
Appendix A

Perceptron Camera Calibration

A.1 Camera Calibration

The purpose of the camera calibration is to determine the transformation

equations that map each pixel (row, col, range) of the range image into Cartesian

coordinates (x, y, z). This is accomplished by finding the camera model that describes the

path of the laser beam from the laser diode’s emission point to the target it strikes as a

function of the row and column number of the image. Camera transforms for laser range

finders (LRFs) have generally been treated in a simplified manner [25,42]. The target is

defined as the point where the laser hits an object in the scene.
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The orthogonal axis model and the azimuth-elevation model [25] are instances of

mapping from spherical coordinates to Cartesian coordinates and differ only in how the

angles are defined. These models assume that the rays that scan the scene emanate

radially from a virtual focus. These assumptions do not hold for the scanning mechanism

used in laser range cameras. Furthermore, these models also assume that range value 0

maps to the origin of the coordinate system. Therefore, a model that does not require

these assumptions and a calibration procedure to establish the parameters of the model

has been developed.

A.2 Electro-Mechanical Operation

The laser source of the Perceptron’s 5000 LASAR Scanner is a 100mW-peak

output (50mW average) continuous wave laser diode that has a wavelength of 835nm.

The laser is amplitude modulated at a frequency of about 17.75MHz. The range is

determined by measuring the phase difference between the outgoing laser beam and the

incoming laser light being reflected off the target. Since the scanner cannot detect

whether the phase difference is beyond 2π or not, the wrap-around interval of the range,

known as the ambiguity interval, is equal to the half wavelength of the AM frequency,

8.45m. The phase difference is discretized into 12 bits, yielding range measurements

precise to 2.0mm. There are two moving mirrors that enable the camera to scan the scene
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as shown in Figure A.1. Initially, the laser beam hits the rotating mirror, which is three-

faceted with each facet sloping backwards. This mirror performs the sweeping motion of

each raster scan. The laser gets reflected upward where it hits the nodding mirror. The

nodding mirror deflects the upward motion of the laser beam into the scene. It is the

position of the nodding mirror that determines which raster of the image is currently

being scanned. Table A.1 shows the parameters used in the camera calibration [25].

Figure A.1 Illustration of the scanning geometry of the Perceptron laser range finder
(LRF). The x-axis of the camera’s right-handed coordinate system is embedded in the
nodding mirror axis with the y-axis at the center of the mirror axis pointing straight up
and the z-axis pointing straight into the scene. The laser is emitted by the laser diode and
travels parallel to the z-axis the distance r1 before it hits the rotating mirror. The sloping
angle of each facet of the mirror reflects the laser upward parallel to (or in) the xy-plane.
In that plane, the angle of rotation α of the rotating mirror causes the laser to deviate the
shown angle α from its otherwise vertical path. In its upward path r2 between the mirrors,
the laser strikes the nodding mirror at the point pn= (x0, y0, z0) close to (or on) the x-axis
where it gets reflected out into the scene where it travels the distance r3 from the mirror
until it hits the target.
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Table A.1 Symbols used in the camera model. The parenthesis holds the nominal value
for those symbols for which it is known.

H Horizontal field of view.

V Vertical field of view.

H0 Horizontal offset angle.

V0 Vertical offset angle.

α Angular position of rotating mirror (=0 when the normal of a facet lies in

the xz-plane).

β Angle between xz-plane and plane going through the x-axis containing the

laser beam r3.

γ (45°) Slope of the facets of the rotating mirror with respect to the z-axis.

θ (45°) Angle of the nodding mirror with respect to the z-axis when β=0.

h1(3.0cm) Distance (y) between rotating mirror axis and the parallel laser beam r1.

h2(5.5cm) Distance (y) between nodding mirror axis and the laser beam r1.

l Length of r1.

δ Length of one range unit in [cm].

R True length of laser beam from laser diode to target.

r Range value returned by the scanner.

r0 Standoff distance; length of laser beam to the point on the beam where r=0.

r1 Length of laser path from laser diode to where it strikes the nodding mirrors.

r2 Length of laser path between rotating mirror and nodding mirror.

r3 Length of laser path from where it leaves the nodding mirror until it strikes

the target.

pr Point of intersection of the laser beam with the rotating mirror.

pn Point of intersection of the laser beam with the nodding mirror.

x0, y0, z0 Coordinates of pn.

tI (x, y, z) coordinates of calibration target i.



Appendix B

Optimization Technique

B.1 Parametric Optimization

Parametric optimization is used to find a set of design parameters,

{ }nxxxx ,..., 21= , which can be defined as optimal [34]. In a simple case, this may be the

minimization or maximization of some system characteristic that is dependent on x. In a

more advanced formulation, an objective function, f(x), that is to be minimized or

maximized may be subject to constraints that may be in the form of equality constraints,

( ) 0=xgi ( )emi ...1= , inequality constraints, ( ) 0≤xgi ( )mmi e ...1+= , and/or parameter

bounds, xl, xu. A general problem description is stated as

   ( )xf
nx

  minimize
ℜ∈

subject to: ( ) 0=xgi , emi ...1=
                       ( ) 0≤xgi mmi e ...1+=

   ul xxx ≤≤

(B.1)

where x is the vector of design parameters, ( )nx ℜ∈ , f is the objective function

( )ℜ⇒ℜ nf : , and g is the vector of equality and inequality constraints ( )mng ℜ⇒ℜ: .

A problem is called linear programming (LP) if both the objective function and

constraints are linear functions of the design variable. Quadratic programming (QP)

concerns the minimization or maximization of a quadratic objective function, which is

linearly constrained. Nonlinear programming (NP) concerns the minimization or

maximization of a nonlinear objective function and constraints [34].

B.2 Unconstrained Optimization

The methods of unconstrained optimization are categorized in terms of the

derivative information of the objective function to be used or not. Search methods, which

use only function evaluations (for example, simplex search), are most suitable for
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problems that are highly nonlinear or have a number of discontinuities. Gradient methods

are generally more efficient when the function to be minimized is continuous in its first

derivative. Higher order methods, such as Newton’s method, are suitable only when the

second order information can be readily and easy calculated since calculation of second

order information, using numerical differentiation, is computationally expensive.

HHH
Gradient methods use information about the slope of the function to dictate the

direction of search where the minimum is thought to lie. The simplest of these methods is

the method of steepest descent in which a search is performed in a direction, ( )xf∇− ,

(where ( )xf∇  is the gradient of the objective function). This method is very inefficient

when the function has long narrow valleys.

B.3 Quasi-Newton Methods

Quasi-Newton methods consist of two phases:

1. Determination of a direction of search.

2. Line search procedure.

B.3.1 Determination of a direction of search

Of the gradient methods that use gradient information, the most favored are the

quasi-Newton methods. These methods build up curvature information at each iteration to

formulate a quadratic model problem of the form






 ++ bxcHxx TT

x 2
1min (B.2)

where the Hessian matrix, H, is a positive definite symmetric matrix, c is a constant

vector, and b is a constant. The optimal solution for this problem occurs when the partial

derivatives of x go to zero,that is,

( ) 0** =+=∇ cHxxf (B.3)

The optimal solution point, *x , can be written as

cHx 1* −−= (B.4)
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Newton-type methods (as opposed to quasi-Newton methods) calculate H directly and

proceed in a direction of descent using a line search method to locate the minimum after a

number of iterations. Calculating H numerically involves a large amount of computation.

Quasi-Newton methods avoid this by using the observed of f(x) and ( )xf∇  to build up

curvature information to make an approximation to H using an appropriate updating

technique [34].

HHH
A large number of Hessian updating methods have been developed. Generally, the

formula of Broyden, Fletcher, Goldfarb, and Shanno (BFGS) is thought to be the most

effective for use in a general-purpose method [34]. The formula is given by
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                                        where   kkk xxs −= +1

              ( ) ( )kkk xfxfq ∇−∇= +1

(B.5)

As a starting point, H0 can be set to any symmetric, positive definite matrix, for example,

the identity matrix I. To avoid the inversion of the Hessian H, an updating method can be

derived in which the direct inversion of H is avoided by using a formula that makes an

approximation of the inverse 1−H  at each update. A well-known procedure is the DFP

formula of Davidon, Fletcher, and Powell [34]. This uses the same formula as the above

BFGS (B.5) method except that qk is substituted for sk.

HHH
The gradient information is either supplied through analytically calculated

gradient, or derived by partial derivatives using numerical differentiation method via

finite difference. This involves perturbing each of the design variables, x, in turn and

calculating the rate of change in the objective function. At each major iteration, k, a line

search is performed in the direction

( )kk xfHd ∇⋅−= −1 (B.6)
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The quasi-Newton method is more efficient than the steepest descent method and in

many cases, converges faster.

B.3.2 Line Search Procedure

Most unconstrained and constrained methods use the solution of a sub-problem to

yield a search direction in which the solution is estimated to lie. The minimum along the

line formed from this search direction is generally approximated using a search procedure

(for example, Fibonacci) or by a polynomial method involving interpolation or

extrapolation (for example, quadratic, cubic). Polynomial methods approximate a number

of points with a univariate polynomial whose minimum can be calculated easily.

Interpolation refers to the condition that the minimum is bracketed (that is, the minimum

lies in the area spanned by the available points), whereas extrapolation refers to a

minimum located outside the range spanned by the available points. Extrapolation

methods are generally considered unreliable for estimating minima for nonlinear

functions. However, they are useful for estimating step length when trying to bracket the

minimum. Polynomial interpolation methods are generally the most effective in terms of

efficiency when the function to be minimized is continuous. The problem is to find a new

iterate xk+1 of the form

dxx kk
*

1 α+=+
(B.7)

where xk denotes the current iterate, d the search direction obtained by the last method   in

Section B.3.1 and *α  is a scalar step length parameter that is the distance to the

minimum.

HHH
The cubic interpolation is useful when the gradient information is readily

available or when more than three function evaluations have been calculated. It involves

a data fit to the univariate function,

( ) dcbaxf +++= ααα 23 (B.8)

where the local extrema are roots of the quadratic equation,
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023 **2

=++ cba αα (B.9)

In order to find the minimum extremum, take the root that gives ba 26 * +α  as

positive. Coefficients a and b can be determined using any combination of four gradient

or function evaluations, or alternatively, with just three gradient evaluations. The

formulation and solution of a linear set of simultaneous equations calculate the

coefficients. A general formula, given two points, { }21, xx , their corresponding gradients

with respect to x, ( ) ( ){ }21 , xfxf ∇∇ , and associated function value,

( ) ( )
( ) ( ) 212

122
1221 2β

ββ
+∇−∇

−+∇−−=+ xfxf
xfxxxxk

where        ( ) ( ) ( ) ( )
21

21
211 3

xx
xfxfxfxf

−
−−∇+∇=β

                                          ( ) ( ){ } 2
1

21
2

12 xfxf ∇∇−= ββ

(B.10)
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