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Abstract—This paper presents a method to estimate the 

two-dimensional mount parameters (offset and rotation) of a 

bearing only sensor on a mobile robot. It is a continuation of 

the work done by D. Scaramuzza on auto-calibration of 

omnidirectional cameras for mobile robots. The system model 

of the robot is split into two subsystems with reduced 

complexity, which makes it possible to detect incorrect 

estimates, as well as to reduce the parameter search space to 

one dimension for each subsystem. Multiple hypothesis 

extended kalman-filters (MHEKF) are used to cover a part of 

the search dimension and the parameter space for a 

validation parameter. Based on this approach, incorrect 

estimates can be detected automatically which is a 

requirement to use calibration methods in a fully automated 

setting.  

 

Index Terms—omnidirectional camera, calibration, 

kalman-filter  

 

I.  INTRODUCTION 

To use or fuse information from a sensor of a mobile 

robot, a control system has to know how measured signals 

relate to the environment, and where the sensor is 

positioned relative to the robot. 

In the case of a bearing only sensor (like an 

omnidirectional camera), its position and orientation 

relative to the robot kinematic center has to be known. This 

paper presents an approach to calibrate this relation in a 

two-dimensional system without human interaction. In the 

existing literature, the term (omnidirectional) camera 

calibration is mostly used to describe the extraction of 

optical parameters (e.g. focal length, mirror curvature etc.) 

used in the mapping between the environment and the 

camera sensor chip, and therefore the resulting image 

([1],[2],[3]). In this paper, those optical parameters are 

assumed to be correct, and the parameters to be calibrated 

refer to the spatial relation of the camera sensor with 

respect to the mobile robot base. Since the investigated 

system has two dimensions, the optical axis of the camera 

sensor is assumed to be orthogonal to the movement plain. 

A method to calibrate an existing offset angle for this axis 

is described in [4]. 
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The examples are based on vertical edge detection in 

images from an omnidirectional camera, but the presented 

method works with any kind of bearing only sensor, 

assuming it provides identification information, for 

example by feature tracking ([5]) or feature identification 

algorithms. 

If fully automatic systems are used to calibrate essential 

parameters for mobile robots, it will be important that they 

are able to handle all situations, or at least to identify those 

situations which prevent them from working correctly. In 

this paper, the approach presented in [6] and [7] is 

modified to make the calibration more robust and to 

improve the success rate by reducing the available 

trajectories. 

The base system presented in section II is based on the 

model described in [6]. The system observability highly 

depends on the robot trajectory. Since the trajectories 

required to observe the states are already known from [6], 

the system is split into two smaller systems limited 

exclusively to either straight motion or pure rotation 

(section III) which are then used in Extended 

Kalman-Filters (see [8]) to estimate the system states. The 

circumstances in which the subsystems are not locally 

observable (see [9] and [10]) are analyzed, too. 

 Section IV describes the criteria by which the 

correctness of an estimate can be deduced as well as the 

influence of the initial state values and section V presents a 

procedure to acquire correct estimates. 

II.   SYSTEM STATE MODEL 

The two dimensional model used to describe the relation 

between the robot, its camera and the measured feature 

shown in Fig. 1 is similar to that introduced by [6] and 

leads to the state model given in (1). 
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Figure 1.  System reference in enviroment. 

The system state consists of five parameters; φ, ρ and ψ 

describe the (two dimensional) camera pose in relation to 

the robot kinematic center, while D and θ describe the 

robot pose in relation to an observed feature. The 

orientation of the feature is not required since it does not 

influence the measured bearing signal β. 

The input signals of the system are the incrementally 

traveled distance (straight forward) of the robot δs and the 

small difference in robot orientation relative to the feature 

reference system δθ, which form the input vector u = [δs, 

δθ]. Since the model is based on a bearing only sensor, the 

measurement contains only the feature angle β (camera 

relative). 

Note that the description of the system dynamics in (1) is 

approximated and applies only to small δs. 

The calibration aim is to find accurate values for the 

camera pose parameters φ, ρ and ψ using only the 

odometry input (δs and δθ) and the measured feature angle 

β. 

According to figure 1 the expected angle β with respect 

to the state x follows as (2). 

    sin cosα= atan2 ρ θ+ ,D+ ρ %theata+   

σ= +θ α   

                              β= π ψ σ                                (2) 

A.  Observability Analysis 

The observability of the given system is investigated 

using the method proposed by [10]. Gradients of the 

dynamics are derived by using the Lie-Derivation in each 

direction of the input signals, and are subsequently 

combined into the observability matrix Q(x). The system is 

observable if the determinant det(Q(x)) of this matrix is not 

zero. Note that, in contrast to linear systems, the 

observability of non-linear systems in general depends on 

its current state and input signals. 

For this system, the determinant as derived in the 

appendix is 

 
  

10
2 2

2D cos

abc
det Q =

D + p + ρ θ+
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The determinant of this system depends on its state x, 

which in turn depends on the initial state x0 and the system 

input. In other words, the observability of the system 

depends on the robot trajectory with respect to the 

measured feature. 

The determinant trace det(Q(x)) for a circle trajectory 

with the landmark outside of the circle contains several 

states at which the system is not observable, for example if 

the angle θ is near kπ with k ∈ N, which is caused by the 

robot driving towards or away from the feature. In this case 

there are no changes in the measure signal β and therefore 

the system becomes not observable. The same happens if 

the signal variations β becomes weak due to a large 

distance between the feature and the robot, because of 

 lim 0
D

det Q =
  

III.   OBSEVABLE SUBSYSTEMS 

Since for example a circle trajectory contains several not 

observable states it is hard to construct a reliable EKF on 

the basis of this full system state model. However, by 

reducing the dimension of the input vector, the conditions 

for the observability of the resulting subsystems get much 

simpler. 

The state observability depends on the distance of the 

omnicam sensor relative to the feature distance, therefore 

the case 

D
ρ≫ 1

is excluded (see [7] for an analysis) and 

the system is split into subsystems considering exclusively 

straight motion and pure rotation. 

A.  Subsystem for Straight Motion 

In this case the robot system is only driving on a straight 

line (δθ = 0). If the robot is driving a distance of δs, the 

camera will move forward the same distance, as well (see 

figure 2, C is the distance between feature and camera). 

This system is based on the approximately equal position 

of the camera and robot (C ≈ D and ζ ≈ θ), therefore it is 

only valid for a feature that is sufficiently far away in 

relation to the camera offset ρ 

D
ρ≫ 1

. The system model 

is given in (4) and the corresponding measurement model 

in (5). For this system, the camera offset ρ in relation to the 

robot is not observable, changing it will not alter the input 
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signal as long as the tracked landmark remains at the same 

camera-relative position
1
. 

                             :η =ψ+                                    (3) 
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Figure 2.  Translation only subsystem. 

The observability analysis of this system leads to (6). 

This subsystem is observable only if θc = kπ with k ∈ N. In 

other words, if the camera is moving to or from the feature 

then the states of this subsystem are not observable. Further, 

since 

                             
 
4

sin
2

ζ
det Q =

C
                         (6) 

 lim 0
C

det Q =
  

the observability degrades if the feature is far away. 

B.  Subsystem For Pure Rotation 

In this case the robot system only rotates about its own 

center. The system model is reduced to (9), and the 

measurement model to (10) (see Fig. 3 for the used 

variables). 

                                    :
D

λ =
ρ

                                  (7) 

                                                           
1This is easily verified if one thinks of it as moving the robot while the 

Camera remains fixed. As long as the robot orientation remains 

unchanged, 

 The δs of the robot will always result in the same movement for the 

camera. 

 

                                  :γ = θ+                                   (8) 
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      sin cosβ x = π+atan2 γ ,λ+ γ ψ γ      (10) 

                
 

  

2

3
2

1

2 cos 1

λ λ
det Q =

λ + λ γ +

 
           (11) 

According to the determinant of the observability matrix 

(11), the system is not observable if λ = 0, but it can be 

assumed that the feature is farther away from the robot as 

the camera sensor (λ > 1) since they might collide 

otherwise. However, due to 12 in the case of a huge λ, the 

system becomes also not observable. This leads to the same 

conclusion as in [2], that the robot has to be quite close to 

the feature for the subsystem with pure rotation. 

 lim 0det Q =
                     (12) 

 

Figure 3.  Pure rotation system with support angles. 

C. Target State Extraction 

By means of using both subsystems it is feasible to 

extract the target states φ, ρ and ψ. The angle ψ is directly 

provided by the pure rotation subsystem, and φ can be 

calculated using (13). 

                                 = η ψ                                      (13) 

(14) and (15) follow from Fig. 3 and with 
λ=

D
ρ  from (9) 

this leads to (16) which provides two possible solutions for 

ρ. This ambiguity can be resolved by measuring an 

additional feature, since both measurements must yield the 

same distance ρ. 
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   (16) 

After the target states are known, D and θ for the feature 

follow as D = λρ and θ = γ + σ − φ. 

IV.  SIMULATION RESULTS 

A well chosen trajectory that leads to an observable 

system is a neccessary condition to find the correct solution, 

however it is not sufficient if the calibration trajectory is 

finite. In this case the correct estimation depends on the 

initial value for the system state as well. Depending on the 

trajectory and the initial values, the EKF might converge 

on a local minimum or not converge at all. To get around 

this problem, a Multi-Hypothesis EKF is initialized with 

several samples of the configuration space. 

The system behaviour and its parameter dependence 

was investigated using a simulation environment that 

contains only one feature in the point of origin. In this 

example, the robot performs a straight motion of four 

meters and subsequently rotates five times on the spot. The 

camera position relative to the robot is set as φ = 1.10rad, ρ 

= 0.223m and ψ = 1.68rad. The input signal is modified 

with added Gaussian noise (standard deviation of two 

percent) to simulate wheel slip. The resolution of the 

measurement signal is one degree and Gaussian noise with 

one degree standard deviation is added to the signal. 

This and other simulation runs were used to investigate 

per-formance of the estimation system as well as its 

dependance on the initial state values. 

A.  Straight Motion 

Based on (6), the observability of the straight motion 

subsystem depends on C and ζ, and of course on the 

measurement signal β. The biggest dynamic range of the 

measurement signal is provided if the robot drives past (but 

not through) the feature. In this case the measured signal 

follows the arc tangent function and the inflection point 

corresponds to the place where the robot is passing the 

feature. In addition to the trajectory, the stability and 

accuracy of the EKF depends on the start values of the state 

(C0 , ζ 0 , η0 ) as well, since wrong start values might lead 

to incorrect local minima. In fact, the state dimensions 

influence the filter in varying degrees. 

For a poorly
2
 chosen

0
C  the filter will not reach a 

correct estimation (indicated by the innovation not 

converging to 0) regardless of the used
0

ζ . A good choice 

of
0

C results in correct estimates regardless off 

the
0

ζ and
0
η values. In that case, the filter converges 

quickly after passing the feature (widest dynamic range for 

β). Fig. 4 and Fig. 5 show the estimation process for 

different
0

ζ and a common, good
0

C . Each case results in 

the correct ζ value with the innovation converging to zero. 

This example and many other simulation results indicate 

that of all initial values, only
0

C is critical with regard to a 

correct result. The angle η is not even contained in the 

observability criterion (6). An indicator for the correctness 

of an estimate is provided by the EKF innovation 

combined with the ζ value. For a good estimate, the 

innovation of the EKF should converge to zero and ζ 

should converge to the same value for all
0

ζ . 

 

Figure 4.  Straight movement –C for a good C0 

 

Figure 5.  Straight movement – for a good C0 

                                                           
2He word poorly here does not refer to the deviation of a parameter 

From its correct value. Instead, it just means the effect of a chosen 

starting 

 Value on convergency of the EKF. 
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B.  Pure Rotation 

In contrast to the case with straight motion it is difficult 

to use the measurement signal in order to detect the 

observability of the rotation system states. To solve this 

problem, several filters with different starting values are 

used again. If they converge to different values then the 

system is not observable based on the given measurement 

data. For each of the following cases, the robot rotates five 

times, and the collected measurement data is fed into the 

EKFs with their different start values. 

In the first case the robot trajectory is set so far away 

from the feature that the system states became not 

observable. For several filters with varying γ0 , each EKF 

estimates different values of the state γ while the 

innovation converges to zero. This abiguity in the result 

indicates that the system states are not observable. 

In the second case the trajectoy leads to observable 

system states, but the
0
λ value was to small. The course of 

the γ state estimation is similar to the previous case, 

however in this case the innovation does not converge to 

zero but oscillates with the frequency of the robot rotation. 

In the third case, 
0
λ was set to a common, benign value 

and the
0
γ and

0
ψ values were varied. Each of the EKFs 

estimate the correct γ value and the innovation of each EKF 

is converges to zero (See figure 6 and 7). 

 

Figure 6.  Rotation -  for a good  0 

 

Figure 7.  Rotation -  for a good  0. 

This example and various simulations indicate that the 

values for
0
γ and

0
λ are neglegible, but

0
λ has a critical 

impact on the correct result. Again, multiple filters can be 

used to cover the value range of
0
λ . However, to detect 

unobservable situations caused by a large feature distance, 

multiple
0
γ have to be used for each

0
λ as well. 

C.  Target State Calculation 

With the results above, the target states can be 

calculated as φ = 1.12, ψ = 1.675, ρ1 = 0.219m and ρ2 = 

−0.258m. The ambiguity between ρ1 and ρ2 can be 

resolved by observing a second feature. As shown above, 

the estimations are robust, although their accuracy is 

limited by the signal noise and available measurement 

resolution. 

V.    ROBUST PARAMETER ESTIMATION 

As explained above, it is possible to estimate the pose 

parameters for an omnidirectional camera using a simple 

calibration sequence given that detectable features are 

close enough. To remove ambiguities and incorrect 

estimates, it is neccessary to track multiple features and to 

eliminate those that are not observable. 

To make the calibration process efficient, the following 

sequence is recommended: 

A.  Straight Motion 

1) Perform a straight motion and log the 

robottrajectory as well as the sensor data (bearing) 

of visible features. 

2) Discard all features which were not passed by the 

robot. The robot passed a feature if its bearing 

angle follows an arcus tangens function. 

3) Use an EKF to estimate the states C, ζ and η of each 

feature. Eliminate errors caused by 

incorrect
0

C values by using multiple estimation 

with different
0

C values. 

4) If no correct solution was found, expand the range 

of the used
0

C and go back to (c). Simulations 

indicate that beneign
0

C exist in the range (0, 

4Dmax] with Dmax beeing the maximal real 

distance of the landmark. 

B. Pure Rotation 

1) Perform several (five) pure rotations and log the 

robot trajectory as well as the sensor data of all 

visible features. 

2) Create a set of EKFs with different
0
λ values for 

each feature. 

3) Select the best
0
λ value for each feature of those 

that do not result in oscillating innovation. 

4) Create a set of EKFs with different
0
γ values for 

each feature (using the previously selected
0
λ ). 
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5) Eliminate all features whose Filters do not 

converge to a common γ. 

C.  Calculate the Camera Pose Parameters and Resolve 

the ρ Ambiguity by Comparing the Results of Several 

Features. 

VI.    CONCLUSION 

While the resulting systems do depend on a somewhat 

Combining them and substituting fixed trajectory pattern, 

they provide estimates which can be automatically rated 

with regard to their correctness. Since estimation errors 

due to bad start values can be detected and avoided, the 

results depend only on the distance and the straight motion 

path. If multiple features are available, the favourable ones 

will lead to correct estimates faster. In combination, this 

can be used to move the robot on a favourable trajectory to 

reduce the time required to get a good estimate.  

APPENDIX 

As shown in [1], the obeservation analysis is performed 

by using Lie derivatives. With the input direction vectors 
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and its determinant of 
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