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Abstract—Knowledge about the environment is essential for
humanoid and mobile robots to move and act safely. The most
intuitive way to perceive information about the environment is
through the vision system. However, the accuracy provided by
stereo vision is insufficient for many tasks. A more accurate
representation is created by a laser range-finder, which delivers
no color information. This paper describes a novel approach to
merge data obtained by stereo vision and laser range-finders
by using a genetic ICP algorithm, which is able to register
noisy point clouds with different resolutions and a small overlap.
Furthermore, it describes an easy-to-use and robust method to
calibrate the extrinsic parameters of two or more laser range-
finders.

I. INTRODUCTION

A robot has many possibilities to observe the environment.

Next to the vision system, another biological inspired tech-

nology is the use of ultrasound, which delivers a cheap and

easy-to-use sensor. A more accurate map is created by a laser

range-finder, which is more expensive and needs more energy.

Every type of scanner has advantages and disadvantages, a

laser range-finder provides the best spatial resolution, but no

color information. However, a high accuracy is essential for

a robot to act safely and color information is very helpful

to recognize and classify objects and thus for the creation of

a detailed semantic network. Consequently, these three types

and any combinations of them are widespread. The fusion

of laser and vision data will yield in a representation of the

environment that delivers both, an accurate and colored map

which can be used for navigation and cognitive understanding

of the environment.

Sonar and laser range-finders are built to deliver depth-

information with no color information, whereas a single cam-

era delivers a two dimensional colored picture. To obtain depth

information by a vision system, two or more calibrated (the

intrinsic like focal length, principal point, skew coefficient and

the distortion coefficients and the extrinsic camera parameters

like the position and orientation in space have to be known)

cameras must be used. A adequate stereo matching algorithm

creates a depth map using pictures of the camera. This depth

information can be used to create a rough map of the environ-

ment, represented by a colored point cloud. In order to enhance

the accuracy of the colored point cloud, it can be fusioned with

the data delivered by a laser-range finder. This will yield into

a highly precise colored point cloud.

The remainder of this paper is organized as follows: An outline

of the state of the art will be given in section 2. The algorithm

used for the calibration of the laser range-finders will be

described in section 3, while section 4 includes the genetic ICP

algorithm and section 5 some experimental results. A last, a

conclusion and outlook to future works will be given in section

6.

II. STATE OF THE ART

Before laser and vision data can be fusioned, the extrinsic

parameters (i.e. the position and orientation) of the laser range-

finders have to be measured. As the alignment of the laser

scanners is changed frequently, the measurement should be

automated. This procedure is called calibration. Previous work

deals mostly with the calibration of the intrinsic parameters of

a laser range-finder [2] and the calibration between a laser

range-finder and a camera [10], [18] and are specialized for

a single setup of the system and type of laser range-finder.

A common approach, which is easy to use and can calibrate

all types of laser range-finders automatically still has to be

developed.

When it comes to registration of two or more scans, the

iterative closest point algorithm [1] is widely spread. There

exist many different types of the algorithm. Most common use

quaternions [1], [4] or singular value decomposition [17] to

compute the transformation between the point clouds. Other

algorithms use standard optimization methods [7], [11] to

minimize an error function. Another approach is the use of

extended gaussian images [3], [9], an alternative representation

of the shape of surfaces which can easily be computed. An

overview about other ICP-variants which use different methods

to optimize the execution time [5] can be found in [14]. The

main disadvantage of the ICP-algorithm is its disability to align

point clouds with different resolutions, noise or with a small

overlap. So far, no algorithm which can register those point

clouds properly and reliable has been developed.

If the measured data cannot be fusioned in a proper way, the

usage of multiple types of sensors is in vain. Previous work has

dealt with the fusion of image data and point clouds created

with a laser range-finder. The most common application is the

creation of an accurate textured reconstruction of indoor or

outdoor scenes [8], [16]. Other applications are localization

[12], object scanning [15] and gaining semantic knowledge
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[13]. These algorithms transform the point cloud measured

by the laser to the cameras point of view and perform a ray

based mapping of color information. If the transformation is

not correct, this will yield to displacements and distortions

and the whole scan is incorrect. Although it is an obvious and

promising approach, the use of stereo image processing is not

common. Possible errors will only have local affects, and the

rest of the scan can be used for further processing.

III. CALIBRATION OF TWO LASER RANGE-FINDERS

The area seen by one laser range-finder may be too small,

so it is useful to use more than one, each providing one point

cloud. Furthermore, using two laser range-finders will yield to

a higher accuracy. To create a single accurate point cloud,

these point clouds have to be merged. For this, the exact

position and orientation of each laser has to be know. As

the setup of the lasers is changed frequently, the calibration

progress should be automated. We created a fast, easy-to-use

and reliable algorithm to perform the calibration of most of the

extrinsic parameters, the intrinsic parameters are dependent on

the configuration of the range-finder and assumed to be known.

The algorithm uses the scan of an object with a known height

and calculates the following parameters:

• The absolute y and z position of the scanner.

• For one laser, the x position has to be known. The

x position of the other range-finders will be computed

relatively to this position.

• The absolute yaw- (Ψ), pitch- (Θ) and roll (Φ) angle of

the orientation.

Fig. 1. The extrinsic parameters

The extrinsic parameters are shown in figure 1. Each sensor

has one attached coordinate system. The x-axis is defined by

the horizontal axis of the image plane and the z-axis by the

vertical axis. Hence, the y axis points out of the image plane.

The reference system attached to the robot is located in its

center of rotation, so the robot will rotate around the z-axis

and drive in direction of the y-axis. Figure 2 shows the setup

of the mobile robot R with two laser range-finders L1 and L2.

Both scanners have a Φ of 45◦ respectively −45◦ compared to

the reference system. The areas A1 and A2 denote the scanning

area. When the mobile Robot is rotated around the z-axis, the

whole calibration object C can be scanned. Furthermore, the

stereo camera S is depicted.

A. Requirements

Before the calibration is performed, an initial guess for Φ of

each laser range-finder should be made. This will increase the

Fig. 2. Setup of a calibration-scene

execution time and avoid absurd results. For the initial guess

an accuracy of about ±45◦ is adequate. The x-position of the

first laser should be set. If it is left to zero, inaccurate results

may occur. An object must be scanned using all laser range-

finders. The height of the object hO must be known, the base

point of the object must lay on the floor (where z = 0) and the

floor has to be flat, so that no scans below the x/y− plane can

occur. After the scan has been performed, the object should be

extracted from the single laser scans. Figure 3 shows the laser

Fig. 3. Scan of the calibration-scene

scan of the calibration scene described above. In the center of

the picture the table can be seen, which has to be extracted in

a nex step. The scanned object behind the calibration object is

a part of the wall. The object on the right side is a chair.

B. Algorithm

After the scans have been made, the algorithm is executed

in two steps:
1) The calibration for each laser range-finder: As de-

scribed in algorithm 1, the z-position and Φ of the single

laser range-finders are computed iteratively in the first step.

Changing these parameters will result in a warped representa-

tion of the scanned object. The algorithm is complete, when

the minimal error ǫ is reached. In a real environment ǫ should

be in the same order of magnitude than the resolution of the

laser range-finders, so it is sufficient to set ǫ = 0.1mm.



Algorithm 1 Calibration

1: for each scan do

2: while |zmin| > ǫ and ||zmax − zmin| − hO| > ǫ do

3: Calculate zmin and zmax of the scanned object

4: if zmin < 0 + ǫ then

5: increase z
6: end if

7: if zmin > 0 − ǫ then

8: decrease z
9: end if

10: if (zmax − zmin) < 0 + ǫ then

11: increase Φ
12: end if

13: if (zmax − zmin) > 0 − ǫ then

14: decrease Φ
15: end if

16: end while

17: end for

2) The calibration of all laser range-finders: After the

single laser range-finders have been calibrated, the positions

of the scanners relative to themselves can be computed. To

calculate the alignment, the first scanner with known x-position

is handled as reference. The position and orientation of the

other scanners will be computed relative to the reference

scanner. For the calculation of the x- and y-position, as well

as Ψ and Θ, our ICP algorithm (a detailed description will be

given in section IV) is used. If the y-position of the reference

laser is not known, the y-axis will be placed between the laser

range-finders.

IV. REGISTRATION OF VISION AND LASER DATA

The ICP algorithm is widely spread to match two point

clouds. It estimates the translation and rotation relatively

between two point clouds C1 and C2 and is repeated iteratively.

C1 has n1 points, C2 n2 respectivly. It can be described in the

following way:

1) Allocate for each point p1

i of C1 the closest point p2

i in

C2.

2) Compute R and t to minimize the median error e(R, t)
in equation 1.

e(R, t) =
1

n1

n1
∑

i=0

||p1

i − (R · p2

i + t)||2 (1)

3) Transform C2 with the calculated R and t.
4) Iterate until e(R, t) converges.

ICP works fine for similar point clouds with a large overlap

and a good guess of the initial transformation. In an ideal case,

it converges in less than 10 iterations. If the initial guess is

not good enough, there is a risk that the algorithm only finds

a local minimum. Another problem will occur, if the overlap

of the two scans is not large enough. The algorithm has to

determine, which points of the two clouds overlap and use

only those overlapping points for the registration. The point

cloud, containing only the overlapping points p̃x
i , i ∈ 0...nx is

denoted as C̃x.

A. Computation of the Transformation

Since it hast some advantages compared to a SVD (sin-

gular value decomposition) based algorithm in two and three

dimensional spaces, our algorithm uses a quaternion based ICP

algorithm as described in [1] and [4]. This algorithm uses a

cross-covariance matrix to solve the least square problem in

equation 2.

argmin
R,t

=
1

ñ1

ñ1
∑

i=0

||p̃1

i − (R · p̃2

i + t)||2 (2)

In this equation only those points are considered, where

an overlap is expected. C̃1 includes all points, which fulfill

equation 3.

0 ≤ d(p1

i ,p
2

i ) ≤
dmax − dmin

2
, (3)

d(p1

i ,p
2

i ) = ||p1

i − p2

i ||2

Where dmax denotes the maximal distance between two

points and dmin the minimal distance.

B. The Genetic ICP Algorithm

As a standard ICP algorithm wasn’t able to align vision

and laser scans properly, we used a hybrid algorithm to find

the global minimum of equation 2. Our algorithm consists out

of two main parts, a standard ICP algorithm and a genetic

algorithm. Every time the standard ICP algorithm converges

against a value, the genetic algorithm is activated to find

alternative solutions. The genetic algorithm performs both,

random mutations and reproduction of two individuals. Each

individual is thereby described by six parameters: x-, y- and

z-position as well as Ψ, Θ and Φ. Before the genetic ICP

algorithm is executed, the point clouds are clustered with the

algorithm described in [6]. To remove small misplaced points,

which do not belong to any object, clusters which have less

than a minimum number of points are discarded.

The algorithm is described in algorithm 2, where i denotes

the generation and s the size of the population. In the first

step, the overlap is computed for both point clouds and the

standard ICP algorithm is applied. The genetic mutation will

not be performed every generation, but only if the distance

measurement di−1 converges, i.e. the difference between di−1

and di−2 falls below a threshold. Algorithm 2, lines 6 to

15 describe the genetic mutation (rand(x) returns a random

integer between 1 and x, rand2(x) a floating number between

−x and x), where parameter p = 1 denotes the x-position,

p = 2 the y-position and so on. By changing the allocation

between p and a parameter, the algorithm can easily be

limited to search in two arbitrary dimensions. Furthermore,

it is possible to lock arbitrary parameters.

After the transformation of C1, the distance measurement di

for the iteration i will be computed. If di is smaller than the

previous best distance measurement dbest, the transformation



Algorithm 2 Genetic algorithm

1: reset dbest

2: i = 0
3: while i < imax do

4: i + +
5: Compute C̃1, C̃2 and corresponding points

6: Compute Ri, ti with ICP

7: if |di−2 − di−1| < ǫ then

8: v = rand(s)
9: load individual Iv

10: w = rand(s)
11: load individual Iw

12: p = rand(6)
13: substitute parameter p of Iv with parameter p of Iw

14: p′ = rand(6)
15: f = rand2(fmax)
16: increase parameter p′ of Iv by f
17: load Ri and ti from individual Iv

18: end if

19: transform C1 with Ri and ti

20: Compute distance measurement di

21: if di < dbest then

22: save Rbest and tbest

23: dbest = di

24: if s < smax then

25: add Ri and ti as individual Ii to population

26: s + +
27: else

28: remove oldest individual from population

29: add Ri and ti to population

30: end if

31: else

32: discard Ri and ti

33: end if

34: Return Rbest and tbest

35: end while

Ri and ti will be stored and added as a new individual to

the population. If the maximal number of individuals in the

population is reached, the oldest individual will be replaced.

If di is larger than dbest, the the transformation Ri and ti will

be discarded.

To minimize the mean square error while maximizing the

points used for the matching, the distance measurement has

to be chosen deliberately. Equation 4 tries to fulfill these

conditions.

di = (2 − (
ñ1

n1

)2) ·



1 +

(

1

ñ1

ñ1
∑

i

d(p1

i ,p
2

i )

)

1

2



 (4)

ñ1 denotes the number of points used for matching. The

relative number of points used is denoted as ñ1

n1

. The radicand

denotes the median distance between corresponding points.

Figure 4 shows a plot of the distance measurement. The

absolute minimum is with ñ1

n1

= 1 and a median distance of
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Fig. 4. Plot of the distance measurement depending on the median distance
and the relative number of points used

0. When one of the values is increased, the resulting distance

will increase as well. Increasing both of them, will lead to the

absolute maximum of our distance measurement. By changing

the exponents, the weight can be shifted between number of

points used and the median distance.

Most of the execution time is needed so search for the nearest

neighbor. Fortunately, the nearest neighbor problem is well

explored. One of the most efficient approaches is the use of

k-d-trees, a space partitioning data structure. K-d-trees use

splitting planes parallel to the axis to separate the space into

partitions, each containing one point. Consequently, a nearest

neighbor search algorithm can address directly the space and

doesn’t has to calculate the distances to all points. Once a point

is found, no point with less distance exists and therefore the

algorithm can be terminated.

C. Fusion of Vision and Laser Data

After the transformation for the image data has been com-

puted and executed, the image data and laser data can be

merged into one single colored point cloud. Let CV denote

the point cloud of the stereo vision system and CL the one

obtained by the laser range-finders. CV and CL are aligned

properly. To merge CV and CL into CM it is adequate to

search for every point pL
j in CL the point pV

j in CV , with the

smallest distance between the points. The resulting point pM
j

will have the position of point pL
j and the color of point pC

j .

Furthermore, a standard distribution has been selected for the

probability function fj(dj). Equation 5 has to be calculated

and stored for each point in CM :

fj(dj) =
1

σ
√

2π
exp

(

−1

2
(
dj

σ
)

)

(5)

With the distance dj = d(pL
j , pV

j ) between pL
j and pV

j . σ is the

standard deviation and has to be selected in a adequate way.



It depends on the quality of the vision data. The size of CM

will be equal to the size of CL.

V. EXPERIMENTAL RESULTS

Fig. 5. Scan of left laser range-finder

Fig. 6. Scan of right laser range-finder

The execution time for the genetic ICP algorithm is de-

pending on the size of the point clouds. For a size of nL =
nC = 1000 it can compute about 3000 generations per second.

Figures 5 and 6 show the scan of the left and the right laser

Fig. 7. Colored point cloud from the stereo vision algorithm

range finder. The differences in the field of view of the two

scanners can clearly be seen. The colored point cloud obtained

from the vision data is shown in figure 7. Compared to the

lasers, the vision data is far less accurate, noisier, and covers

a larger area of the environment. The spatial resolution is in

the order of magnitude of 10cm, compared to 0.1cm for laser

range-finders.

Fig. 8. Fusioned colored point cloud

Fig. 9. Probability of the color information

The resulting merged point cloud can be seen in figure 8.

Figure 9 shows the probability of the corresponding points.

Green areas denote a high probability that the color informa-

tion is correct, red areas denote a low probability. Figure

10 shows the median error compared to different sizes of

the population. The maximal number of generations was set

to 10000 generations in the first experiment and to 50000
generations in the second experiment. This experiment was

conducted for two different datasets. To compute the median

error, our ICP algorithm was executed 20 times for each

dataset, each size of population and each maximal number of

generations. The generation which produced the best result is

depicted in figure 11, again for different sizes of the population

and for a maximal number of generations of 10000 and 50000
respectively. As stated out in the figures, a large number of

individuals leads to a large number of generations necessary

to achieve good results and a too small number of individuals

leads to a relatively high medium error. When the number

of generations was limited to 50000, the medium error was
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Fig. 11. Correlation between best generation and the size of the population

almost constant and the main differences have occurred in

the number of generations needed to compute the best result.

Hence, the experiments have shown, that the optimal number

of individuals in the population is between 50 and 200. During

the experiments with this population size, the best result was

found in the first 20000 to 25000 generations, so the maximal

number of generations should be set to this order of magnitute.

VI. CONCLUSION

We presented a genetic ICP algorithm, which is capable

of aligning a colored point cloud from a stereo vision system

with a point cloud obtained from laser range-finders. These

laser range-finders have to be calibrated, to ensure a proper

alignment of the point cloud.

In a next step, different scans have to be merged into one big

map of the environment and a compact representation for a

colored point cloud has to be found. This can be accomplished

by the modification of existing SLAM algorithms. Meanwhile,

methods for the recognition and classification of objects in

point clouds or other representations of the environment can

be developed.
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