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Abstract—Bundle adjustment is a popular technique for op-
timally refining both 3D structures and camera motions for a
given sequence of images. Classical bundle adjustment recovers
3D features (usually points and/or lines) from multiple views
of scenarios. A robust algorithm is presented here to determine
the bundle point, c0, where p lines cross (or where the Euclidean
distance to the p lines is minimized) by using only linear algebra.
The presented algorithm is coined the linear bundle adjust(LBA)
algorithm.

The presented bundle adjust algorithm can be applied in
various n-dimensional spatial problem areas including geom-
etry extraction (the post-registration process of localizing an-
chor points in stereo- and multi-camera vision systems) and
videogrammetry/photogrammetry (where the static 3D world is
inferred from a camera on a moving object).
Applications include: facial gesture recognition using stereo
sensors, player and/or ball triangulation gathering statistics in
sports events, or helmet sights where accurate anchor point
triangulation is essential. Another classical application is a cruise
missile, which, often without GPS input, has to match discovered
topological features to its knowledge base to calculate its own
whereabouts. Its obtained position can then be used to determine
the missile’s aim point.

GLOSSARY, ABBREVIATIONS, ACRONYMS

Acronyms and Abbreviations
6DOF 6 degrees of freedom, free movement along the 3

translation axes and around three rotational axes
AAPC Automatic Anchor Point Calibration
BP The bundle point, c0, is the point in 3D space such

that the sum of the distances to a set of lines is a
minimum.

FIFO First-In-First-Out — a buffer growing from zero up
to a fixed maximum length, consequently dropping
the oldest remaining element upon each subsequent
addition.

FOV Field Of View
GPS Global Positioning System
ISP Inertial Sensor Pack

LBA Linear Bundle Adjust
LOS Line Of Sight - described mathematically as the

relative 3D direction cosine from the observation point
to a target, also referred to as a ray-line

SCMP Single Camera Moving Platform]
SLR Sight Line Rate measured in [radians per second]

I. INTRODUCTION

In a survey of “bundle adjustment” (BA) provided by [1] it
is claimed that it is not possible to do a BA by relying only on
linear algebra. Here we describe an approach that indeed uses
only linear algebra as an excellent approximation to BA. We do
not aim to solve all the abberation- and registration problems
presented in [1]. Nevertheless, the BA simplification proposed
here could be acceptable in many applications, including
geometry extraction (the post-registration process of localizing
anchor points in stereo- and multi-camera vision systems) and
videogrammetry / photogrammetry (where the static 3D world
is inferred from a camera on a moving object).

The proposed BA differs from Blackman [2] — not all the
parameters proposed in this paper are calculated. Furthermore
Blackman [2] uses a pseudo inverse of a matrix. Instead we
propose a method of directly populating a solvable linear
system.

The remainder of this paper is laid out as follows. In
Section II a brief history of the evolution of our BA derative
is provided together with a sketch of a typical application
scenario. In Section III the derivation of the BA is done
for a one camera moving platform. The algorithm presented
in Section III can additionally be used to discover a 3D
static world from a moving platform. Section IV reports
on potential application areas where the presented BA has
been successfully implemented and is currently in use. The
robustness & limitation of the presented BA are noted in
Section V. An extension to k-dimensions can be found in
Section VI. Section VII concludes the paper. Matlab and “C”
implementations of the proposed bundle adjust algorithm can
be found at http://www.cdevelop.co.za.

Throughout the paper, it is assumed that compensations
have already been made for lens deformations, i.e lens and
camera calibration are done. Therefore a pinhole camera model
can be used. If we use a pinhole camera model then the BA
algorithm becomes linearly solvable. Thus, a solution can
be provided in the form of a linear system of equations.

Camera calibration is done by FFT-based aberration de-
tection (see [3]) and linear correlation methods (see [4]) to
identify lens distortions. Identified distortions can be corrected



by using affine transforms [5] or non-linear geometric lens
distortion corrections. It is also common to optimize camera
parameters for non-linear lens artifacts and to correct these
in one iterative algorithm. Accuracies of up to 100 µrad or
a 5th of a pixel can be achieved depending on the FOV and
the camera resolution. These are usually done per camera (see
[6]). Another interesting reference is [7] where linear methods
are used to calibrate very wide angle (FOV) lenses which have
bad aberrations to an accuracy of up to 1.2 pixels. Note, that
accuracy decreases with increasing FOV.

II. BACKGROUND

An LED position calibration problem surfaced on a project.
The calibration of individual 3D LED positions could be
done by using a theodolite. Potentially this could achieve an
accuracy of approximately 2 seconds of a degree (±2′ ≈
10µrad). However, the theodolite cross-hair needed to be
manually positioned on the LED from the p positions for
the triangulation. Furthermore it was needed to measure the
intensity centroid position of the LED, which also proved to
be very difficult with a theodolite. For the above reasons it
was decided to use a multi-camera calibration system for the
measurement instead. Figure 1 represents the setup.

The objective was to calculate a bundle-point per detected
LED (or bundle-points for LED’s) from known observation
points.

Fig. 1. Calibration calculating the position of 3D anchor points ci

Where:

ai = [axi, ayi, azi] is the measurement position vector at
instance i, i ∈ {1, 2, . . . p}
— known camera-positions

λij = [lij , mij , nij ] is the unit vector measurement
pointing from ai to cj indicating the ith

detection of cj also shown in the
2D camera image plane

bij = ai + tiλij is a line starting at ai, the measurement
origin, extending λij by a factor ti ∈ <

cj = [cxi, cyi, czi] is the bundle point of the bundle of bij

lines, c1, the point nearest to
the p lines, b11, . . . ,bp1

After setting up the camera positions ai, as in Figure 1 and
observing the anchor direction cosines λij, the requirement
was refined to now calculate and tune the LED positions using
an automatic anchor point calibration (AAPC) algorithm. To
accomplish this task the BA algorithm was derived. Given
the system noise and imperfections and using the BA with 3
cameras, it was possible to measure an LED position to a small
signal resolution of a 50th of a pixel and a system accuracy
of better than a 10th of a pixel1.

Note, if these LEDs are fixed on a rigged surface in 6DOF
motion, to optically triangulate the position and orientation
of the rigid body by using two or more cameras (of known
position), 4 or more LEDs are needed. If only three LEDs
are used, two could be inline for a given camera. In such a
case it may not be possible to determine behind which LED
the obscured lies. That may inhibit the LBA to recover the
complete relative structure.

We have subsequently discovered that the same basic algo-
rithm can be used to calculate a bundle point (BP — a 3D
position) of a static object in a scene, from a single camera
on a moving platform. This is done by aggregating multiple
view points of the object for the calculation (See III). See
Figure 2 for an illustration of a typical scenario. Commonly,
multiple viewpoints (direction cosines) of the “same object”
can be identified by tracking and associating the object over
time. These matters are, however, beyond the scope of this
paper. See [2] for a good reference.

III. ALGORITHM DERIVATION

The bundle point, c0, in any relevant scenario (including
the single camera moving platform problem) is the point in
3D space such that the sum of the distances di to each line in
a set is a minimum.

The BA algorithm is derived in the context of a general
3D world discovering environment, as illustrated in Figure 2.
In this environment the problem entails the calculation of the
position of the point c0 after the point has been observed
from a 2D imaging sensor at p known positions ai, where
i ∈ {1, . . . , p}.

1Pixel size is expressed as an angle as, Psize = FOV/npixels, where the
field of view is calculated as FOV = 2 × arctan (Wccd/2FL), with FL
the focal length, and Wccd the physical CCD size. Our pixel size calculated
to Psize = 90 deg

720
= 2.19mrad and the BA ray-line accuracy added to the

camera position and calibration accuracy resolved to total a angular resolution
of better than 200µrad, σtotal =

√
σ2

ray + σ2
cam = 200µrad, explaining

the 10th of a pixel.



Fig. 2. The BA algorithmic environment — Discovering a 3D point c0 by
minimizing the distances di (zoom in view is shown for two lines)

Where:

ai = [xi, yi, zi] is the measurement position vector at instance i,
i ∈ {1, 2, . . . p}

λi = [li, mi, ni] is the unit vector measurement pointing
from ai to the ith detection of c0

bi = ai + tiλi is a line starting at ai extending along λi

c0 = [x0, y0, z0] is the bundle point of the bundle of bi lines, i.e.
c0, the point nearest to the p lines, b1, . . . ,bp.

The remainder of this Section is laid out as follows.
Section III-A provides a formal problem statement for the
single camera moving platform (SCMP) system. Section III-B
provides the calculation of the bundle point. Matlab code for
the 3D BA is provided in Section III-C. Section III-D provides
notes for BA usage on a moving platform; and finally Section
III-E elaborates on additional information gained by doing the
proposed BA.

In summary, in this section the BA solution is derived
solving the SCMP problem illustrated in Figure 2. Note this
problem environment was chosen because in general bundle
points should be solved one by one. The derived solution is
therefore also the solution to the AAPC problem posed in II
and illustrated in Figure 1.

A. Formal Problem Statement

Given p lines: bi = ai + tiλi with i ∈ {1, 2, . . . p}, it is
possible to calculate:

• the bundle point, c0, of the set of lines, i.e. the point in
3D space nearest to the i lines; and

• the point on each line nearest to bundle point, c0.

Note that ti here is not time, but a real number adjusting
the 3D direction vector λi along the bi line. Then λi is the
discrete cosine unit vector at the chosen track history instance
i. Furthermore it will be shown that 2 of these lines (or
instances) are sufficient to get a robust answer for c0, provided
that the lines are not almost parallel. (See V.)

B. Solution: The bundle point calculation

The ith line can be described as:

bi = ai + tiλi = [xi + tili, yi + timi, zi + tini] (1)

The distance between line i and the bundle point, c0, is:

d2
i = ‖bi − c0‖2 (2)

= (xi + tili − x0)2 + (yi + timi − y0)2 + (zi + tini − z0)2 (3)

The bundle point, c0, is the point where the sum of squared

distances,
p∑

i=1

di
2, is a minimum. To minimize the distance we

differentiate w.r.t. ti and x0, y0 and z0 as follows:

∂

∂ti

[
p∑

i=1

di
2

]
(4)

=
∂

∂ti

[
p∑

i=1

[
(xi + tili − x0)2 + (yi + timi − y0)2 + (zi + tini − z0)2

]
]

(5)

= 2

p∑
i=1

[
(xi + tili − x0)li + (yi + timi − y0)mi + (zi + tini − z0)ni

]
(6)

= 2

p∑
i=1

[
(l

2
i + m

2
i + n

2
i )ti + (xili + yimi + zini) − (x0li + y0mi + z0ni)

]
(7)

∂

∂x0

[
p∑

i=1

di
2

]
(8)

=
∂

∂x0

[
p∑

i=1

[
(xi + tili − x0)2 + (yi + timi − y0)2 + (zi + tini − z0)2

]
]

(9)

= − 2

p∑
i=1

[
(xi + tili − x0)

]
(10)

Set Equation 7 to zero, and simplify the systems ti line:

0 = 2

p∑
i=1

[
(l

2
i + m

2
i + n

2
i )ti + (xili + yimi + zini) − (x0li + y0mi + z0ni)

]

(11)

= 2

[
p∑

i=1

ti +

p∑
i=1

(xili + yimi + zini) −

p∑
i=1

(x0li + y0mi + z0ni)

]
(12)

=⇒

p∑
i=1

ti +

p∑
i=1

(xili + yimi + zini) =

p∑
i=1

(x0li + y0mi + z0ni) (13)

Solving the x-component from Equation 10 renders an
equation for the derivation to x0:

0 = − 2

p∑
i=1

[
(xi + tili − x0)

]

0 = −

p∑
i=1

(xi + tili) −

p∑
i=1

x0

=⇒ −

p∑
i=1

x0 =

p∑
i=1

(xi + tili)



Similarly equations for the derivation to y0 and z0 are
obtained, and the complete system can be presented as:

p∑
i=1

ti +

p∑
i=1

(xili + yimi + zini) =

p∑
i=1

(x0li + y0mi + z0ni)

−

p∑
i=1

x0 =

p∑
i=1

(xi + tili)

−

p∑
i=1

y0 =

p∑
i=1

(yi + timi)

−

p∑
i=1

z0 =

p∑
i=1

(zi + tini)

The above system of equations can be written in matrix
form as follows:


1 0 · · · 0 −l1 −m1 −n1
0 1 · · · 0 −l2 −m2 −n2
.
.
.

.

.

.
. . . 0

.

.

.

.

.

.

.

.

.
0 0 · · · 1 −lp −mp −np
l1 l2 · · · lp p 0 0

m1 m2 · · · mp 0 p 0
n1 n2 · · · np 0 0 p







t1
t2

.

.

.
tp
x0
y0
z0


 (14)

=




x1l1 + y1m1 + z1n1
x2l2 + y2m2 + z2n2

.

.

.
xplp + ypmp + zpnp

p∑
i=1

xi

p∑
i=1

yi

p∑
i=1

zi




(15)

And the linear system in Equation 15 can be solved by matrix
inversion as follows:

B[p + 3× p + 3]T [1× p + 3] = R[1× p + 3] (16)

⇒ B−1BT = B−1R (17)

⇒ T = B−1R (18)

Thus, solving the bundle point, c0 = [x0, y0, z0], forming
part of the T matrix above, involves doing a matrix inversion,
as shown in Equation 18. Note that many references including
the excellent matrix reference [8] can be consulted to solve
the presented system of equations. We prefer using libraries
such as Alglib in C++, or doing simple pivoting Gaussian-
Elimination on an embedded systems using “C”, for the task.
Software like Matlab can be used for verification and cross-
validation.

C. Matlab sample code for doing a 3D bundle adjust

The code for the bundle_test Matlab script:

% Origins
a = [ 1 , 0 , 1

0 , 1 , 1
1 , 1 , 1
0 , 0 , 1

];

% Endpoint Measurements in 3D
cm = [ 0.1 , 0.1 , 0.1

0.1 , 0.1 , 0.1
0.1 , 0.1 , 0.1
0.1 , 0.1 , 0.1

];

N = size(a,1);
u = eye(N)*-1;

% Relative Measurements in 3D
r = cm-a;
% The range of each
rnorm = sqrt(ssqr(r,2));
% Direction cosines when dividing
lmn = r./[rnorm rnorm rnorm];

r_test = sqrt(ssqr(lmn,2));

% the bundle adjust solution, i.e. :
% [t1...tn sum{x0} sum{y0} sum{z0}]
ba = [u,lmn;-lmn',eye(3)*N]\[sum(lmn.*a,2);sum(a,1)'];

% finding the individual points on each of the N lines
lmnt = lmn.*[ba(1:N,1) ba(1:N,1) ba(1:N,1)];
bt = a + lmnt;
dt = bt - repmat(ba(end-2:end,1)',[N,1]);

% finding the bundle points
c0 = [ba(end-2) ba(end-1) ba(end-1)];

% other measures
d_mean = mean(dt,2);
d_std = sqrt(sum(sum(dt.*dt,2))/N);
r_a0t = sqrt(sum(bt.*bt,2));

D. Notes for usage on a moving platform

In the derivation and the sample code, all the observations
available from history are used to calculate c0. Alternatively,
one can use the BA algorithm as follows: (i.)

1) Use only the first and last observation in the track history
FIFO buffer per track. This means a maximum of 40
batches time-separation between only two sightlines will
be used when calculating c0.

2) Use the first observation and the current observation
per track. Thereby greater time-separation than the 40
mentioned in (i.) (the current memory buffer length) is
possible. Similarly to (i.), only 2 ray-lines are used for
doing the calculation.

E. Additional information gained from the bundle point solu-
tion

The answer to the BA algorithm provides the following
additional information:

1) The point on each line nearest to c0:

bi(ti) = ai + tiλi (19)

2) The above point (see Equation 19) renders the distance
to each line, di, as follows:

di =
√

(ai + tiλi − c0)2 (20)

3) The standard deviation of the distance sphere per bun-
dle point, c0, can be obtained by using the following



formula:

σc0 =

√√√√
p∑

i=1

di
2 (21)

=

√√√√
p∑

i=1

| bi(ti)− c0‖2 (22)

Note, it was found that the value of σc0 gives a good
indication of the positional accuracy of the achieved BA
result.

4) It was found that in dynamic systems, the following 3
measures provide a good indication on whether a bundle
point is indeed stationary, i.e:
• the moving standard deviation of the 10 most cur-

rent standard deviations:

σσc0
=

1

10

√√√√
10∑

i=1

(σc0 i − σc0 )2 (23)

• the average relative range ti:

µti =
1

p

p∑
i=1

ti (24)

• the standard deviation of the range ti:

σti =

p∑
i=1

(ti − ti)
2 (25)

IV. APPLICATION AREAS

There are several application areas where these results may
be used. A few possibilities are considered below:

A. Registration and localization in stereo- and multi-camera
vision — automatic anchor point calibration (AAPC)

The described problem in this application area is acceptably
solved by performing the standard BA implementation as
proposed in Section III.

Given the sensor noise levels in the experimental environ-
ment and pixel sizes of 0.5mrad, the resulting accuracy for
the BA calculation yielded values well within a uncertainty
sphere equivalent to a 10th of a pixel in 3D. This result was
obtained in a closed environment with an approximate size of
2m3.

B. Discovering the 3D world from a single camera (2D
imaging sensor) on a moving platform — SCMP

The BA algorithm has been successfully integrated on iner-
tially stabilized moving platforms and aids in discriminating
(from the track history) whether detected candidate objects are
static or whether they are moving.

Similarly to IV-A the described problem in this domain was
also acceptably solved by performing the standard BA imple-
mentation as proposed in Section III. Furthermore, similar ac-
curacies were obtained under similar sensor noise conditions.
However, distances to a range of more than 5 km were tested
in simulation using a moving camera with a three-degree FOV.

C. Positional calibration of a multi camera system

The inverse of the problem in IV-A is not as easily achieved,
i.e. attempting to triangulate the camera system position and
orientation having known anchor points (and possibly having
camera positions that are known relatively to each other). This
problem, although solvable, is left for future research.

D. Determining the convexity of a cloud of 3D points - some
interesting vector solutions

The convexity covariance and the focal point of a 3D cloud
of points can be calculated by getting the centroid of the
center perpendicular crossings of pairs of vectors. This is
especially useful in scanning laser range finders where object
recognition is a requirement. A centroid estimation of such a
partial convex hull can be achieved when combining pairwise
centre perpendicular crossings.

Fig. 3. The middle perpendicular crossing p0 and the bundle point, c0,
illustrated

Two interesting vector solutions are provided to solve the
vector problems described above. They are presented in the
Figure 3.
• The bundle distance for two vectors at a time can be

calculated as follows ( [2]):

|t1| = |r1 × λ2|
|λ1 × λ2|

(26)

|t2| = |r1 × λ1|
|λ1 × λ2|

(27)

|t2| = |r2 × λ3|
|λ2 × λ3|

(28)

|t3| = |r2 × λ3|
|λ2 × λ3|

(29)

Note the two approaches to calculate |t2| above will
give different answers for the bundle distance and thus
different approximations for the bundle point, c0 = r1 +
|t2|λ2.

• The centre perpendicular crossing, p0, between any two
non-parallel vectors can be found as follows:
Say r3 = r1 × r2. Then p0 is the 3D point where:

0.5r2 + t(r3 × r1) = 0.5r1 + t(r3 × r2) (30)



E. Using BA for model based recognition problems

When BA is done on clouds of points clustering or recov-
ering model structure, it is referred to as model based bundle
adjustment (MBA). See [9] for work in the field of model
matching. Matching is done using feature extraction as well
as a robustness analysis on the extracted features. At this stage
we have not done any further work in this application area. For
future research the 3D world- and convex partial hull matching
and recognition problems an investigation may be necessary.

V. EVALUATING ROBUSTNESS & LIMITATIONS

As mentioned this algorithm is robust if the ray-lines are
not near parallel. Note, in a 3D world lines nearly never cross,
thus we have been determining the point of the lines nearest
to intercept. Furthermore, the measurement points, ai, should
not be co-located.

Robustness can be expressed as a function of sensor noise.
Let θmax be the maximum angular difference between direc-
tion cosines in the linear system. To render a robust answer
|θmax| > 3σλ. Say, for example, we have a FOV of 3 degrees
and σ = 1 pixel positional noise on a 100x100 pixel sensor,
then our |θmax| should be larger than 1.5mrad or 0.09 degrees.

Suppose that on a moving platform, one has a fairly high
update rate—for example, T=10ms. If, for example, we take
the BA between the current frame and the one 20 frames back,
then the time span is 20T = 200ms. In order to get a robust
answer, the angular difference |θmax| in this example should
exceed 1.5mrad, which implies that an SLR of higher than
1.5mrad/200ms = 0.43 deg /s should be maintained at all
times for a robust answer.
To improve robustness in low sightline-rates only the first
measurement in a track and the current can be taken. There
will nearly always be sufficient separation between these two
ray-lines. If no erroneous association steals the track then this
philosophy generally provides a robust answer.

VI. EXTENSION TO Q-TARGETS AND TO K-DIMENSIONS

The system of equations has to be solved for each of the
q-targets independently.

The extension to k-dimensions is simply:



1 0 · · · 0 −λ11 −λ12 · · · −λ1k
1 0 · · · 0 −λ21 −λ22 · · · −λ2k

.

.

.

.

.

.
. . . 0

.

.

.

.

.

.
. . .

.

.

.
0 0 · · · 1 −λp1 −λp2 · · · −λpk

λ11 λ21 · · · λp1 p 0 · · · 0
λ12 λ22 · · · λp2 0 p · · · 0

.

.

.

.

.

.
. . . 0

.

.

.

.

.

.
. . .

.

.

.
λ1k λ2k · · · λpk 0 0 · · · p







t1
t2

.

.

.
tp
δ1
δ2

.

.

.
δk




=




Λ11λ11 + Λ12λ12 + · · · + Λ1kλ1k
Λ21λ21 + Λ22λ22 + · · · + Λ2kλ2k

.

.

.
Λp1λp1 + Λp2λp2 + · · · + Λpkλpk

p∑
i=1

Λ0

p∑
i=1

Λ1

.

.

.
p∑

i=1

Λk




Where:

Λi = [Λi1, Λi2, · · · , Λik] is the measurement position vector
at instance i, i ∈ {1, 2, . . . p}

λi = [λi1, λi2, · · · , λik] is the unit vector measurement pointing
from Λi to the ith detection of c0

bi = Λi + tiλi is a line starting at Λi

extending along λi

c0 = [δ1, δ2, · · · , δk] the bundle point of the bundle of the lines

Note, c0 is the bundle point still means that c0 is the point
nearest to the p lines described by bi. The only difference is
that these vectors, lines and the bundle point, c0, are now in
k-dimensions.

A. Matlab sample code for doing a 4D bundle adjust

The code for the bundle_test_4d Matlab script:

% Origins
a = [ 1, 0, 1, 1

0, 1, 1, 1
1, 1, 1, 2
0, 0, 1, 1

];
% Endpoint Measurements in 3D
cm = [ 0.1 , 0.1 , 0.1, 0.1

0.1 , 0.1 , 0.1, 0.1
0.1 , 0.1 , 0.1, 0.1
0.1 , 0.1 , 0.1, 0.1 ];

% Alternative Origins
%a = [ 1, 0, 0, 0

0, 1, 0, 0
0, 0, 1, 0
0, 0, 0, 1 ];

% Endpoint Measurements in 3D
%cm = [ 0.1, 0.0, 0.0, 0.0
% 0.0, 0.1, 0.0, 0.0
% 0.0, 0.0, 0.1, 0.0
% 0.0, 0.0, 0.0, 0.1 ];

N = size(a,1);
u = eye(N)*-1;

% Relative Measurements in 3D



r = cm-a;

% The range of each
rnorm = sqrt(ssqr(r,2));

% Direction cosines when dividing
lmno = r./[rnorm rnorm rnorm rnorm];

r_test = sqrt(ssqr(lmn,2));

% the bundle adjust solution, i.e.:
% [t1...tn sum{x0} sum{y0} sum{z0}]
ba=[u,lmno;-lmno',eye(4)*N]\[sum(lmno.*a,2);sum(a,1)'];

% finding the individual points on each of the N lines
lmnot=lmno.*[ba(1:N,1) ba(1:N,1) ba(1:N,1) ba(1:N,1)];
bt = a + lmnot;
dt = bt - repmat(ba(end-3:end,1)',[N,1]);

% finding the bundle points
c0 = [ba(end-3) ba(end-2) ba(end-1) ba(end-1)];
display(['The bundle point is [' num2str(c0) ']']);

% other measures
d_mean = mean(dt,2);
d_std = sqrt(sum(sum(dt.*dt,2))/N);
r_a0t = sqrt(sum(bt.*bt,2));

VII. CONCLUSION

In this paper the bundle adjustment has been solved to an
acceptable accuracy for a presented set of problems using only
linear algebra. The proposed algorithm has been implemented
successfully in two environments:
• on single camera moving platform environments with

sufficient sightline rate; and
• on anchor point measuring and monitoring systems using

2 or more positioned cameras.
In both cases, a small signal resolution of a 50th of a pixel
accuracy was achieved and a system accuracy of around a
10th of a pixel, given the implemented sensor noise-levels.
A robust result can furthermore be preempted by using the
condition-number of the matrix to be inverted (see [8]).

The presented LBA algorithm is elegant and simple. It is
also simpler and faster than iterative approaches. Its simplicity
makes it feasible to implement in firmware and real-time
embedded software. And, assuming the pinhole camera model
(i.e. a calibrated system), the LBA algorithm does render
sufficient accuracy for the mentioned problem areas.

Future research initiatives include:
• refining the convexity measure;
• investigating 3D world matching algorithms;
• investigating partially measured convex hull matching

algorithms;
• realizing an automatic calibration for complete optical

systems;
• finding a better method to determine whether a bundle

point is stationary (to be analytically derived); and
• the inverse problem of triangulating the camera system’s

position and orientation.
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