= + ∗ ( − ) Eqn. 33 

Update the error covariance 

= ( − ∗ ) ∗   

where H is an identity matrix 

( = ) 

= ( − ) ∗   Eqn. 34 
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 with: 

 

 

 

 

 

 

 

 

Predict estimate 

Update matrix 

Formatting matrix 

Control variable matrix 

Predicted state noise 

matrix 

Predict estimate errors 

Process noise covariance 

  

 

 

 

 

 

 

 

 

Kalman Gain 

Formatting matrix 

Measurement errors 

Correct estimate 

Input values 

Correct estimate errors 

Identity matrix 

 

In the time update operation, a future state estimated (cf. Eqn. 30) with the associated error (cf. Eqn. 

31) is determined first. It is performed with inertial values in the first pass, and with the past 

estimate of the date before for all the following passes. The other operation is the measurement 

update to get the present estimate. The first step here is the determination of the Kalman Gain (cf. 

Eqn. 32). The Kalman Gain is a number between zero and one, and constitutes a factor that 

indicates the extent to which the new data can be trusted compared with the old estimate. In the next 

step, the estimate is updated with the measurement (cf. Eqn. 33). For this, the difference between 

the last estimate and the new data is weighted with the Kalman Gain and added to the old estimate. 

Lastly, the error of the estimate is updated (cf. Eqn. 34).  

 

2.6.1. Data smoothing 

The KF can also be used only to smooth out incoming data in a one-dimensional case. This data can 

be the output of a sensor axis or the resulting rotation around an axis. In this case, the time update 

process is not required and equations 30 and 31 can be neglected. The other equations change in this 

way. 

 with =   

=
+

 
Eqn. 35 

 = + ∗ ( − ) Eqn. 36 

 = ( − ) ∗  Eqn. 37 
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Moreover, it is possible to simultaneously smooth out the rotations that are provided through a 

single sensor. In the case of the accelerometer, the matrices have to be created for a four-

dimensional system. There are two rotations and their variations. Since the gyroscope provides a 

solution for three rotations and their variation, the matrices have to be designed a six-dimensional 

system. The resulting matrices refer to equations 30 to 34 and are listed in Appendix B. 

 

2.6.2. Sensor combination 

The advantages and disadvantages of the two sensor types in tilt sensing have been explained in 

chapter 2.5.1 and 2.5.2. While comparing their characteristics regarding accuracy, one difference 

became evident. While the accelerometer gets a better accuracy over a longer period, the gyroscope 

does not. This is why the sensors are mostly used together and their data are combined. 

When a measurement begins, the accelerometer can directly provide the orientation of the 

initializations. During the measurement, it must be switched constantly between the sensor types. In 

a longer, non-moving phase, the accelerometer orientation has to be used. These orientations are 

independent of the past orientations. If the object starts moving, the accelerometer records less 

accuracy because of the influence of the accelerations. At this moment, the gyroscope takes over. It 

provides the orientation with change until the next non-moving phase. Hence, the gyroscope is 

initialized with the last precise accelerometer solution. The KF makes this constant exchange 

between the sensor types possible. This also creates a six-dimensional system in which, except for 

the measurement input vector, the matrices are similar to the gyroscope (cf. Appendix B). 

A disadvantage of the sensor combination is directly evident in the input value matrix. Since the 

accelerometer provides no yaw rotation, it has to be set to zero. Moreover, the associated error  

value must be located very high in the measurement error matrix. 

 

 Accuracy 

The accuracy of the IMU was determined in comparison to the reference information provided by a 

total station. The graduated disks of the total station made it possible to place the IMU in different 

accurate alignments. Thereby, the measurements were repeated, and different accuracy statements 

could be made. At first, the internal accuracy represented the match of similar repeated 

measurements. Secondly, external accuracy, as the target-actual difference, was in contrast to the 

reference information of the total station. Before the analyses were done, the values were corrected. 

For the correction, the results of the MPM were used. 
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2.7.1. Accelerometer 

To determine the accuracy of the accelerometer, the sensor was orientated in different reference 

inclinations around each axis. Some inclinations were provided by the calibration measurement in 

the positions 2, 4, 5 (cf. table 1) 7 and 8 (cf. table 2). In these cases, the inclination should be 0°, 

45° or 90°. Additional measurements were done for the inclinations 22.5°, 67.5° and 112.5°. 

Because of the mounting of the sensor unit, orientating with a rotation of more than 112.5° was not 

possible. 

 

2.7.2. Gyroscope 

To determine the accuracy of the gyroscope, a target rotation was done. The target search program 

of the total station was used for that. When the target search starts, the total station turns 

anticlockwise a little and stops for a moment. Then it starts turning clockwise as long as it finds no 

target. If it finds no target, the instrument stops after rotating more than 360°. Finally, it performs 

another anticlockwise rotation to return to the initial orientation. Figure 8 gives an example of the 

resulting angular velocity and the orientation. 

 

 

Figure 8 Orientation while performing a target search 
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3.  Results 

 Sensor controlling software 

The resulting file size corresponds to 1 MB per minute of data recording. The potential sampling 

rate of the sensor was specified at 1000 or 8000 Hz (cf. InvenSense, 2012). In contrast, the program 

at first provided a maximum sampling rate of only around 130 Hz. The measurements were done at 

this frequency. After that, the program could be improved. It then gained a frequency of around 200 

Hz. The reason for the difference in the sampling rate is technical limits. The functions of the 

operating system from the RaspberryPi did not allow a better performance. Moreover, small 

weaknesses remained in the exact adjustment of the frequency. However, the time difference 

between the measurements was constant. 

 

 Sensor characteristics 

While working with the MPU-6050, it emerged that the accelerometer’s axis has an individual 

pattern. This pattern was detected while comparing the histograms. As figure 9 shows, there is 

always a small local maximum at a constant distance to the main maximum. Its width from the 

normal distribution is large. Thereby, the maximal frequency lies between 6% and 9%. In contrast 

to the accelerometer, the gyroscope shows more homogeneity with a smaller standard deviation. 

The frequency is around 18% to 22%. Only the y-axis shows a local maximum (cf. figure 10). 

 
Figure 9 Histogram of accelerometer axes 

 
Figure 10 Histogram of gyroscope axes 
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The noise value for each axis in every position is similarly constant with more or less runaways. 

The maximum noise amount of the accelerometer is around ±0.03 g. The gyroscope, on the other 

hand, has a noise amount of around ±0.5° s-1, with the exception of the y-axis where the noise 

amount is around ±2.0° s-1. The output charts (cf. Appendix C) show a representative signal 

extending for each axis over the measurement time. 

 

 Calibration 

Because of the little weaknesses in the controlling software, the individual measurement series had 

slightly varying numbers of measured values in the same period. Because of this, the average was 

calculated as the weighted average of the number of measurements. 

 

3.3.1. Gross error 

With the application of the hypotheses test, the frequency of gross error from the sensor unit was 

determined. Table 3 shows that more than 20% of the observation was removed with a significant 

level of 95.0 %, which is quite large. The sensor noise can be assumed to be the reason behind this. 

Therefore, this observation cannot be assumed as an error. Based on this data, the use of the 

significant level of 99.7% is recommended. 

 

Table 3 Gross error frequency of the sensor unit 

 
Accelerometer Gyroscope 

Significant 
level 95.0 % 

Significant 
level 99.7% 

Significant 
level 95.0 % 

Significant 
level 99.7% 

X 34.36 % 2.08 % 21.29 % 0.31 % 
Y 25.72 % 2.66 % 27.53 % 5.75 % 
Z 35.18 % 2.25 % 21.88 % 0.32 % 

 

3.3.2. Temperature 

The data, which the embedded temperature sensor provided, was also recorded during the 

measurements. These only showed values in 1°C steps, with an average of 21.7°C. It was 

conspicuous that the decimal place always showed the number 53. Hence, it seemed that the 

temperature records were not trustable and therefore, were not used further. 
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3.3.3. Six-position method 

A large amount was expected as the drift parameter. However, the calibration showed a small drift. 

The low slope angle of the trend lines in the axis outputs shows this (cf. Appendix C). This can be 

attributed to a good manufacturer pre-calibration. Therefore, no major error occurs over a longer 

runtime. Compared with that, the bias is not so clear. In the case of the accelerometer, those have 

about the same amount, whereas the gyroscope biases are completely different. The largest amount 

shows the x-axis while the orientation in which the axis was mounted does not matter. The 

manufacturer’s calibration shows weaknesses in the bias. All detailed calibration results are listed in 

table 4 and 5 for the individual sensors. 

 

Table 4 Calibration parameter of the accelerometer with 
SPM 

Accelero-
meter 

Drift 
[g s-1] 

Bias 
[g] 

X 0.385942 × 10-6 0.020122 
Y 0.276678 × 10-6 -0.014070 
Z -3.609631 × 10-6 -0.040721 

 
 

Table 5 Calibration parameter of the gyroscope with 
SPM 
 

Gyroscope 
Drift 

[° (s²)-1] 
Bias 
[° s-1] 

X -1.256293 × 10-5 -4.398652 
Y -3.361905 × 10-5 0.183930 
Z 3.308055 × 10-5 1.144683 

3.3.4. Multi-position method 

The outcome parameters of the MPM (cf. table 6 and 7) are similar to the results of the SPM. The 

differences can stem from small orientation adjustment differences, because this was done manually 

by adjusting the screws of the graduated circle. Thus, it can be stated that the greater work effort is 

not profitable in this case. Since the redundancy is higher in the MPM, these results will be used for 

further processes. 

 

Table 6 Calibration parameter of the accelerometer with 
MPM 

Accelero-
meter 

Drift 
[g s-1] 

Bias 
[g] 

X 0.876270 × 10-6 0.019058 
Y 0.179727 × 10-6 -0.009826 
Z -3.008010 × 10-6 -0.042060 

 
 

Table 7 Calibration parameter of the gyroscope with 
MPM 

Gyroscope 
Drift 

[° (s²)-1] 
Bias 
[° s-1] 

X -0.720751 × 10-5 -4.398559 
Y -2.467702 × 10-5 0.181042 
Z 3.368071 × 10-5 1.146594 
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 Kalman Filter 

3.4.1. Data smoothing 

Figure 11 shows the evolution of the KF estimate 

in a case of smoothing. It is presented in 

comparison with the mean values of all data. The 

figure shows the data from an accelerometer axis 

in a non-moving situation. The axis is aligned 

horizontally. After about 20 measurements, the 

KF can provide an estimate that is close to the 

total average of 100 measurements, depending on 

the set error values.  

 

3.4.2. Sensor combination 

The mentioned rotation change can also be seen in figure 12. It shows the different rotation results 

while alternating between moving and non-moving phases. The rotations originate from the 

accelerometer and the gyroscope sensor in 

comparison with the combined rotation from the 

KF. The combined sensor rotation estimation 

changes similar to the gyroscope rotation. At the 

beginning of a non-moving phase, the 

accelerometer result is noisy. The KF does not 

consider this effect until it reaches the non-

moving phase, when the combined estimation 

approaches the accelerometer data. 

 

 Accuracy 

3.5.1. Accelerometer 

To compare the results under the same conditions, the measurements were reduced to the smallest 

number of values that one of them recorded. That means, in this case, each orientation was formed 

out of 15,711 individual records. This number corresponds to a measurement time of 2 minutes. 

Additional measurements were done twice whereas the calibration measurements provided four 

solutions. Thus, the calibration measurements were used with a double weight in the calculations. 

Figure 11 Kalman Filter results of data smoothing 

Figure 12 Kalman Filter result of combined sensor data 
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Table 8 Accuracy report of the accelerometer roll 

Target [°] 
Actual 

average [°] 

Max. 
amount 
internal 
diff. [°] 

Target-
actual 
diff. [°] 

  
[°] 

  
[°] 

  
[°] 

  
[°] 

0.000 0.363 0.018 -0.363 0.014 0.420 0.007 0.013 
22.500 22.925 0.004 0.425 0.006 0.601 0.004 0.019 
45.000 45.068 0.013 -0.068 0.011 0.080 0.006 0.022 
67.500 67.822 0.001 -0.322 0.001 0.455 0.001 0.019 
90.000 90.437 0.024 -0.437 0.017 0.505 0.009 0.003 

112.500 113.298 0.012 -0.798 0.017 1.128 0.012 0.032 
   average: 0.012 0.466 0.007 0.016 

 

Table 9 Accuracy report of the accelerometer pitch 
Note: Values marked in grey are measurement errors or dependent values. The resulting average does not include these 
values. 

Target [°] 
Actual 

average [°] 

Max. 
amount 
internal 
diff. [°] 

Target-
actual 
diff. [°] 

  
[°] 

  
[°] 

  
[°] 

  
[°] 

0.000 1.625 0.033 -1.625 0.002 10.558 0.210 0.938 
22.500 22.302 0.003 0.198 0.001 0.079 0.425 0.199 
45.000 45.719 0.026 -0.719 0.006 2.076 0.040 0.416 
67.500 66.703 0.001 0.797 0.001 1.271 0.322 0.797 
90.000 88.900 0.009 1.100 0.000 4.843 0.253 0.635 

112.500 111.661 0.020 0.839 0.002 1.409 0.798 0.839 
   average: 0.002 1.209 0.283 0.563 

 

For the roll, the investigation shows a maximum internal difference of 0.024° and an external 

difference of 0.798° (cf. table 8). Moreover, the standard deviation lies on average around 0.012° 

for internal and 0.466° for external (cf. table 8). The pitch orientation shows an error through large 

differences at the 0° and 90° orientations (cf. table 9). These falsified the standard derivation and 

thus, were excluded. The errors had to be accepted because a measurement repetition was 

impossible. Altogether, the accelerometer provides an external accuracy around 1° and an internal 

accuracy of around 2°.  

 

3.5.2. Gyroscope 

The reference rotation as precise full turn, explained in chapter 2.7.2., was done three times for each 

axis. It was not possible to begin the rotation and start collecting the data at the same time. 

Therefore, the accuracy values in table 10 rather show their size and are not an accurate statement. 
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The results in table 10 show that just like the accelerometer, the internal accuracy for the gyroscope, 

too, is much better than the external one. The biggest internal difference shows the pitch orientation 

of 0.5°. In case of the external difference, the yaw is the worst with a difference of -4.3°. In 

contrast, the internal standard deviations of the yaw show the smallest difference. 

 

Table 10 Accuracy report of the gyroscope orientations 

 

Max. 
amount 
internal 
diff. [°] 

Target-
actual 
diff. [°] 

  
[°] 

  
[°] 

  
[°] 

  
[°] 

Roll 0.2 -0.8 0.2 1.0 0.1 0.6 
Pitch 0.5 2.2 0.5 2.7 0.3 1.6 
Yaw 0.1 -4.3 0.1 5.2 0.0 3.0 

 

 Application area 

The application of IMUs can relate to everything where tilts have to be determined. In addition, 

these systems also allow a position determination. In all applications, IMU can monitor the desired 

parameter in a three-dimensional system. In the case of tilt sensing, possible application areas could 

be: 

 orientation monitoring of sensor platforms 

 determining the external orientation of UAS for aerial photography 

 horizontal orientation of a tribrach 

 alignment of instruments with the help of a gimbal. 
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4.  Discussion 

The developed programs worked well for the sensor investigations in this work. If the user 

purposefully arranges the settings for a number of combined datasets, the program will allow fast 

analyses estimations. This is especially true for the gross-error-detection setting combined with 

small interval steps. The filtering out of gross errors is an iterative process. If this has to be done 

several times during an analysis, the program runtime increases exponentially. As a control unit for 

the sensor, the RaspberryPi is oversized for this task. For a higher frequency, one has to consider 

using an Arduino, which is another single board computer. The Arduino can only run one loaded 

program, but that is enough for this application. 

The sensor calibrations show that the manufacturer’s pre-calibration provides good solutions to the 

drift. In the case of the bias, the large differences show that a renewed calibration must be done. 

The sensors’ axes have their own characteristics, including the local maximums and the noise range. 

Therefore, the use of a hypothesis test is advisable to neglect the local maxima as well as to protect 

the data from the sensor noise. However, the disadvantages and advantages differ in the case of the 

accuracy change; so, the use of both together could be quite beneficial. The investigation shows that 

the accelerometer records a difference of up to 0.798° in the reference orientation from that given 

by the total station. In the case of the gyroscope, the largest difference shows the z-axis with 4.3°. 

In comparison, the internal accuracy of the accelerometer is 0.024° while it is 0.5° for the 

gyroscope. For this difference, an indication could be that the calibration parameters were not 

determined accurately enough. Another possible reason could be that this adjustment was not done 

accurately enough because they were not changed between repeated measurements. Another reason 

could be that the sensors optimize the repeatability instead of the accuracy, which Aggarwal et al. 

(2008) figured out in their investigation. The temperature influence investigated by Aggarwal et al. 

(2008) was not directly an exclusion criterion for the implementation of low-cost IMUs, but an 

important factor that must be considered. In a precisely controlled climate laboratory, a calibration 

can eliminate the effect. However, most surveying engineering applications are used outdoors and 

in different ambient temperatures. In these cases, the equation coefficients of the thermal influence 

must be known precisely and have to be considered.  

It is evident that IMUs have both a general application area and one in surveying engineering. 

However, a higher accuracy is required for the latter. Therefore, sensors that are more precise have 

to be found. However, there is also a demand for the application of low-cost versions. These have 

many applications in scientific fields where accuracy is not the focus. An example is the modelling 

of the ocean wave surface (cf. Portell, 2013). 
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5.  Conclusion 

The chosen low-cost MEMS IMU is too inaccurate for surveying engineering applications and 

therefore, it is not recommended. The sensor worked without dropouts during the investigation. 

Hence, it can be recommended for applications where a high degree of accuracy is not essential. Its 

usage could, however, make sense because of its low cost. 

The results showed that calibration is important and cannot be avoided. In addition, it has to be 

checked regularly because errors or falsification in the raw data can lead to large errors in the result. 

If the calibration parameters are determined, an initialization phase can help detect local variations. 

This phase should be carried out by aligning the sensors in known orientations before conducting 

the actual measurement. Moreover, the KF is recommended for the use of IMUs. That way, the 

different sensor characteristics can be combined well. The difference between the internal and 

external accuracy may stem from the fact that the sensors try to optimize the repeatability instead of 

providing higher accuracy. In this case, the embedded temperature sensor must also be calibrated, 

or an external temperature sensor must be used. 

There are many applications of IMUs, but so far, it has not been used widely. This should change 

because IMUs can provide inertial estimations of systems in which they are independent of external 

references. 
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6.  Future Work 

Because of the large number of available sensors, the different models can be examined and a 

suitable one found for surveying applications. How the sensors of a type series differ from each 

other can also be investigated. In addition, it is advisable to add a magnetometer to the system. It 

can provide an absolute yaw rotation in relation to the magnetic north, which the accelerometer 

cannot. For surveying application, the sensors must be calibrated with regard to the temperature 

influence. If the systems have better accuracy, they can also be used autonomously. On the fact, that 

the system does not have to be expanded to determine three-dimensional positions instead of only 

tilts, further investigations can be carried out into these applications. 
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Appendix A: File structure 

 Specified data sequence for one record in the raw data file 

 

 

 with: 

i 

T 

dT 

TMP’ 

Xacc, Yacc, Zacc 

Xgyro, Ygyro, Zgyro 

 

Number of records, starting with one 

Timestamp [hh:mm:ss,000000] 

Time difference since start of measurement [hh:mm:ss,000000] 

Temperature [°C] 

Acceleration values of each axis [g] 

Gyroscope values of each axis [° s-1] 

 

 Specified data sequence for one Kalman Filter data file 

 

 

 with: 

i 

T 

Roll, Pitch, Yaw 

RollVelo, PitchVelo, YawVelo 

 

Number of records, starting with zero 

Timestamp [hh:mm:ss,000000] 

Orientation values of each axis [°] 

Orientation velocity values of each axis [° s-1] 

 

 Sensor configuration file 

 

 

 with: 

first row accelerometer values, order: scale, bias, drift (for axis x, y and z) 

second row gyroscope values, order: scale, bias, drift (for axis x, y and z) 

 



 Tilt sensing with low-cost inertial measurement units (IMUs) 

33 

 Specified data sequence of log file 

 

 

 with: 

n 

T 

dT 

 

TMP’ 

X’, Y’ Z’ 

sdX’, sdY’, sdZ’ 

 

Number of combined records 

Timestamp of first record [hh:mm:ss,000000] 

Time difference between last record and start of measurement 

[hh:mm:ss,000000] 

Average of Temperature [°C] 

Averages for each Axis and Sensor [g] or [° s-1] 

Standard deviation for each average [g] or [° s-1] 

 

 Specified data sequence of gross error log file 

 

 

 with: 

n 

X, Y, Z 

 

Number of combined records 

Number of gross errors [%] 

 

 Specified data sequence of result file 

 

 

 with: 

n 

T 

TMP’ 

XR, YR, ZR 

sdXR, sdYR, sdZR 

 

Number of combined records 

Timestamp of first record [hh:mm:ss,000000] 

Average of Temperature [°C] 

Rotation for each axis and sensor [RAD, DEC or GON] 

Standard deviation for each rotation and each axis [RAD, DEC or GON] 
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Appendix B: Kalman Filter matrices 

 Accelerometer Gyroscope 

estimates =






 =








 

estimate 

errors 
=

 0


 0
0 

sym.
 0



 =

 0 0
 0



 0 0
0  0
0 0 

sym.

 0 0

 0



 

measurement 

errors 
=

 0


 0
0 

sym.
 0



 =

  0 0
 0



 0 0
0  0
0 0 

sym.
 0 0

 0


 

update 

matrix 
=

1 0
0 1

∆t 0
0 ∆t

0 0
0 0

1 0
0 1

 =

1 0 0
1 0

1

∆t 0 0
0 ∆t 0
0 0 ∆t

0

1 0 0
1 0

1

 

Kalman 

Gain 
=

K 0
K

K 0
0 K

sym.
K 0

K

 =

K 0 0
K 0

K

K 0 0
0 K 0
0 0 K

sym.
K   0 0

K 0
   K
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Input values =






=




 −
∆t

 − 
∆t

 =








=

 +
X

∗ ∆t

 +
Y

∗ ∆t

 +
Z

∗ ∆t

X

Y

Z

 

 combination  

Input values =








=




0
X

ϱ
Y

ϱ
Z

ϱ

  

 

 with: 

,, 

 

Rotation estimate (Roll, Pitch, Yaw) 

 ,, Velocity estimate (Roll, Pitch, Yaw) 

 ,, Rotation input 

 ,, Velocity input 

 [… ] Error value from […] 

 [… ][… ] Correlation between […] and […] 

 ∆t Time difference between inputs 

 K[… ] Kalman Gain from […] 

  Roh (= 180/ ) 

 Indices: 

[… ]  

 

Current statement from […] 

 [… ]  Last statement from […] 
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Appendix C: Sensor output charts 

 
 
Note: The red line represents the trend line of the output data 




