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Abstract: Odometry is a simple and practical method that provides a periodic real-time estimation of
the relative displacement of a mobile robot based on the measurement of the angular rotational speed
of its wheels. The main disadvantage of odometry is its unbounded accumulation of errors, a factor
that reduces the accuracy of the estimation of the absolute position and orientation of a mobile robot.
This paper proposes a general procedure to evaluate and correct the systematic odometry errors of a
human-sized three-wheeled omnidirectional mobile robot designed as a versatile personal assistant
tool. The correction procedure is based on the definition of 36 individual calibration trajectories
which together depict a flower-shaped figure, on the measurement of the odometry and ground
truth trajectory of each calibration trajectory, and on the application of several strategies to iteratively
adjust the effective value of the kinematic parameters of the mobile robot in order to match the
estimated final position from these two trajectories. The results have shown an average improvement
of 82.14% in the estimation of the final position and orientation of the mobile robot. Therefore, these
results can be used for odometry calibration during the manufacturing of human-sized three-wheeled
omnidirectional mobile robots.

Keywords: odometry; odometry calibration; omnidirectional mobile robot

1. Introduction

Mobile robots have a huge range of potential applications in industrial, office and
home environments. Autonomous mobile robots must be able to perform localization,
mapping and navigation with reasonable levels of accuracy in order to successfully develop
and complete their tasks. Localization methods consist of absolute or relative positioning
methods [1,2]. Borenstein et al. [2] reviewed the most relevant mobile robot relative
positioning methods based on internal data gathered by the mobile robot: odometry and
inertial navigation, and the most relevant absolute positioning methods based on gathering
external surrounding data.

Odometry is usually defined as a relative positioning method that uses the measures
of the velocities of the wheels to estimate the position of the robot. Compared to other
techniques, odometry is simple, affordable, and can be used in real-time, but as a relative
positioning method it cumulates errors that may lead to inaccurate results. The improve-
ment of odometry through proper calibration reduces the position errors and can contribute
to lowering the costs of mobile robots by avoiding the use of precise external sensors.

In 1996, Borenstein et al. [3] introduced a benchmark test to measure the odometric
accuracy of a mobile robot. This test, called University of Michigan Benchmark (UMBmark),
consists on a bidirectional square path experiment in which a differential drive mobile
robot performs a squared path in the clockwise and counterclockwise directions to avoid
the compensation of odometry errors that might occur in unidirectional squared path
experiments. The method first computes the contribution of errors caused by incorrect
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wheelbase (distance from the wheel to the center of the mobile robot) and by unequal
wheel diameters. These errors are evaluated separately and then superimposed. In the
case of a differential drive mobile robot, a wheelbase error causes pure rotation errors,
which can be corrected by applying a correction factor to the wheelbase distances. The
unequal wheel diameters error causes the robot to move on curved paths instead of straight
trajectories. The radius of curvature of the real path can be computed to determine the ratio
between the two-wheel diameters and compensate this systematic error. The application
of the UMBmark provides a quantitative measure and corrects the systematic odometry
errors, which allows comparison between different mobile robots. In summary, the results
presented by Borenstein et al. [3] allowed an improvement of one order of magnitude in
odometry accuracy.

An alternative to direct odometry calibration from the information gathered from the
wheels is the application of data fusion from different sensors. Gargiulo et al. [4] estimated
the mobile robot position and orientation by fusing information gathered from the wheels
and an Inertial Measurement Unit (IMU). Zwierzchowski et al. [5] used a similar approach
and included the information gathered from a vision system that measures the distance
between the robot and custom markers located in the surrounding space. Xue et al. [6]
fuses the information gathered from the wheels, an IMU and a 2D LIDAR in order to
operate in diverse outdoor environments without any prior information. In a different
approach, Palacin et al. [7] directly estimates the position and orientation of the mobile
robot using the information provided by an onboard precise 2D LIDAR processed with
simultaneous location and mapping (SLAM) [8]. In this case, the odometry was used as an
initial estimation of the relative motion in order to improve the computational efficiency of
SLAM. More recently, Xiao et al. [9] fused the information gathered from one IMU and two
low-precision 2D LIDARs placed transversally to estimate the position and orientation of a
mobile robot. However, the main disadvantage of using LIDARs is the cost of the sensor
that is proportional to its measurement accuracy.

In the specific case of omnidirectional mobile robots, the determination of the odom-
etry from the velocity gathered from the wheels has similar error sources but more com-
plexity because of having more degrees of freedom in the motion [10]. In this direction,
Maddahi et al. [11] proposed a method for the calibration of small three-wheeled omnidi-
rectional mobile robots in order to reduce positioning errors. The procedure was based on
the determination of two corrective indices for the inverse kinematic matrix used by the
odometry to estimate the position of the robot. This method consists of: (1) determining the
kinematic equations of the robot; (2) registering of the motion of the non-calibrated robot
moving along a straight line; (3) evaluating the longitudinal error (xe), lateral error (ye) and
angular error (θe) between the target and real trajectory positions; and (4) the computation
of some corrective indices. This method corrects the longitudinal (xe) and lateral (ye) errors
separately. First, a lateral corrective matrix, which compensates the lateral position error of
the robot (ye), is computed from the angular error of the robot (θe). Secondly, a longitudinal
corrective factor used to eliminate the longitudinal position error (xe) is computed from
the longitudinal (xe) and lateral errors (ye). Finally, both indices are multiplied with the
Jacobian matrix used by the odometry to estimate the velocities of the wheels. The corrected
Jacobian matrix is then used to compute the corrected angular velocities of the wheels.
This proposal was experimentally validated with different trajectories, comparing the
positioning errors before and after calibration. Results showed significant improvements:
the root mean square (RMS) of the positioning error was reduced between 68% and 91%
in double-squared, double-triangle and circular paths. In this case, the analysis of the
trajectories and positioning errors evidenced that the improvement depends on the type of
trajectory being accurate in straight trajectories and less accurate in the case of combined
straight and curved trajectories.

Similarly, Lin et al. [12] presented an odometry calibration method for medium-size
three-wheeled omnidirectional mobile robots based on the correction of its kinematic model.
The method consists on gathering discrete position and orientation data and estimating the
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kinematic parameters by a least square method. The information required by this process
is the initial and final positions of the mobile robot through N experiments (multiple data
sets). This proposal is not limited by the relationship between the parameters used in the
kinematic equations, so the obtained kinematic model may better describe the odometry
of the mobile robot. Lin et al. [12] verify their calibration method by comparing the ideal
trajectory and the trajectories before and after calibration.

In a similar direction, Li et al. [13] presented a method for the reduction of positioning
errors of four-wheel omnidirectional mobile robots using Mecanum wheels. The main
problem of four-wheel omnidirectional mobile robots is wheel slippage, so this method
analyzed the kinematic model of the mobile robot and provides a velocity compensation
matrix to reduce the errors of the robot motion caused by wheel slippage. This compensa-
tion matrix was validated using virtual simulations and experimental tests. Results showed
that the compensation matrix reduces the errors of robot motions caused by wheel slippage,
improving the motion accuracy of the system. However, Li et al. [13] concluded that this
velocity compensation matrix must be adjusted according to the velocity of the mobile
robot. Alternatively, Lu et al. [14] fused the information gathered from an IMU, a gyroscope
and encoders to estimate the odometry of a mobile robot using four Mechanum wheels to
estimate the estimated odometry on a floating ground.

More recently, Savaee et al. [15] proposed a simplification of the method presented by
Maddahi et al. [11]. The new method uses the kinematic model of a three-wheeled mobile
robot and computed a corrected Jacobian matrix to reduce the effects of systematic errors
in the odometry. This method used a genetic algorithm to find the matrix elements of a
corrected Jacobian matrix, which are called Effective Kinematic Parameters (EPKs). This
new method consists of: (1) creating a model of the virtual robot and of the systematic
errors; (2) performing simulation tests with the virtual robot; (3) performing experimental
tests with a real robot; (4) comparing both results to estimate the EPKs and redefine the
Jacobian matrix of the mobile robot. In this case, the simulation and experimental tests
consist of two robot translations along straight paths and one rotation about itself, and the
calculated EPKs are used to correct the angular velocities of the wheels. This procedure was
verified with a three-wheeled omnidirectional mobile robot performing different paths. In
general, the evaluation of tracking errors in offline analysis has the advantage of avoiding
local minimum in complex parametric nonlinear systems [16].

New Contribution

The new contribution of this paper is the proposal of a combination of 36 straight
and curved calibration trajectories for systematic odometry error evaluation and correction
in a three-wheeled omnidirectional mobile robot. This procedure has been empirically
applied and validated in a real human-sized three-wheeled omnidirectional mobile robot
of 1.760 m and 30 kg (Figure 1). These 36 calibration trajectories have been proposed
as a representative test-bench of the infinite trajectories that can be performed by an
omnidirectional mobile robot, which together depict a characteristic flower-shaped figure.
The calibration procedure implemented requires the registering of the real odometry and
ground truth trajectories generated while performing each calibration trajectory. Finally,
the odometry of each calibration trajectory is recomputed offline to iteratively adjust the
effective values of the kinematic parameters of the mobile robot in order to match the
odometry with the ground truth trajectory. This paper has evaluated different matching
strategies using different sets of calibration trajectories. The best matching between the
odometry and ground truth trajectories has been obtained using genetic algorithms and
5 repetitions of each one of the proposed 36 calibration trajectories. The fitting results of
the kinematic parameters have been validated by performing 5 additional repetitions of
the 36 calibration trajectories.
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Figure 1. Mobile robot APR-02: (a) general view of the mobile robot and (b) detail of its omnidirec-
tional motion system.

This new contribution was inspired in Batlle et al. [17], who proposed the use of four
curved calibration trajectories, and in Maddahi et al. [11], who calibrated the odometry
with straight paths but concluded that the percentage of error correction depends on the
type of the path. The new contribution is the proposal of a complete set of straight and
curved calibration trajectories which together depict a characteristic flower-shaped figure.
This new contribution is also inspired in the work of Savaee et al. [15] that used genetic
algorithms to adjust the kinematic matrix of a three-wheeled mobile robot although without
comparing the results obtained with other minimization alternatives. This proposal will
apply the same methodology proposed by Lin et al. [12], based on the comparison of the
initial and final positions of the mobile robot through N experiments to directly evaluate
the odometry improvement achieved. Finally, as an alternative to Savaee et al. [15] and Lin
et al. [12], this new proposal adjusts the value of the kinematic parameters of the mobile
robot (radii of the wheels, distance from the wheel to the center of the mobile robot and
angular orientation of the wheels) instead of directly adjusting the values of the kinematic
matrix, allowing a direct physical interpretation of the fitting results obtained.

2. Materials and Methods

The material used in this paper is the omnidirectional mobile robot APR-02 (Figure 1).
The methods used in this paper are the odometry of the mobile robot and two nonlinear
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minimization procedures based on gradient search and genetic algorithm. These two
minimization methods will be applied to calibrate the odometry of the mobile robot.

2.1. Omnidirectional Mobile Robot APR-02

The omnidirectional mobile robot APR-02 is the second family prototype designed
under the project concept titled Assistant Personal Robot (APR). The goal of the APR project
is the final implementation of a versatile human-sized mobile robot that can be applied
to develop different assistance services, for example, to supporting older people with
mobility limitations [18]. The main difference of the APR concept with other comparative
mobile robot designs [19] is the use of an omnidirectional motion system based on three
omnidirectional wheels in which the free rollers are aligned with the rotation plane of the
wheels. The main advantage of this design using three wheels is the minimization of wheel
slippage regardless of the motion implemented by the mobile robot [20].

Figure 1a shows the omnidirectional mobile robot APR-02 and Figure 1b shows a detail
of its omnidirectional motion system based on the use of three omnidirectional wheels.
The main sensor of the APR-02 is a precise onboard 2D LIDAR Hokuyo UTM-30LX either
placed horizontally or tilted down [7] to directly detect small obstacles laying on the ground
or holes or stairs in front of the mobile robot, and for SLAM [8]. The APR-02 has been used
as a research tool in some recent applications. In [21] an alternative omnidirectional wheel
design was proposed to foster future outdoor applications. In [22] the motors and encoders
of the mobile robot were analyzed in order to improve the measurement of the estimated
angular velocity of the wheels.

The trajectory of the mobile robot APR-02 is established by its path-planning algorithm
that continuously updates the target motion vector (v, α, ω, tr) of the mobile robot [20]
accordingly to a task or objective. This target motion vector is converted into individual
target angular rotational velocities of the three wheels (ωMa, ωMb, ωMc) which are then
applied to the PID controllers of the DC motors driving these three wheels in order to
implement the planned motion.

2.2. Odometry Trajectory

Odometry is a simple and practical method that provides a periodic real-time estima-
tion of the relative displacement of a mobile robot based on the measurement of the angular
rotational speed of its wheels. Odometry estimation is valid in the case of non-slippage
wheel conditions in which wheel revolutions can be translated into linear displacement
relative to the floor. The advantage of an omnidirectional mobile robot using three optimal
omnidirectional wheels is that the wheels do not have motion constrains and do not require
slippage in order to implement any motion trajectory [20].

The kinematics and the odometry of the mobile robot APR-02 are described in [20].
Figure 2 presents the parametric definition of the omnidirectional motion system based
on three omnidirectional wheels (Figure 2a) and a detail of the parameters of one wheel
(Figure 2b). The main parameters are: the position of the mobile robot (x, y, θ) referred to
the fixed world frame (XW , YW), the motion command of the robot (v, α, ω), the angular
velocities of the wheels (ωa, ωb, ωc), the linear velocities of the wheels (Va, Vb, Vc), the
radii of the wheels (ra, rb, rc), the distance between the center of the robot and each wheel
(Ra, Rb, Rc) and the angular orientation of each wheel (δa, δb, δc) referred to the mobile
robot frame (XR, YR).
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Figure 2. Parametric definition of the omnidirectional motion system of the mobile robot APR-02: (a)
general representation of the three omnidirectional wheels and (b) detail of the parameters of one
omnidirectional wheel. (XR, YR) represents the mobile robot frame in which XR is the front of the
mobile robot.

The odometry procedure uses the instantaneous estimate of the current angular ve-
locities of the three wheels, a, b, c, available as a vector sequence (ωa(k), ωb(k), ωc(k))
in order to estimate the instantaneous position of the mobile robot (x(k), y(k), θ(k)) in
the world frame (XW , YW). The relation between the instantaneous estimation of the an-
gular velocities of the wheels (ωa(k), ωb(k), ωc(k)) and the instantaneous robot velocity(
vx(k), vy(k), ω(k)

)
in the world frame (XW , YW) can be summarized as [20]:

 ωa(k)
ωb(k)
ωc(k)

 =

 1/ra 0 0
0 1/rb 0
0 0 1/rc

·
 −sin(δa) cos(δa) Ra

−sin(δb) cos(δb) Rb
−sin(δc) cos(δc) Rc

·
 cos(θ(k− 1)) sin(θ(k− 1)) 0
−sin(θ(k− 1)) cos(θ(k− 1)) 0

0 0 1

·
 vX(k)

vY(k)
ω(k)


World

(1)

Which includes a rotation matrix R(θ) and a compact kinematic matrix M that defines
the overall kinematics of the mobile robot:

R(θ) =

 cos(θ) sin(θ) 0
− sin(θ) cos(θ) 0

0 0 1

 (2)

M =

 −sin(δa)/ra cos(δa)/ra Ra/ra
−sin(δb)/rb cos(δb)/rb Rb/rb
−sin(δc)/rc cos(δc)/rc Rc/rc

 (3)

Equation (1) can be arranged to update the current position of the mobile robot
(x(k), y(k), θ(k)) in the world frame (XW , YW) based on the new estimate of the current
angular velocities of the three wheels of the mobile robot (ωa(k), ωb(k), ωc(k)) and the time
lapse ∆t between the samples k− 1 and k, which in the mobile robot APR-02 coincides
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with the sampling time T of its proportional-integral-derivative (PID) motor controllers,
∆t = T = 10 ms: x(k)

y(k)
θ(k)


World

=

 x(k− 1)
y(k− 1)
θ(k− 1)


World

+ T·R(θ(k− 1))−1·M−1·

 ωa(k)
ωb(k)
ωc(k)

 (4)

where R−1(θ) is the inverse of the rotation matrix defined by the previous instantaneous
angular orientation of the mobile robot θ(k− 1):

R(θ)−1 =

 cos(θ) − sin(θ) 0
sin(θ) cos(θ) 0

0 0 1

 (5)

And M−1 is the inverse of the compact kinematic matrix M:

M−1 =
1

Ra sin(δb − δc)− Rb sin(δa − δc) + Rc sin(δa − δb)
·ra(Rb cos(δc)− Rc cos(δb)) −rb(Ra cos(δc)− Rc cos(δa)) rc(Ra cos(δb)− Rb cos(δa))

ra(Rb sin(δc)− Rc sin(δb)) −rb(Ra sin(δc)− Rc sin(δa)) rc(Ra sin(δb)− Rb sin(δa))
ra sin(δb − δc) −rb sin(δa − δc) rc sin(δa − δb)

 (6)

2.3. Odometry Errors: Systematic and Non-Systematic

The main disadvantage of odometry is its unbounded accumulation of errors in the
evaluation of the trajectory of a mobile robot (see Equation (4)). The error sources that cause
inaccuracies in the determination of the odometry depend largely on the type of terrain
practiced by the mobile robot [3], and are classified as systematic and non-systematic. In
general, the concept of odometry calibration is focused on the minimization of systematic
errors because they remain constant during the displacement. In general, the errors affecting
the orientation of the mobile robot have the worst cumulative effects because once they are
incurred they grow into lateral position errors [23,24].

2.3.1. Systematic Odometry Errors

Systematic odometry errors are usually invariant because they are caused by inaccura-
cies and imperfections in the mechanical implementation of the robot, such as mismatches
between the nominal and effective parameters, or by limited sensors capabilities, resolution
and sampling rate. Borenstein et al. [3] concluded that the systematic errors that have
greater effects in the odometry are caused by unequal wheel diameters and placement
accuracy in the wheelbase, which is the distance between the point of contact of the wheel
with the floor and the center of the robot. Systematic errors accumulate constantly, so they
are usually the main contributors to positioning errors in smooth indoor terrains.

2.3.2. Non-Systematic Odometry Errors

Non-systematic odometry errors are not possible to predict, because they are origi-
nated by unpredictable features of the environment such as terrain irregularities, terrain
obstacles, structural wheel slippage during specific motions, wheel slippage originated by
the terrain conditions, or the application of external forces to the mobile robot. However,
this paper is applied to a mobile robot operating in perfect flat indoor terrains, so the
assumption is that the motion will not be affected by non-systematic odometry errors.

2.4. Systematic Odometry Error Sources in a Three-Wheeled Omnidirectional Mobile Robot

The exact theoretical value of the inverse of the compact kinematic matrix M−1 com-
puted with the nominal values of the kinematic parameters (Ra = Rb = Rc = 0.195 m,
ra = rb = rc = 0.148 m and δa = 60◦, δb = 180◦, δc = 300◦) evaluated using a standard double
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precision floating-point format (IEEE 754-1985: 4-bytes data or 64-bit data, precision 1.11 ×
10−16 [25]) is:

M−1 =

 −0.0854478398400646 0.0000000000000000 0.0854478398400646
0.0493333333333333 −0.0986666666666667 0.0493333333333333
0.2529914529914529 0.2529914529914529 0.2529914529914529

 (7)

The simple numerical representation of the exact values of the coefficients of the
inverse of the compact kinematic matrix M−1 of the mobile robot APR-02 intuitively
indicates that any inaccuracy in the values of the kinematic parameters may cause a large
impact in the generation of systematic errors during the cumulative evaluation of the
odometry (see Equation (4)).

In a real mobile robot application, the effective values of the kinematic parameters
Ra, Rb, Rc, ra, rb, rc, δa, δb, δc can differ from the nominal values due to imprecisions in the
manufacturing process and then originate systematic errors in the cumulative computation
of the odometry of a mobile robot. The following figures are proposed to graphically
illustrate the uncertainties that appear in the determination of the exact or effective value
of the kinematic parameters of a real mobile robot. Figure 3 shows two views of one omni-
directional wheel of the motion system of the mobile robot APR-02 and a representation of
its radius ra. Even in this case in which the wheel cover is thin and smooth, the accurate
determination of the radius of the wheel is very difficult and will have some uncertainty be-
cause of the difficulty in the estimation of the point of contact with the floor [26]. Similarly,
Figure 4 shows two views of the representation of the distance to the center of the mobile
robot. Figure 4a shows the effect of a vertical wheel misalignment (exaggerated in this
case) and Figure 4b the effect caused by the point of contact with the floor. Finally, Figure 5
shows two views of the effect of angular wheel misalignment that can be caused by the
application of non-uniform pressure to the screws that hold the motor to the wheelbase
through a rubber piece designed to absorb vibrations. These figures clearly reveal that
manufacturing inaccuracies and assembly imprecisions will originate crossed systematic
errors in the odometry of the omnidirectional mobile robot.
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Figure 3. General view (a) and detail (b) of the wheel radius and the point of contact of the wheel 
with the floor: 𝑟𝑟𝑀𝑀 depicts the nominal radius (green font and lines) and 𝑟𝑟𝑀𝑀′ the real or effective 
radius (red font and lines).

Figure 3. General view (a) and detail (b) of the wheel radius and the point of contact of the wheel
with the floor: ra depicts the nominal radius (green font and lines) and r′a the real or effective radius
(red font and lines).
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the wheel to the center of the mobile robot: Ra depicts the nominal or design value (green font and
lines) and R′a the real or effective value (representing R′a as the average value of R′′a and R′′′a , red font
and lines).
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Figure 5. General view (a) and detail (b) of the angular orientation of the front-left wheel (wheel a)
relative to the mobile robot frame: δa depicts the nominal or design value (green font and lines) and
δ′a is the real or effective value (red font and lines).

Finally, Tables 1–3 show the analytic determination of the sensitivity of the kinematic
matrix M−1 to the kinematic parameters of the wheels, computed form Equation (6). These
tables show very high sensitivities in the array values of M−1, a matrix that is used to
cumulatively update the position and location of the mobile robot 100 times per second
(See Equation (4)). In the case of the distance from the center of the robot to each wheel, the
maximum individual sensitivity of M−1 is as high as 0.43 mm/s for each millimeter of error
in the determination of the real value of (Ra, Rb, Rc). In the case of the radii of the wheels,
the maximum individual sensitivity of M−1 is as high as 1.70 mm/s for each millimeter of
error in the determination of the real value of (ra, rb, rc). Finally, in the case of the angular
orientation of each wheel, the maximum individual sensitivity of M−1 is 0.14 mm/s for
each angular arc degree error in the determination of the real value of (δa, δb, δc).
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Table 1. Sensitivity of M−1 to the values of the nominal kinematic parameters of the wheel a.

∆M−1

∆Ra
|

Ra=0.195 m
∆M−1

∆ra
|

ra=0.148 m
∆M−1

∆δa
|

δa=60◦ 0.1461 0.1461 0.1461
−0.0843 −0.0843 −0.0843
−0.4325 −0.4325 −0.4325

  −0.5774 0.0000 0.0000
0.3333 0.0000 0.0000
1.7094 0.0000 0.0000

  0.0000 0.0493 −0.0493
0.0000 −0.0285 0.0285
0.0000 −0.1461 0.1461



Table 2. Sensitivity of M−1 to the values of the nominal kinematic parameters of the wheel b.

∆M−1

∆Rb
|

Rb=0.195 m
∆M−1

∆rb
|

rb=0.148 m
∆M−1

∆δb
|

δb=180◦ 0.0000 0.0000 0.0000
0.1687 0.1687 0.1687
−0.4325 −0.4325 −0.4325

  0.0000 0.0000 0.0000
0.0000 −0.6667 0.0000
0.0000 1.7094 0.0000

  0.0000 0.0000 0.0000
−0.0570 0.0000 0.0570

0.1461 0.0000 −0.1461



Table 3. Sensitivity of M−1 to the values of the nominal kinematic parameters of the wheel c.

∆M−1

∆Rc
|

Rc=0.195 m
∆M−1

∆rc
|

rc=0.148 m
∆M−1

∆δc
|

δc=300◦ −0.1461 −0.1461 −0.1461
−0.0843 −0.0843 −0.0843
−0.4325 −0.4325 −0.4325

  0.0000 0.0000 0.5774
0.0000 0.0000 0.3333
0.0000 0.0000 1.7094

  −0.0493 0.0493 0.0000
−0.0285 0.0285 0.0000
−0.1461 0.1461 0.0000



2.5. Ground Truth Trajectory

The calibration procedure proposed in this work requires the development of several
motion experiments conducted in a controlled, clean and structured area, without obstacles
on the floor and with plain and clean surrounding walls. During these motion experiments
the odometry and the ground truth (or real) trajectory of the mobile robot are registered
for offline calibration analysis. The trajectory estimated with the odometry is based on
relative onboard information that is prone to cumulative systematic errors (see Section 2.4).
The trajectory estimated from the precise information provided by the onboard LIDAR
(providing 1.081 points per scan and a radial distance range up to 30 m) and processed
with SLAM [8] is assumed as the ground truth trajectory of the mobile robot [20] because
the absolute LIDAR information gathered in this clean conditions is not prone to systematic
errors. The trajectory estimated with the odometry is based on relative onboard information
that is prone to cumulative systematic errors (see Section 2.4) while the ground truth
trajectory estimated with the precise onboard LIDAR is based on an absolute description
of the structured environment around the mobile robot that is not prone to systematic
errors. This procedure to obtain the ground truth trajectory was used previously in [20].
In case an accurate onboard LIDAR is not available, it will be necessary to obtain the
ground truth trajectory using other means such as an external laser tracker [27,28] or
external cameras [29].

Figure 6a shows a representation of the odometry and ground truth trajectories,
which are usually different because of the existence of systematic odometry errors. The
values represented are: the starting point of the mobile robot (xi, yi, θi), the motion com-
mand applied M = (v, α, ω, tr), the true final position and orientation estimated with
SLAM

(
xgt f , ygt f , θgt f

)
, and the final position and orientation of the mobile robot es-

timated with the odometry
(

x f , y f , θ f

)
. In each motion experiment the mobile robot

also registers all intermediate information needed to replicate the offline computation
of the odometry and ground truth trajectories in order to perform the calibration of
the odometry. The information registered is (see Figure 6b): a vector containing the
sequence of instantaneous angular velocities of the three wheels and the elapsed time
E(k = 1 . . . n) = [t(k), [ωa(k), ωb(k), ωc(k)]], where n is the number of velocity samples
available; a vector containing the position of the mobile robot estimated by the odometry
O(k = 1 . . . n) = [t(k), [x(k), y(k), θ(k)]]; and a vector containing the ground truth position
GT(p = 1 . . . m) = [t(p), [xgt(p), ygt(p), θgt(p)]] estimated with SLAM. Please note that
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t(k) is the time in which a new estimation of the instantaneous angular velocities of the
wheels E(k) is provided by the encoder. This time can be computed as t(k) = k·T or
t(k) = t(k− 1) + T, where T is the sampling time of the PIDs; in the APR-02 this value is
T = 10 ms. The odometry information O(k) is computed from E(k), so it is defined by the
same time sequence t(k). Alternatively, t(p) is the time in which a new raw scan L(p) is
provided by the LIDAR. This time can be computed as t(p) = t(p− 1) + Dp, where Dp
ranges from 200 ms to 300 ms depending on the time required by the control system of
the mobile robot to apply SLAM and estimate GT(p). This variation is because the control
system waits to request a new LIDAR scan until the SLAM procedure finishes, so this time
lapse will be different depending on the time needed to apply SLAM from the raw LIDAR
scans.
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Figure 6. Representation of the ground truth trajectory of the mobile robot (orange line) and the 
trajectory estimated with the odometry (green line): (a) complete trajectories; (b) angle and dis-
tance differences between the trajectory positions estimated with the odometry and the SLAM 
procedure. 

The hypothesis of this paper is then that the odometry trajectory will be correct and 
exact when this trajectory matches the ground truth (real) trajectory of the mobile robot. 

 

 

Figure 6. Representation of the ground truth trajectory of the mobile robot (orange line) and the
trajectory estimated with the odometry (green line): (a) complete trajectories; (b) angle and distance
differences between the trajectory positions estimated with the odometry and the SLAM procedure.

The hypothesis of this paper is then that the odometry trajectory will be correct and
exact when this trajectory matches the ground truth (real) trajectory of the mobile robot.

Figure 7 shows the final position results obtained when the mobile robot APR-02
repeats the same calibration trajectory five times, starting each trajectory with the same
initial position and angular orientation. Figure 7 represents the zoomed information of the
planned final destination of the mobile robot (black dot and line) when the mobile robot
completes a simple straight trajectory, the ground truth trajectory (orange dotted line) and
ground truth final position and orientation of the mobile robot (orange circle and line), and
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the trajectory (green dotted line) and final mobile robot position and orientation estimated
with the odometry (green square and line). The results of Figure 7 reveal the existence of
systematic differences between the odometry and ground truth trajectories. This paper
proposes the reduction of such differences by applying an iterative calibration procedure to
the kinematic parameters used to estimate the odometry of the mobile robot APR-02.
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Figure 7. Planned trajectory (back dotted line) zoomed at the planned ending position and orientation
of the mobile robot (black point and line); measured ground truth trajectories (orange dotted line)
detailing the final position and orientation of the mobile robot (orange circle and line); and measured
odometry trajectory (green dotted line) detailing the ending position and orientation of the mobile
robot (green circle and line).

2.5.1. Distance and Angular Errors during a Trajectory

The determination of the distance and angular errors between the odometry trajectory
points O(k = 1 . . . n) and the ground truth trajectory points GT(p = 1 . . . m) require the
subsampling of the original odometry trajectory in order to have an odometry trajectory
vector with the same length as the ground truth vector. The subsampled odometry trajectory
vector OSS(p = 1 . . . m) = [t(p), [x(p), y(p), θ(p)]] is then obtained by searching for the
nearest t(k) and t(p) values (see Figure 6b). The distance and angle error vectors are then
computed as:

distanceerror(p) =
√
(xgt(p)− x(p))2 + (ygt(p)− y(p))2 (8)

angleerror(p) =
√
(θgt(p)− θ(p))2 (9)

2.5.2. Maximum Error in a Trajectory

The determination of the maximum distance and angular error between the odometry
and ground truth trajectory is obtained from the distance error vector and the angle error
vector, respectively, using:

MaximumErrorDistance = max(distanceerror(p = 1 . . . m)) (10)

MaximumErrorAngle = max(angleerror(p = 1 . . . m)) (11)
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2.5.3. RMS Error in a Trajectory

The determination of the Root Mean Square error (RMSE) that summarizes the differ-
ences between the odometry and ground truth trajectory are computed using:

RMSEdistance =

√√√√∑m
p=1

(
distanceerror(p)2

)
m

(12)

RMSEangle =

√√√√∑m
p=1

(
angleerror(p)2

)
m

(13)

2.5.4. Cost Function Summarizing Trajectory Differences

The cost function used in this paper to summarize in one single value CF the overall
differences (position and angular orientation) between the odometry and ground truth
trajectories is computed from the final position of the mobile robot using:

CF =

√(
xgt f − x f

)2
+
(

ygt f − y f

)2
+
(

θgt f − θ f

)2
(14)

This cost function value CF will be used to guide the iterative odometry calibration
procedure in order to tune the effective kinematic parameters of the mobile robot. This cost
function was also used by Savaee et al. [15] to calibrate the effective kinematic parameters
of a comparable omnidirectional mobile robot. This cost function implicitly applies the
same weights to a final positioning with a distance error of 1 m or an angular arch error of
1◦. We have selected this cost function because a small angular error usually has a large
cumulative effect in the odometry of an omnidirectional mobile robot.

2.6. Iterative odometry Calibration Procedure

This paper proposes the application of an iterative calibration procedure to tune or ad-
just the effective value of the kinematic parameters of the mobile robot: Ra, Rb, Rc, ra, rb, rc,
δa, δb, δc, used to compute the M−1 matrix. These kinematic parameters have been described
in Section 2.2 and represented graphically in Figure 2. The planned result of the iterative
calibration procedure is a better match between the odometry and ground truth mobile
robot trajectories.

Figure 8 depicts the flowchart of the iterative odometry calibration procedure. The
iterative process starts with the nominal or theoretical values of the kinematic parame-
ters of the mobile robot (Ra, Rb, Rc, ra, rb, rc, δa, δb, δc), which are used to compute a first
estimation of the M−1 matrix. Then, the iterative process uses the initial position and
orientation of the mobile robot (xi, yi, θi) and the sequence of angular rotational velocities
of the wheels obtained from the encoders E(k = 1 . . . n) = [t(k), [ωa(k), ωb(k), ωc(k)]] to
compute the odometry trajectory O(k = 1 . . . n) of the mobile robot and estimate the final
position and angular orientation of the mobile robot

(
x f , y f , θ f

)
= O(k = n). Then, the

cost function is used to compare this estimate of final position and orientation of the mobile
robot

(
x f , y f , θ f

)
with its true position and orientation

(
xgt f , ygt f , θgt f

)
= GT(p = m).
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The iterative minimization function evaluates the cost function and decides between
repeating the loop with new values of the kinematic parameters or stopping the iterative
minimization search. The final result of this iterative procedure is an improved or corrected
M−1 matrix ready to better estimate the odometry of the mobile robot APR-02. The
nonlinear minimization functions evaluated in this paper are based on gradient search
and genetic algorithms (GA). In both cases, the inputs and genome of the minimization
functions are the initial values of the kinematic parameters parami defined as:

parami = (0.195, 0.195, 0.195, 0.148, 0.148, 0.148, 60.000, 180.000, 300.000) (15)

And the upper (paramub) and lower (paramlb) bounds proposed to guarantee the
physical interpretation of the results:

paramub = (0.220, 0.220, 0.220, 0.158, 0.158, 0.158, 62.000, 182.000, 302.000)

paramlb = (0.170, 0.170, 0.170, 0.138, 0.138, 0.138, 58.000, 178.000, 298.000)
(16)

The specific search functions used in this paper are:
Fmin search function. The implementation of a gradient search nonlinear minimiza-

tion to calibrate the odometry is based on the Matlab function fmincon.m, which is a
nonlinear multivariable function that attempts to iteratively find the local unconstrained
minimum of an objective multivariate cost function summarized in a value CF evaluated
within specific bounds. In this calibration application, the search will use parami as the
initial population and paramlb and paramub as the lower and upper bounds of the iterative
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search. The stopping criteria of this iterative search is a change in CF less than the default
value of the parameter StepTolerance (10−10) with a maximum constraint violation less
than the default value of the parameter Constraint Tolerance (10−6) before reaching the
maximum number of iterations that is usually defined as the number of variables of parami
multiplied by 100 (900).

GA search function. The implementation of a genetic algorithms (GA) minimization
to calibrate the odometry is based on the Matlab function ga.m, which will attempt to
iteratively find the local unconstrained minimum of an objective multivariate cost function
summarized in a value CF evaluated within specific bounds. The inputs and outputs of
the iterative search are the same as in the previous function. The initial population and
bounds for the GA algorithm are defined using the Matlab function gaoptimset.m in the
parameters InitialPopulation and PopInitRange. This iterative search stops if the average
relative change in the best fitness of the cost function CF is less than or equal to the default
value of the parameter FunctionTolerance (10−6).

3. Systematic Odometry Error Evaluation and Correction

The procedure proposed in this paper to systematically evaluate and correct the
systematic odometry errors of the omnidirectional mobile robot APR-02 is based on the
definition of 36 individual calibration trajectories which together depict a flower-shaped
figure, on the measurement of the odometry and ground truth trajectory in each calibration
trajectory, and on the application of several strategies to iterative adjustment of the effective
value of the kinematic parameters to match the odometry and the ground truth trajectories
registered in these 36 calibration trajectories. The implementation of the 36 trajectories
that define the flower-shaped figure is proposed as a representative test-bench of the
infinite trajectories that can perform this omnidirectional mobile robot. In this paper, each
calibration trajectory has been repeated 10 times; with a total of 360 registered trajectories.
Five repetitions will be used to calibrate the effective value of the kinematic parameters
and Five repetitions will be used to validate the results.

3.1. Calibration Trajectories Depicting a Characteristic Flower-Shaped Figure

This paper proposes the improvement of the odometry of the omnidirectional mobile
robot APR-02 using a set of specific individual calibration trajectories that globally depict a
characteristic flower-shaped figure. Figure 9 shows the proposed trajectories and Table A1
(listed in Appendix A) presents the motion command required to implement each cali-
bration trajectory and the values of the corresponding target angular rotational velocities
of the wheels required to implement each trajectory that will be specific for each mobile
robot type.

The target angular velocities of the wheels shown in Table A1 (Appendix A) are in
revolutions per minute (rpm) because this unit is normally used by the PIDs controlling the
angular rotational velocity of the motors of the mobile robot. The calibration trajectories
comprise straight displacements (Figure 9, red line labeled with an R followed with a
number), clockwise displacements (blue line labeled with a B followed with a number),
and counterclockwise displacements (green line labeled with a G followed with a number).
These 36 combinations of angular rotational velocities of the wheels are a short repre-
sentation of the infinite set of possible motion combinations. The linear displacement
of all trajectories has been limited to 1 m in order to generate a characteristic and easy
to remember flower-shaped figure. In this paper, each trajectory has been repeated and
registered 10 times in a total of 360 trajectory experiments. Each trajectory register contains
the sequence of instantaneous angular velocities of the three wheels E(k = 1 . . . n), where
n is the number of samples available; the vector containing the position of the mobile
robot estimated by the odometry O(k = 1 . . . n); and the vector containing the ground truth
position GT(p = 1 . . . m) estimated by the SLAM procedure.
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Figure 9. Representation of the ideal flower-shaped trajectories proposed to calibrate the odometry
of the omnidirectional mobile robot APR-02.

The adequacy of the trajectories proposed in Figure 9 to the calibration of the odometry
mobile robot APR-02 will be evaluated in the following section.

3.2. Odometry Calibration Strategies and Results

The odometry calibration strategies tested in this paper are based on analysis of the
calibration trajectories proposed in Figure 9. The iterative calibration procedure used has
been previously described in Section 2.6. In summary, this iterative calibration gets the
registered calibration trajectories and iteratively adjusts the values of the effective kinematic
parameters to globally match the odometry and ground truth trajectories.

Table 4 presents the results obtained: Trajectories depicts which trajectories have been
used in the iterative search; Strategy shows the acronym of the calibration strategy applied;
Method describes the iterative function used (GA or fmin) and the number of trajectory
repetitions used in the iterative search: (1) one or (5) five repetitions; M−1 shows the
value of the kinematic matrix obtained as a result of the iterative search; CFCALIBRATION
is the value of the average cost function obtained during the iterative search or training;
CFVALIDATION is the average value of the cost function obtained with five additional calibra-
tion trajectories (the complete flower-shape); Improvement depicts the relative improvement
of CFVALIDATION relative to the uncalibrated case (None strategy).
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Table 4. Trajectories, calibration strategies and results obtained.

Trajectories Strategy Method M−1 CFCALIBRATION CFVALIDATION Improvement
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– 0.0897 – 0.0002 0.0864
   0.0524 – 0.1001 0.0530
   0.2373    0.2346 0.2364

� 0.0199 0.0248 80.05% 

Fmin1 �
– 0.0852    0.0009 0.0844
   0.0490 – 0.0968 0.0492
   0.2398    0.2361 0.2383

� 0.0539 0.0660 46.89% 

GA5 �
– 0.0892 – 0.0004 0.0874
   0.0518 – 0.1027 0.0533
   0.2365    0.2333 0.2358

� 0.0202 0.0261 78.98% 

Fmin5 �
– 0.0851    0.0009 0.0845
   0.0489 – 0.0967 0.0490
   0.2393    0.2358 0.2383

� 0.0554 0.0665 46.43% 

 
All 

STE 

GA1 �
– 0.0895 – 0.0007 0.0867
   0.0528 – 0.1002 0.0537
   0.2367    0.2346 0.2355

� 0.0212 0.0226 81.83% 

Fmin1 �
– 0.0859    0.0008 0.0851
   0.0497 – 0.0983 0.0501
   0.2421    0.2397 0.2408

� 0.0591 0.0636 48.82% 

GA5 �
– 0.0893 – 0.0006 0.0867
   0.0521 – 0.1010 0.0533
   0.2364    0.2341 0.2354

� 0.0221 0.0222 82.14% 

Fmin5 �
– 0.0859    0.0007 0.0850
   0.0495 – 0.0982 0.0501
   0.2418    0.2394 0.2406

� 0.0603 0.0634 48.97% 

R1, R5, R9

STA

GA1
 −0.0866 0.0015 0.0891

0.0517 −0.1012 0.0536
0.2567 0.2552 0.2539

 0.0214 0.1215 2.18%

Fmin1
 −0.0881 0.0009 0.0876

0.0497 −0.1024 0.0517
0.2594 0.2588 0.2565

 0.0228 0.1386 −11.61%

GA5
 −0.0849 0.0043 0.0909

0.0503 −0.1014 0.0507
0.2559 0.2560 0.2561

 0.0202 0.1267 −2.03%

Fmin5
 −0.0883 0.0007 0.0874

0.0505 −0.1015 0.0509
0.2569 0.2593 0.2598

 0.0192 0.1436 −15.62%
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   0.0477 – 0.0966 0.0486
   0.2393    0.2356 0.2376

� 0.0525 0.0677 45.52% 
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� 0.0258 0.0817 34.2 % 
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   0.2585    0.2565 0.2573
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– 0.0897 – 0.0002 0.0864
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– 0.0852    0.0009 0.0844
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GA5 �
– 0.0892 – 0.0004 0.0874
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– 0.0851    0.0009 0.0845
   0.0489 – 0.0967 0.0490
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– 0.0895 – 0.0007 0.0867
   0.0528 – 0.1002 0.0537
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� 0.0212 0.0226 81.83% 

Fmin1 �
– 0.0859    0.0008 0.0851
   0.0497 – 0.0983 0.0501
   0.2421    0.2397 0.2408

� 0.0591 0.0636 48.82% 

GA5 �
– 0.0893 – 0.0006 0.0867
   0.0521 – 0.1010 0.0533
   0.2364    0.2341 0.2354

� 0.0221 0.0222 82.14% 

Fmin5 �
– 0.0859    0.0007 0.0850
   0.0495 – 0.0982 0.0501
   0.2418    0.2394 0.2406

� 0.0603 0.0634 48.97% 

B2, B6, B10, G12, G4,
G8

STB

GA1
 −0.0898 −0.0010 0.0851

0.0533 −0.1000 0.0567
0.2379 0.2340 0.2335

 0.0170 0.0333 73.19%

Fmin1
 −0.0862 −0.0009 0.0835

0.0479 −0.0964 0.0496
0.2404 0.2352 0.2369

 0.0503 0.0691 44.36%

GA5
 −0.0894 −0.0011 0.0860

0.0525 −0.0999 0.0539
0.2369 0.2340 0.2350

 0.0166 0.0232 81.36%

Fmin5
 −0.0857 0.0003 0.0844

0.0477 −0.0966 0.0486
0.2393 0.2356 0.2376

 0.0525 0.0677 45.52%
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– 0.0859    0.0007 0.0850
   0.0495 – 0.0982 0.0501
   0.2418    0.2394 0.2406

� 0.0603 0.0634 48.97% 

R1 . . . R12

STC

GA1
 −0.0907 −0.0030 0.0844

0.0512 −0.1014 0.0520
0.2579 0.2559 0.2567

 0.0264 0.1278 −2.92%

Fmin1
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 0.0273 0.1308 −5.31%

Fmin5
 −0.0881 −0.0001 0.0873

0.0512 −0.1015 0.0524
0.2497 0.2475 0.2483

 0.0264 0.0832 33.00%
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STD
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 0.0202 0.0261 78.98%

Fmin5
 −0.0851 0.0009 0.0845

0.0489 −0.0967 0.0490
0.2393 0.2358 0.2383

 0.0554 0.0665 46.43%
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– 0.0852    0.0009 0.0844
   0.0490 – 0.0968 0.0492
   0.2398    0.2361 0.2383

� 0.0539 0.0660 46.89% 

GA5 �
– 0.0892 – 0.0004 0.0874
   0.0518 – 0.1027 0.0533
   0.2365    0.2333 0.2358

� 0.0202 0.0261 78.98% 

Fmin5 �
– 0.0851    0.0009 0.0845
   0.0489 – 0.0967 0.0490
   0.2393    0.2358 0.2383

� 0.0554 0.0665 46.43% 

 
All 

STE 

GA1 �
– 0.0895 – 0.0007 0.0867
   0.0528 – 0.1002 0.0537
   0.2367    0.2346 0.2355

� 0.0212 0.0226 81.83% 

Fmin1 �
– 0.0859    0.0008 0.0851
   0.0497 – 0.0983 0.0501
   0.2421    0.2397 0.2408

� 0.0591 0.0636 48.82% 

GA5 �
– 0.0893 – 0.0006 0.0867
   0.0521 – 0.1010 0.0533
   0.2364    0.2341 0.2354

� 0.0221 0.0222 82.14% 

Fmin5 �
– 0.0859    0.0007 0.0850
   0.0495 – 0.0982 0.0501
   0.2418    0.2394 0.2406

� 0.0603 0.0634 48.97% 
All

STE

GA1
 −0.0895 −0.0007 0.0867

0.0528 −0.1002 0.0537
0.2367 0.2346 0.2355

 0.0212 0.0226 81.83%

Fmin1
 −0.0859 0.0008 0.0851

0.0497 −0.0983 0.0501
0.2421 0.2397 0.2408

 0.0591 0.0636 48.82%

GA5
 −0.0893 −0.0006 0.0867

0.0521 −0.1010 0.0533
0.2364 0.2341 0.2354

 0.0221 0.0222 82.14%

Fmin5
 −0.0859 0.0007 0.0850

0.0495 −0.0982 0.0501
0.2418 0.2394 0.2406

 0.0603 0.0634 48.97%

The calibration strategies shown in Table 4 have been generally labeled as STX-GAZ
and STX-FminZ, where X describes the group of trajectories considered (from A to E); GA
refers to the use of the ga.m iterative function and Fmin to the fmincon.m iterative function;
and Z is the number of repetitions of each calibration trajectory considered, a value that
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can be 1 or 5. The evaluation of each calibration strategy with one or five repetitions was
proposed to compare the achievements obtained relative to the additional effort required
to obtain 5 repetitions of each calibration trajectory. The calibration strategies evaluated in
Table 4 are:

None. This strategy provides a reference evaluation result of the cost function
CFVALIDATION using the uncalibrated kinematic parameters to compute the odometry
of the 5 repetitions of all calibration trajectories registered to validate the results.

STA. This strategy uses only the straight calibration trajectories corresponding to a
forward motion and two additional motions at ±120◦ (Figure 9, trajectories: R1, R5 and
R9). For example, STA-GA1 uses one repetition of the straight calibration trajectories and
genetic algorithms, whereas STA-Fmin5 uses five repetitions of the straight calibration
trajectories evaluated with the nonlinear multivariable function.

STB. This strategy uses only the curved clockwise and counterclockwise trajecto-
ries corresponding to a forward motion and two additional motions at ±120◦ (Figure 9,
trajectories: B2, B6, B10, G12, G4 and G8).

STC. This strategy uses only the straight trajectories corresponding to a forward
motion and eleven additional motions at ±30◦ (Figure 9, trajectories from R1 to R12).

STD. This strategy uses only the curved clockwise and counterclockwise trajectories
corresponding to a forward motion and eleven additional motions at ±30◦ (Figure 9,
trajectories from B1 to B12 and from G1 to G12).

STE. This strategy uses all the straight and curved paths that depict the characteristic
flower-shaped figure (Figure 9, all calibration trajectories).

3.3. Discussion of the Results Obtained with the Odometry Calibration Strategies

The results of the calibration strategies evaluated in Table 4 show that the evaluation
of straight trajectories usually generates worse validation results than curved trajectories. It
is likely that straight target trajectories (Table A1: R1 . . . R12) are less representative of the
motion because they only use three different angular rotational velocities: ±11.291,±19.557
and ±22.583 rpm, while the curved trajectories cover six angular velocities (Table A1). In
general, the best results of the iterative search are obtained with GA, probably because GA
is less prone to local minimum converge.

The best calibration result (CFCALIBRATION = 0.0166) was obtained with the strategy
STB-GA5, using GA and five repetitions of only six curved calibration trajectories, also with
very good validation results (CFVALIDATION = 0.0232). A similar result was obtained with
the strategy STB-GA1, using only one repetition of these six curved calibration trajectories
(CFCALIBRATION = 0.0170), confirming the representativeness of the curved calibration
trajectories. The strategies STB-GA1 and STB-GA5 represent a huge improvement of 73.1%
and 81.3% in the average validation of CFVALIDATION relative to the uncalibrated case.

The best validation result (CFVALIDATION = 0.0222) was obtained with the strategy
STE-GA5, using GA and 5 repetitions of all 36 calibration trajectories (180 training ex-
periments). However, a very similar result was also obtained using GA and with only 1
repetition of all training trajectories (STE-GA1, 36 experiments, CFVALIDATION = 0.0226).
The improvements obtained in the validation of STE-GA1 and STE-GA5 were 81.8% and
82.1% respectively, so the conclusion is that both strategies are valid to calibrate the kine-
matic parameters of the mobile robot APR-02.

Table 5 compares the differences between the nominal and calibrated kinematic pa-
rameters obtained with STE-GA5. Unexpectedly, the differences between the nominal
and calibrated values of the distance from the wheels to the center of the mobile robot
(Ra, Rb, Rc) are higher than 10%, likely caused by the bending of the structure that supports
the wheels (wheelbase). The differences in the effective values of the radii of the wheels
(ra, rb, rc) are in a range from 2 to 5%, probably caused by the complex assembly of the
wheels. Finally, the values of the angular orientation of the wheels (δa, δb, δc) vary within a
very small range (0.18% and 0.52%), confirming the good alignment of the wheels and DC
motors during the assembly of the mobile robot.
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Table 5. Nominal and calibrated kinematic parameters (strategy STE-GA5) of the mobile robot.

Ra (m) Rb (m) Rc (m) ra (m) rb (m) rc (m) δa (◦) δb (◦) δc (◦)

Nominal 0.195 0.195 0.195 0.148 0.148 0.148 60.0 180.0 300.0
Calibrated 0.218643 0.215735 0.216287 0.155068 0.151534 0.152728 59.7397 179.6820 301.5735
Difference 12.13% 10.63% 10.92% 4.78% 2.39% 3.19% −0.43% −0.18% 0.52%

The exact value of the best inverse of the compact kinematic matrix M−1 computed
from the effective value of the kinematic parameters obtained with STE-GA5 is:

MSTEGA5
−1 =

 −0.0892930568372762 −0.0005606566978203 0.0867466159313470
0.0520955668635434 −0.1010213675626970 0.0533117820461363
0.2364093797047320 0.2341358647406650 0.2353792947863630

 (17)

Finally, Table 6 summarizes the average RMS errors and average maximum errors ob-
tained with the uncalibrated and calibrated kinematic parameters. These validation results
have been obtained with the five repetitions of the 36 calibration trajectories registered for
validation (180 validation experiments). Table 6 shows that the improvement computed
from the validation value of the cost function (82.1%) is representative of the trajectory
improvements achieved. The application of the calibrated kinematic parameters showed
an improvement of 67% in the evaluation of the RMS error distance between the odom-
etry trajectory and the ground truth trajectory, and an improvement of 71% in the RMS
error evaluation of the absolute difference between the angular orientation of the mobile
robot during these trajectories. The application of the calibrated kinematic parameters
also showed a reduction in the maximum absolute differences between the odometry and
ground truth trajectories, which have been reduced from 76 mm to 23 mm and from 5.86◦

to 1.77◦. Similar improvements have been obtained in the error in the determination of the
final location and angular orientation of the mobile robot that has been reduced from 74
mm to 16 mm and from and from 5.32◦ to 0.73◦. Figure 10 shows the application of the
calibrated odometry to the trajectories shown previously in Figure 7, which correspond to
five repetitions of the R1 calibration trajectory.

Table 6. Summary of the average trajectory errors obtained with the uncalibrated and calibrated
kinematic parameters.

RMS Error Max Error Final position error CFVALIDAT IONDistance
(m)

Abs(angle)
(◦)

Distance
(m)

Abs(angle)
(◦)

Distance
(m)

Abs(angle)
(◦)

Uncalibrated 0.040 3.00 0.076 5.86 0.074 5.32 0.1242
Calibrated (STE-GA5) 0.013 0.86 0.023 1.77 0.016 0.73 0.0222

Improvement 67.00% 71.22% 68.99% 69.82% 78.38% 86.24% 82.14%
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Savaee et al. [15], and confirm that the mutation and combinations generated during the 
search based on genetic algorithms has the best chance to detect the global minimum of 
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ground truth trajectories of the mobile robot. In this case, the genetic algorithm search 
(strategy STE-GA5) required 187 iterations and 37.545 function counts to meet the stop-
ping criteria. 
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Figure 10. Planned trajectory (back dotted line) zoomed at the planned ending position and orienta-
tion of the mobile robot (black point and line); measured ground truth trajectories (orange dotted
line) detailing the final position and orientation of the mobile robot (orange circle and line); and
odometry trajectories measured after calibration (green dotted line) detailing the ending position and
orientation of the mobile robot (green circle and line).

4. Discussion and Conclusions

This paper proposes a general procedure to evaluate and correct the systematic odom-
etry errors of a real three-wheeled omnidirectional mobile robot (1.760 m, 30 kg) designed
as a versatile personal assistant tool. This procedure is based on the definition of 36 repre-
sentative straight and curved calibration trajectories which together depict a characteristic
flower-shaped figure.

The odometry and ground truth trajectories measured while performing each one
of these calibration trajectories are measured and registered for later offline fitting of the
kinematic parameters of the mobile robot in order to match these two trajectories. This
paper has evaluated the use of different trajectory subsets and the use of two iterative
matching strategies based on gradient search minimization and genetic algorithms. The best
matching between odometry and ground truth trajectories has been obtained using genetic
algorithms and five repetitions of all calibration trajectories. The fitting of the kinematic
parameters has shown differences higher than 10% in the distance from the wheels to the
center of the mobile robot (Ra, Rb, Rc), and between 2 and 5% in the radii of the wheels
(ra, rb, rc). This approach has the advantage of the feasible physical interpretation of the
fitting results in the omnidirectional mobile robot.

The fitting results have been validated with five new additional repetitions of all
these measured trajectories, providing an average improvement of 82% in the evaluation
of the multivariable cost function that compares the final position and orientation of the
mobile robot. The best performances of the genetic algorithm agree with the results of
Savaee et al. [15], and confirm that the mutation and combinations generated during the
search based on genetic algorithms has the best chance to detect the global minimum of the
multivariate function that summarizes the differences between the odometry and ground
truth trajectories of the mobile robot. In this case, the genetic algorithm search (strategy
STE-GA5) required 187 iterations and 37.545 function counts to meet the stopping criteria.

The final conclusion of the comparative calibration analysis performed in this work
is that the use of curved calibration trajectories is more representative to calibrate the
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kinematic parameters of an omnidirectional mobile robot. This conclusion agrees with
Batlle et al. [17], who proposed the use of four curved trajectories for general omnidirec-
tional mobile robot calibration, and with Maddahi et al. [11], who concluded that the
performance of a calibration procedure depends on the type of trajectory analyzed.

Future works will analyze the application of this procedure to different units of the same
mobile robot type in order to validate its application in a general manufacturing stage.
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Appendix A

Table A1. Description of the motion commands and the corresponding target angular velocities of
the wheels corresponding to the calibration trajectories shown in Figure 9.

Trajectory Motion Command Target Angular Velocities (rpm)

v (m/s) α(◦) ω(rad/s) d(m) ωMa ωMb ωMc

R1 0.35 0 0 1.0 −19.557 0.000 19.557
R2 0.35 30 0 1.0 −11.291 −11.291 22.583
R3 0.35 60 0 1.0 0.000 −19.557 19.557
R4 0.35 90 0 1.0 11.291 −22.583 11.291
R5 0.35 120 0 1.0 19.557 −19.557 0.000
R6 0.35 150 0 1.0 22.583 −11.291 −11.291
R7 0.35 180 0 1.0 19.557 0.000 −19.557
R8 0.35 210 0 1.0 11.291 11.291 −22.583
R9 0.35 240 0 1.0 0.000 19.557 −19.557
R10 0.35 270 0 1.0 −11.291 22.583 −11.291
R11 0.35 300 0 1.0 −19.557 19.557 0.000
R12 0.35 330 0 1.0 −22.583 11.291 11.291
G1 0.35 0 0.35 1.0 −15.154 4.404 23.961
G2 0.35 30 0.35 1.0 −6.888 −6.888 26.986
G3 0.35 60 0.35 1.0 4.404 −15.154 23.961
G4 0.35 90 0.35 1.0 15.695 −18.179 15.695
G5 0.35 120 0.35 1.0 23.961 −15.154 4.404
G6 0.35 150 0.35 1.0 26.986 −6.888 −6.888
G7 0.35 180 0.35 1.0 23.961 4.404 −15.154
G8 0.35 210 0.35 1.0 15.695 15.695 −18.179
G9 0.35 240 0.35 1.0 4.404 23.961 −15.154

G10 0.35 270 0.35 1.0 −6.888 26.986 −6.888
G11 0.35 300 0.35 1.0 −15.154 23.961 4.404
G12 0.35 330 0.35 1.0 −18.179 15.695 15.695
B1 0.35 0 −0.35 1.0 −23.961 −4.404 15.154
B2 0.35 30 −0.35 1.0 −15.695 −15.695 18.179
B3 0.35 60 −0.35 1.0 −4.404 −23.961 15.154
B4 0.35 90 −0.35 1.0 6.888 −26.986 6.888
B5 0.35 120 −0.35 1.0 15.154 −23.961 −4.404
B6 0.35 150 −0.35 1.0 18.179 −15.695 −15.695
B7 0.35 180 −0.35 1.0 15.154 −4.404 −23.961
B8 0.35 210 −0.35 1.0 6.888 6.888 −26.986
B9 0.35 240 −0.35 1.0 −4.404 15.154 −23.961
B10 0.35 270 −0.35 1.0 −15.695 18.179 −15.695
B11 0.35 300 −0.35 1.0 −23.961 15.154 −4.404
B12 0.35 330 −0.35 1.0 −26.986 6.888 6.888
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