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SUMMARY

Through the digitalization of the construction sector, more and more robots are being used on
the construction site. The construction site is normally unstructured, and the positioning of the
robot (incl. position, velocity, and orientation) is essential (e.g., for safety). In the context of
existing buildings, construction sites are typically indoor, and the Robotic Total Station (RTS)
can be used for precise localization of the robots. However, the RTS could not measure when
the Line of Sight (LoS) to the target is lost. In this paper, the methods of integrating the RTS,
odometer and IMU data using the Error State Extended Kalman Filter (ES-EKF) were
introduced. The ES-EKF is running in real-time on an indoor robot; measurements were carried
out to evaluate the accuracy and also the robustness of the ES-EKF in the absence of RTS and
odometer data.

The position difference between the ES-EKF and the laser tracker is about 0.31cm and the
standard deviation of the difference is 0.3cm. In our test, the results of the ES-EKF will drift
immediately if neither the RTS nor the odometer data is available. If only the RTS
measurement, e.g. in case of losing the LoS, is not available, the odometer could still be used
to correct the drift of the IMU for a short time.
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1. INTRODUCTION

The worker shortage in the construction sector keeps increasing. In 2021, 33.5 % of German building
construction companies and 37.9 % of German civil engineering companies had difficulties hiring new
workers IFO (2021). In 2022, the U.S. registered a shortage of 430,000 construction-industry workers
Katara (2022). Nevertheless, the construction sector remains one of the least digitized sectors
worldwide Barbosa et al. (2017). In this context, the stagnating productivity of the construction sector
can be increased through digitization and automation Knippers et al. (2021).

The vision of the Cluster of Excellence Integrative Computational Design and Construction for
Architecture (IntCDC) at the University of Stuttgart and the Max Planck Institute for Intelligent
Systems is to harness the full potential of digital technologies to automate the whole construction
process and reduce human labour. That is realized through “co-designing” methods, processes, and
systems based on interdisciplinary research encompassing architecture, structural engineering,
building physics, engineering geodesy, manufacturing and systems engineering, computer science and
robotics, and humanities and social sciences (IntCDC, 2018).

Recently, advances in technology have enabled more automation in the building process, especially
on-site construction (Meyer, 2003). Gassel et al. (2003) used robotic technology for assembling wall
panels. Lauer et al. (2023) realized the on-site assembly of timber components for a biomimetic shell,
which was successfully completed within the cluster of IntCDC.

Additionally, some efforts have been directed to the interior construction tasks, e.g. finishing tasks of
surface structures for ceilings, floors and walls (Warszawski & Navon 1986, Vihi et al. 2013, Brosque
et al. 2020). For instance, in Sorour et al. (2011), a roller-based autonomous robot for painting the
interior walls of buildings was introduced.

However, in the context of existing buildings, the vision of autonomous robotic systems is still far
away, given the unstructured environment and the variety of different scenarios. The further
densification of urban structures in the developed world is a central task to meet the enormous demand
for inner-city living, minimize the need for additional transport infrastructure, and reduce
environmental pollution and land consumption (Knippers et al. 2021). In Germany alone, vertical
expansion of the urban building stock could realize an additional 1.5 million housing units, saving the
equivalent of up to 250 million square meters of undeveloped land (Tichelmann et al. 2016), which is
crucial to the government's goal of halving land consumption by 2030 (BMUB, 2017).

Thus, one research project within IntCDC, in which the Institute of Engineering Geodesy (IIGS)
participates, deals with the innovative topic of robotic construction in the interior fitting for the

Precise Localization of an Indoor Robot using Robotic Total Station and Error State Extended Kalman Filter (13739)
Sahar Abolhasani, Li Zhang and Volker Schwieger (Germany)

FIG Congress 2026
The Future We Want - The SDGs and Beyond
Cape Town, South Africa, 24-29 May 2026



expansion of an existing building. Therefore, the robots should autonomously navigate through the
environment. For this, the localization of the robots is of great importance. Localization or positioning,
in this context, refers to the estimation of the position and the orientation of a mobile robot in the
motion area in real-time. The high accuracy of positioning is a prerequisite to ensure that the robot can
complete the task and ensure the safety of the human—machine environment (Huang et al. 2023). Indoor
precise tasks demanding direct contact between the manipulator and building components need 2—-3-
millimeter accuracy (Shohet & Rosenfeld 1997, Feng et al. 2014). Considering the unstructured
environment and obstacles inside the existing buildings, reaching this accuracy is a challenging issue.
Although Simultaneous Localization and Mapping (SLAM) algorithms have had significant
improvements in the last decade, their long-term operation remains a major challenge, primarily due
to the wide spectrum of perturbations robotic systems may encounter (Bujanca et al. 2021). The
integration of Global Navigation Satellite Systems (GNSS) with a low-cost Inertial Measurement Unit
(IMU) and an odometer is another extensively used solution in this field. Odometer fusion decreases
the accumulated drift of IMU positioning in the case of the absence of GNSS signals, which happens
in urban areas. In this paper, the infeasibility of GNSS application in the indoor scenario leads to the
search for an alternative sensor instead of GNSS. The desired high positioning accuracy suggests the
use of a Robotic Total Station (RTS). The only adverse issue related to RTS is the necessity of the Line
of Sight (LoS) between the RTS and the target reflector. In this paper, RTS/IMU and odometer sensor
fusion is proposed. The odometer measurements mitigate the drift of the IMU in the case of blockages
for the LoS of the RTS through obstacles.

Filtering methods are the most common techniques for multi-sensor fusion. Kalman Filter (KF) and its
extension for nonlinear models, Extended Kalman Filter (EKF), are optimal recursive data processing
algorithms that blend all available information, including measurement outputs, prior knowledge about
the system, and measuring sensors, to estimate the state variables in such a manner that the error is
statistically minimized (Maybeck, 1997). Madyastha (2011), Guo et al. (2019), Youn & Gadsden
(2019), Liu et al. (2019) and Markovic et al. (2022) compared the EKF and the so-called Error State
Extended Kalman Filter (ES-EKF). The ES-EKF calculates the states of the robot as well as the bias
of the IMU. The error state is generally small in magnitude, which prevents singularities and gimbal
lock from occurring (Markovic et al. 2022). The aforementioned previous works on ES-EKF are for
outdoor applications, where the GNSS and IMU are integrated.

This paper is organized as follows: Section 2 presents the basis for ES-EKF. Section 3 presents data
collection by the robot system and the implemented filter. The results are presented in Section 4 and
validated by comparing them to a ground truth. Moreover, the performance of the method in the case
of the RTS loss of LoS is investigated. In the last section, the results are discussed, and accordingly,
new ideas are suggested to improve the related future work.

2. ERROR STATE EXTENDED KALMAN FILTER

The main concept of the ES-EKF consists of the determination of two parts: nominal state x,, and error
state &x. The true state of the moving object x; is given as a combination of x,, and éx.
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2.1 Nominal State

The nominal state x,, is propagated using a sensor with high-frequency observations, which is usually
an IMU. For a moving object, the nominal state x,, (€ R®) can be written as:

p
4
x,=|q| (D

ap
Wp

where p € R3 represents 3D-position, v € R3 3D-velocity, and q € R* is the orientation of the
platform in the form of a quaternion. The vectors a; € R3 and w;, € R are the biases of acceleration
and angular velocity from the IMU. The quaternion will not be introduced. Details can be found in
Sola (2017) and Youn & Gadsden (2019). The work presented in Sola (2017) and Youn & Gadsden
(2019). gives an overview of quaternion kinematics and provides an intuitive insight into the technique
of error state filtering, and serves as a starting point for the approach proposed in this paper. The IMU
consists of three-axis accelerometers and three-axis gyroscopes. Their measurements are acceleration
a,, and angular velocity w,,, however, the raw measurements contain the bias, and they should be
corrected by reducing the bias. By integrating the acceleration with the time At, the velocity and the
position change of the platform can be calculated. And by integrating the angular velocity with time
At, the orientation change can be calculated. With the known initial values of velocity, position, and
orientation, the coordinates and attitude of the platform can be evaluated at any time. The explained
prediction process can be described by the following kinematic equations:

pep+v- A+ (R (am—ap) +g) - At?, )
vev+ (R-(an—ap) +9) -4t 3)

q < q® q{(wm — wp) - 4t}, (4)

a, < ay, (5)

wp < W, (6)

where « means the prediction of the state vector from one epoch to the next epoch, & represents the
quaternion product operator, and R is the quaternion to rotation conversion matrix. g contains the gravity
in the z-axis.

2.2 Error State

The nominal state x,, does not consider the noise terms and other possible errors. Therefore, the resulting
accumulated errors and model inaccuracies are collected in the following error state §x (€ R'®):

8p

dv

sx=|80 | (7
Sab
wa
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The equations related to the kinematics of the error state can be written as:

op < ép + 6v - At, ®)

v < év+ (—R:[a, —aply- 60 —R - 8ay, + 8g) - At + v, )
80 « R" - {(w,, — wp) - At} - 60 — 8wy, - At + 0, (10)
day, < day, + ay,, (1D

Swp « wp + Wpy, (12)

where v, 0,,, ap, and wy, are the disturbances of the velocity, orientation and bias estimates,
modelled as white Gaussian noise. The disturbance vector w = [v,, 8, ap,, ®Wp, ] is with E(w) = 0. q
and 0 are error states of the quaternion and the orientation, respectively, they can be converted to each
other, more details are referred to Sola (2017). The skew-operator or cross-operator [-], produces cross-
product matrix. In parallel with the integration of the nominal state, the ES-EKF predicts error state and
its covariance matrix P:

6x — F,-8x+F, w, (13)

P<F,-P-FL+F, P, FT, (14)

where F,, F,, are the Jacobian of the kinematic equations with respect to the error state éx and
disturbance w respectively, and P,, is the covariance matrix of the disturbances.

2.3 Observation Models
The filter correction is performed at the arrival of information other than IMU (e.g., GNSS, RTS,
odometer, etc.), which generally happens at a much lower rate than the prediction, and they are
considered as observations. This correction provides a posterior estimation of the error state. The
observations z are described according to:

z=h(x,) + v, (15)
where h is a general non-linear function of the system and v is observation error and modelled white
Gaussian noise with the covariance matrix V:

K=P-H' -(H-P-HT +V)7, (16)

8x « K- (z— h(x)), (17)
K is called as gain matrix, H is the Jacobian matrix of the observations z with respect to the error state
8x. After this, the estimated error state 6x is injected into the nominal state, then &x is reset to zero, and

the whole process starts over again with the propagation part:
% = x, @ ox. (18)

P—({U-K-H)-P. (19)
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The observations in the ES-EKF are from RTS and odometers, therefore two observation models for
RTS and odometers will be illustrated in the following sections.

2.3.1 RTS
The original observations of an RTS are:

e horizontal angle Hz: horizontal angle between the zero direction of the RTS and the prism,
e vertical angle V: vertical angle of prism,
e slope distance S: slope distance between the zero point of the RTS and the prism.

The Cartesian coordinates of the prism in the local reference frame (l) can be calculated from these
observations using the following equation:

X Xo+S-sinV -cos(Hz + a)
Trrs = [y] =Yy +S-sinV -sin(Hz + a) |. (20)
z Zy+S-cosV

The rotation « and three translations (X, Y, Z,) are the results from free stationing. Additionally, the
velocities of the robot Vg can be calculated from the RTS measurements between two epochs, and
they are also used as observations as well. The observation of RTS can be written as:

rRTS)’ 21

ZRpTs = (VRTS

2.3.2 Odometer

The odometer could provide the linear velocity in the movement direction (v,4,) and the angular
velocity around the z-axis (w,g4, ). The observation of odometer can be written as:
Vodo 22
Zodo = (wodo). (22)

More equations of the ES-EKF will not be given in this paper due to limited pages.

3 ROBOT PLATFORM AND COORDINATE TRANSFORMATIONS

3.1 Robot Platform and Sensors

The robot platform Robotnik RB-Vogui-6 (see Figure 1) is equipped with different sensors (e.g., IMU,
odometer, cameras, and laser scanners). The IMU and odometer were used for sensor fusion. The robot
is equipped with a VN-100 IMU (Vectorav, 2025) consisting of an accelerometer and a gyroscope
measuring the acceleration and angular velocity at 200 Hz. The specification of the IMU can be found
in Table 1.
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108.5 cm

124.5 cm

Figure 1: Robotnik RB-Vogui-6 with lever arms

Table 1: VN-100 IMU specification (Vectorav, 2025)

accelerometer noise density 0.14m g\/I-E
accelerometer in-run bias stability < 0.04 mg
gyroscope noise density 0.0035°/s /\[]@
gyroscope in-run bias stability < 10°/hr

The odometers (or wheel encoders) on the robot platform provide the velocity in the movement direction
and angular velocity around the z-axis with a sampling rate of 4.5 Hz.

To get a precise absolute position of the robot, the RTS Trimble S7 is used. A prism was mounted on
the robot (see Figure 1). The measurements of RTS were taken at 10 Hz. The Trimble S7 has an accuracy
of 4mm-+ 2ppm for distance measurements. The Finelock positioning precision is Imm (up to 300 m) in
the kinematic mode, and the angle accuracy could be estimated, which is distance-dependent.

Generally, in the Kalman Filter, the process noise (P, in equation (14), in our case it is from the IMU)
and the measurement noise (V in equation (16), in our case it is from the RTS and odometer) are
essential. For the initialization of P,, and V, the specification for the IMU and RTS was regarded.
However, no information was available about the accuracy of odometer measurements; their values were
tuned empirically.

The robot platform Robotnik RB-Vogui-6 is equipped with a control system powered by an Intel i7 CPU
running the Robot Operating System (ROS, version Melodic) in Ubuntu 18.04. ROS package was
developed at IIGS to send the RTS measurement to the robot platform (via Raspberry Pi and TCP/IP
protocol), so that all the sensors publish their measurements in ROS, and one ROS node was
implemented to run the ES-EKF, so that the localization of the robot is realized in real-time. The
Raspberry Pi, which is connected with RTS and used as the control computer of the RTS, uses Network
Time Protocol (NTP) to synchronize with a local server, which is also the NTP time server of ROS on
the robot. The NTP time server of ROS on the robot is synchronized with the NTP time server of the
University of Stuttgart. The intrinsic synchronization between the distance and angle measurement
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(within RTS) is up to several milliseconds. Considering the velocity of the robot here is under 0.5m/s,
the intrinsic synchronization within the RTS is negligible when considering the instrument accuracy in
the range of 1-3 mm for kinematic applications.

3.2 Coordinate Systems and Transformations

Figure 2: Coordinate Systems

Different coordinate systems are defined (see Figure 2):

e local reference frame ([): a predefined right-handed 3D local reference, and the z-axis is aligned
with the local gravity vector. Its origin could be defined arbitrarily.

e RTS frame (t): this coordinate system has the origin at the instrument zero point. The z-axis
coincides with the local gravity vector. The x-axis points towards the zero point of the horizontal
angle sensor within the RTS. The y-axis completes a right-handed system.

e body frame (b): this frame is fixed with respect to the robot. The origin is the center of gravity of
the robot. The x-axis is aligned with the forward driving direction. The y-axis forms a right-handed
system.

In Figure 2, the x-/y-/z-axis of the coordinate systems are coloured as red/green/blue, respectively. In
our system, the IMU is firmly attached to the platform, and its coordinate frame is aligned to the body
frame b. Consequently, they have the same orientation and origin. The measurement from the IMU is
in the body frame. The lever arms (see Figure 1) between the IMU and the prism are taken from CAD
(Computer-Aided Design) model of the robot.

As the measurements are in body frame or RTS frame and the location or the state of the robot should
be in the local reference frame, coordinate transformations between the systems are necessary. The lever
arms need to be considered. The necessary transformations will be described as follows:
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e Dbetween the RTS frame and the local reference frame (t < [): as the z-axes of the two coordinate
systems are parallel and point toward the same direction, just one rotation (@) and three translations
(Xo, Yy, Zy) are necessary to transform the RTS frame to the local reference frame. These parameters
can be calculated by free stationing using identical points in both coordinate systems.

e Dbetween the body frame and the local reference frame (b < [): this is achieved by three translations
and three rotations. Three translations are the position p in the state vector, and the three rotations
can be calculated by the quaternion q, which are estimated in each iteration of the filter.

The equations of the different transformations will not be given in this paper. It needs to be mentioned
that one coordinate system is not illustrated in Figure 2, which could be called the robot base footprint
frame. This coordinate system is defined by the start position and orientation of the robot and could be
considered as the body frame at epoch 0. The relative positions and orientations measured by the
odometer are with regard to this start position.

4 EXPERIMENTAL RESULTS AND EVALUATION

4.1 Test Scenario

To evaluate the implemented filter, a test was performed in the Large-Scale Construction Robotics
Laboratory (LCRL) of the IntCDC in Stuttgart in June 2024.

‘ B N et e e
Figure 3: Test Scenario with reference measurement from laser tracker (left) and lever arm between RTS prism
and active target (right)

For the evaluation of the accuracy, a ground truth is necessary. A laser tracker API Radian (API Radian,
2022, see Figure 3 left) with a maximum permissible error of £10um + 5 ppm was used, which uses its
own prism (active target) and is different from that of RTS. In Figure 3 (right), the two prisms and the
lever arm between them are shown. The length of the lever arm is 22.04 cm, which was measured by a
laser tracker. Five points were measured by the laser tracker and then by RTS. The local reference frame
(1) is defined in our case by the laser tracker directly. Free stationing is carried out to calculate the
transformation parameter between the local reference frame (1) and the RTS frame (t). The sampling
rate of laser tracker is 5 Hz.

During the test, there is always LoS between the prism on the robot and RTS. To evaluate the robustness
of the system, some RTS measurements are deleted to simulate that there were no measurements
available from RTS due to e.g. the loss of LoS (called RTS “offline”). It means the ES-EKF is running
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only with the IMU and odometer data and “drift” in the system can be evaluated, if the RTS
measurements were available again (called RTS “online”).

4.2 Results and Discussion

4.2.1 Accuracy Evaluation

The robot ran several circles for about 8 minutes, with an average velocity of 0.35m/s. Figure 4 shows
the trajectories of the ES-EKF and those from the laser tracker in 2D (horizontal plane) and 3D. For a
better comparison, the ES-EKF was calculated with respect to the RTS prism.

Trajectory 3D

Trajectory (X-Y horizontal plane) 2D
T T T

ES-EKF
Reference (LT)

Figure 4: Trajectories Comparison from ES-EKF and Laser Tracker 2D (left) and 3D (right)

It can be seen in Figure 4, that trajectories fit very well to each other in horizontal plane (their difference
could almost not be seen in the scale of Figure 4), and height difference are about 20 cm, because, as
explained in section 4.1, the ES-EKF results are from the RTS prism and laser tracker measurements
are from the active target. The trajectories are from different targets. And the measurement point of time
of RTS and laser tracker are different, so direct point-to-point comparison is not possible for consistent
evaluation. For this reason, the software Spatial Analyzer (SA) (Spatial Analyzer, 2025) was used for a
point-to-curve comparison.

Figure 5 illustrates the procedure: a curve, using the laser tracker points, was estimated as a B-Spline by
SA. Then the distance (perpendicular to the curve) from ES-EKF points to the curve was estimated. The
results show that the maximum and minimum distances are 23.19cm and 20.77cm, respectively. About
87% of the distance is between 22.59cm and 21.98cm and the mean value of the distance is 22.35cm,
and the standard deviation is 0.3cm. As the length of the lever arm between the RTS prism and the active
target is 22.04cm, the difference between the reference and the mean value is 0.31cm, and considering
the standard deviation of 0.3cm, the difference between the reference and the mean value is not
significant.
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Figure 5: Analysis in SA

4.2.2 Robustness Evaluation
To evaluate the robustness of ES-EKF in case of loss of LoS, 90 seconds of RTS measurements were
deleted. The ES-EKF performance after the absence of RTS data can be analysed. It will be shown how
it recovers when the RTS measurements are available again (RTS online).

Trajectories Comparision

IMU
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IMU+Odometer
0
IMU+Odometer+RTS
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Figure 6: Trajectory comparison for RTS offline Test (Yi,2024)

In Figure 6, the trajectories of ES-EKF under 3 conditions are represented. The ES-EKF without
odometry started to diverge after the unavailability of RTS measurement (RTS offline), while ES-EKF
with odometry drifted slowly after the unavailability of RTS measurement and recovered immediately
when RTS was online again; it drifted about 0.3m until RTS measurements were available (90 seconds)
again. The ES-EKF without RTS and odometer data (it means only the IMU data) drifted about 0.5m
after only 5 seconds. The results show that the odometer data is quite reliable and indispensable for the
ES-EKF.
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5 SUMMARY AND OUTLOOK

In this paper, the methods of integrating the RTS, odometer, and IMU data using the ES-EKF were
introduced. The ES-EKF is running in real-time on an indoor robot and could provide precise location
or kinematic state (incl. position, velocity, and orientation) of the robot on the construction site. The
position difference between the ES-EKF and the laser tracker is only about 0.3cm, and the standard
deviation of the difference is 0.3cm, so the difference between ES-EKF and the laser tracker
measurement is not significant. In our test, the results of ES-EKF will drift immediately if both the RTS
and the odometer data are not available; the result is almost unusable. If only the RTS measurements,
e.g., in case of losing the LoS, are not available, the odometer could still be used to correct the drift of
the IMU for a short time, depending on the accuracy requirement.

The kinematic state of the robot could be used, in our project, to improve the SLAM result, so that a
precise and up-to-date map of the construction site could be generated, which is particularly important
in the context of existing buildings. The developed methods could also be used for the localization of
the other robots on the construction site, e.g. for the assembly of construction components and so on, if
the robots are equipped with RTS prism, IMU, and odometer. The potential of the RTS for positioning
on a construction site cannot be underestimated.
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