
Towards Real Time Camera Self Calibration: Significance andActive Selection

Antonio Martos1, Lars Krüger1, Christian Wöhler2
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Abstract

In this study we use statistical methods for assessing the
quality of camera self-calibration of a stereo vision system,
considering accuracy, reliability, and significance of theso-
lution. The results of the optimisation process are subject
to model fitting analysis. In this context, we define figures
such as significance, confidence levels, and error prediction
curves across the complete field of view. Furthermore, we
analyse the effects of the number and spatial distribution of
image correspondences on the calibration quality and ex-
amine the efficiency of uniform random selection strategies
to reach a predefined accuracy level with as few correspon-
dences as possible. We introduce a strategy for active se-
lection of correspondences based on the prediction error,
which achieves a faster convergence of calibration qual-
ity than random selection without uniformity requirements.
This active selection strategy is combined with random se-
lection, relying on an adaptive selection probability deter-
mined based on the prediction band values, which leads to
a faster and steadier convergence than uniform random se-
lection. Our evaluation is performed using both synthetic
data and real-world data from a vehicle-based stereo vision
system. Our empirical analysis improves the understanding
of camera calibration procedures and helps to find a good
trade-off between accuracy and computational efficiency by
specifically selecting the correspondences which are most
relevant for the calibration process.

1. Introduction

Stereo vision systems require good knowledge of the ge-
ometric properties of the cameras used for image acquisi-
tion. For some methods (e.g. [5, 7]) a sufficiently accurate
camera calibration is necessary even to operate properly, as
they require rectified stereo images as an intermediate step.
For other stereo approaches, the quality of the calibration
will at least influence the quality of the output results.

Additionally, for real-time vision systems in mobile

robots or vehicle-based driver assistance systems, limited
computing resources and time are available for self/auto-
calibration, while reliability and accuracy are still a funda-
mental requirement.

When using natural real-world scenes, such systems can
sometimes provide a considerable amount of corresponding
points for self-calibration, specially if several frames are ac-
cumulated. Still it may be difficult to predict the availability
of correspondences in time and they may be not uniformly
spread across the field of view or be redundant.

However, for the usual iterated non-linear optimisation
methods [10], computation time and memory requirements
of camera calibration algorithm largely depend on the num-
ber of correspondences used [9]. On the other hand, accu-
racy converges asymptotically with respect to the number of
correspondences, thus the obvious choice to keep computa-
tion time within desirable limits is to select a limited num-
ber from the set of already available correspondences. This
paper focuses on the analysis of different selection strate-
gies aiming to achieve a desired quality level with as few
correspondences as possible.

We concentrate on self-calibration of a stereo system for
which ground truth information is not available and thus
only such residual information is used. The most typical
quality measures used in the computer vision literature on
self-calibration methods are based on statistics of the re-
projection error or epipolar constraints [9] measured in im-
age space. However, these measures are not very consis-
tent as they are highly dependent on the particular data set
(number and spatial distribution of correspondences, noise
levels). Furthermore, they provide information only on how
well the model fits the particular data set used for calibra-
tion, but no information regarding how the model is ex-
pected to fit to new data in that range (interpolation), and
especially outside the calibrated range (extrapolation).

In a general metrological context, successful calibration
has to be consistent and systematic, and both the calibra-
tion and subsequent measurements should be traceable. In
camera calibration it is also necessary to define when the
system can be considered fully calibrated in a consistent



and meaningful way with respect to its prediction capabil-
ities for new measurements. This property should be com-
puted across the complete measurement range, i.e. the field
of view (FOV), forming the so-called error prediction iso-
curves. They represent the usual problems in calibration in
an intuitive and easily interpretable way, regarding the pos-
sible occurrence of an inhomogeneous distribution of input
data, over-fitting of the model parameters, and sensitivityto
input noise.

2. State of the Art

2.1. Self-calibration and quality measures

Self/auto-calibration of stereo vision systems is a widely
regarded research topic, see e.g. [4, 6, 17] for a general
overview of the subject assuming geometric camera mod-
els. Mostly, a two-stage procedure is used: First, an ap-
proximate (linear) solution is computed that minimizes an
objective function w.r.t. the unknowns; some of the camera
parameters (either internal or external). Second, this so-
lution is refined by a non-linear, iterative minimisation of
a similar objective function, using the values from the first
stage as starting values for the unknowns. For the remainder
of this paper, we concentrate on the non-linear minimisation
(Bundle Adjustment) as here the gain in computation time
is more important when reducing the number of correspon-
dences.

The ultimate quality measure in stereo vision should be
the comparison of 3D scene reconstruction with ground
truth data [13]. This can be obtained from semi-synthetic
images, but by construction these will follow a particular
camera model “perfectly”, therefore they are not complete
for the purpose of this paper.

Ground truth data could be as well obtained by laser-
scanning the scene [15] but this requires instrumentation
which is not available in most real time systems. It is ob-
vious that this kind of quality measure cannot be used for
performing auto/self-calibration.

In [6] and many other publications, the objective func-
tion often used is (or is related to) the squared errors of the
available residuals. However, related quantities such as the
mean residual error (MRE) measured in pixels, or the re-
lated Residual Sum of Squares (RSS), are often provided
as well as criteria for evaluation of the quality of different
calibration methods.

From the regression analysis literature [2] it is known,
however, that the RSS will be artificially small when only
a few measurements are used, i.e. when over-fitting of the
model occurs, resulting in misleading conclusions about the
quality of calibration.

This is relevant since we intend to use as few points for
calibration as possible. Additionally we have to cope to
some degree with possibly close to degenerate spatial distri-

bution of correspondences and extrapolation from the avail-
able measurements to the complete range of measurement,
i.e. the whole field of view.

2.2. Optimisation andχ2 test

Optimisation algorithms in calibration search for the
minimum in parameter space of some objective function.
In computer vision the most common choice is the residual
sum of squares [6] RSS=

∑

i ri
2, whereri is the residual

of correspondencei. The actual value in pixel2 units is of-
ten neglected as meaningless since for optimisation it can be
replaced by any other function having the same minimum.
In fact this approach is equivalent to another well-known
measure, the root mean square errorRMSE =

√

RSS/Nm

with Nm as the number of measurements [2, 17]. However,
this value may be measured in pixel units, although it still
has no clear statistical meaning. TheRMSE measure can
be generalized by dividing each residualri by a weighting
factorσi. If we assume that the residuals are independent
of each other and that they are drawn from a known prob-
ability distribution with standard deviationσi, this function
becomes a statistically interpretable quantity known as the
(Pearson’s)χ2 statistic:

χ2 =
∑

i

ri
2

σi
2
. (1)

The choice of this statistic as a goal function is justified
by several reasons: It is dimensionless, system independent
and statistically interpretable. It is also a standard measure
of the goodness-of-fit [12]. The χ2 distribution represents
the probability of independent events (measurements) to oc-
cur in a purely random manner and is a maximum likelihood
estimator under this assumption. For a simpler interpreta-
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Figure 1. Example of the evolution of theχ2

r value (top), the p-
value confidenceC (centre), and the maximum and minimum pre-
dicted error values across the FOV w.r.t. the number of correspon-
dencesNm randomly selected from real data (bottom).
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tion, the reduced measureχ2
r is defined as

χ2

r =
χ2

ν
, (2)

[12], where ν = Nm −Np is the number of degrees of
freedom withNp as the number of free parameters in the
model. This estimator provides a convenient rule of thumb.
The conventional limit of significance corresponds toχ2

r =
1. Lower values represent overfitting while higher values
mean disagreement between the model and the data.

A more formal interpretation makes use of theχ2 cu-
mulative distribution functionχ2

cdf
(x, ν) =

∫ x

0
χ2(α, ν)dα.

The values ofχ2 and the number of degrees of freedom can
thus be translated into a p-value of confidenceC, denoting
the likelihood of the overall fit:

C = Pχ2,ν = 1 − χ2

cdf(χ
2, ν) (3)

The p-value will be near zero when it is unlikely that the
model explains the data and near1 when the model is con-
sistent with the data. A common (but still arbitrary) refer-
ence threshold value is95% (confidence levelα = 0.05).
Fig. 1 shows an example of the evolution ofχ2

r andC with
an increasing number of randomly distributed correspon-
dences.

3. Prediction surfaces

3.1. Definition

Although it is not new in computer vision to calculate
confidence intervals for the fitted (camera) parameters [3], it
is however surprisingly difficult to find references concern-
ing confidence or prediction bands in the space of the de-
pendent variables. In regression analysis, confidence bands
are curves around the fitted model (function) which are ex-
pected to enclose the true model with a predefined proba-
bility or confidence level, e.g.95%. This is caused by the
uncertainty of the fit propagated to the model parameters.
The extent of the bands gives an idea of how well the func-
tion fits the data at different positions in data space. On the
other hand, the95% prediction bands are curves enclosing
the area that is expected to contain95% of the (predicted)
future data points when using that model. These curves in-
clude the uncertainty of the model fit (like the confidence
bands) and additionally account for the scatter of the data
around the fit. Therefore, the prediction bands are always
broader than the confidence bands.

These bands can be calculated using Monte-Carlo or
bootstraping methods for repeatedly testing sample varia-
tions of model fit parameters and also of the measurements,
taking into account their respective probability distribution
if known. The bands can also be calculated analytically
by linear error propagation, i.e. a first order approxima-
tion which is sufficient when the measurement noise has

a Gaussian-like distribution. Possible deviations from the
Gaussian distribution in real data will be discussed later on.

3.2. Prediction surfaces in camera calibration

To compute prediction surfaces, the covariance matrix
of the parameters is required. In our implementation we use
the JacobianJ computed in the last iteration of the optimi-
sation step,

Jij =
∂ri

∂pj

(4)

Kij =
Jij

σi

, (5)

wherep = (φ1, φ2, φ3) denotes the parameters to be op-
timised (which in our example scenario correspond to the
three relative orientation angles of the cameras) andK the
weighted Jacobian, which is used to compute the covariance
matrixΣ according to

Σ = (KTK)−1. (6)

As stated in Sec.3.1, prediction bands can be calculated
for any position in the image. In this paper, these positions
correspond to all integer pixel positionsxl in the left image.
As the point measurements are independent of each other,
we illustrate the computation for an arbitrary point(u, v) in
the left rectified image.

To compute prediction surfaces, we use the Jacobian vec-
torg of the model functionf with gj(u, v) = ∂f(u, v)/∂pj

and the covariance matrixΣ to obtain a dimensionless value
c according to

c(u, v) = gΣgT. (7)

The half widthσP of the prediction interval then corre-
sponds to

σP (u, v) =
β

2

√

(c(u, v) + 1)
RSS

ν
, (8)

whereβ is a constant derived from the inverse cumulative t-
student distributiont−1

cdf according toβ = t−1

cdf (1 − α/2, ν)
with α as the probability of the desired confidence level for
the surfaces. At a confidence level of95% we useα = 0.05
throughout this paper.

The derivation of Eq. (8) is based on the derivation of
the parameter confidence band as described in [8]. As both
bands are symmetrical around the model function we can
subtract the model to rectify the bands and perform a resid-
ual analysis. When calculated for a two-dimensional do-
main in image space, the term “band” is replaced by “sur-
face” and conveniently represented by the error iso-curves
overlaid on the images.
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3.3. Usage and interpretation

In computer vision the evaluation of the overall qual-
ity of fit is commonly done by a single goodness-of-fit-like
number [6], standard deviations of the model parameters
[3, 11], and/or analysis of the correlation matrix of the pa-
rameters [18]. Error prediction curves, however, not only
aim for justifying the fit of the model to the calibration data
but also to predict the error of the system for future mea-
surements across in the full data range. Their shape de-
pends on the spread of the correspondences used in the fit.
In areas close to several measurements consistent with the
model, prediction bands are expected to be narrow, indi-
cating a good local fit. Otherwise, when extrapolating to
regions of the measurement space far away from the data
used for calibration or when some measurements show a
poor consistency with the model, the error prediction val-
ues increase.

This natural behavior is depicted in Fig.2, where the
same number of measurements are spread in a very dif-
ferent manner across the image. From the value of the
bands one can immediately observe in which example the
model works better. It should be noticed that “interpolation”
among existing points is much more accurate than “extrap-
olation” to outside regions. Fig.1 shows one possible evo-
lution of the maximum and minimum values of the curves
across the field of view for a random uniform selection
sequence of the correspondences used for self-calibration,
where the error converges asymptotically.

4. Epipolar Geometry

The objective function of the self-calibration problem is
a constraint on the four-dimensional measurements of each
correspondence: The 2D positions of corresponding points
(ul, vl, ur, vr) in the left and the right image are subject to
the epipolar constraint, thus only three of them are free and
the fourth is a measure of the residual, i.e. the distance to
the re-projected point orthogonal to the epipolar line.

For a two-view problem, the residual deviation from the
epipolar constraint is the objective function to be mini-
mized [6]:

ei = xl
T
i

(

[T]
×

R (φ1, φ2, φ3)
)

xri, (9)

where[T]
×

denotes the cross-product matrix of the transla-
tion vectorT between the two cameras, which is assumed to
be constant. The termR (φ1, φ2, φ3) denotes a rotation ma-
trix in terms of theXY Z-fixed rotation anglesφ1, φ2, and
φ3. An ideal solution would imply that each corresponding
pairi of 2D feature points(xl, xr) from two undistorted im-
ages has a residual errorei = 0. Since real point measure-
ments are subject to noise (e.g. caused by image noise or
the inherent accuracy of the correspondence analysis algo-
rithm), calibration is usually stated as a least-mean-square
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Figure 2. Two different distributions of20 correspondences (cir-
cles: measurements; crosses: re-projections) provide half widths
of the prediction interval that range from1.4 to 2.2 pixels (top)
and from1.9 to 11 pixels (bottom).

solution determined by a nonlinear optimisation technique
such as the Levenberg-Marquardt algorithm [10].

If an initial approximate calibration for the three rota-
tion anglesφ1, φ2, φ3 is available, both image spaces may
be rectified such that the epipolar constraint explicitly be-
comesvd = f (u, v, ud). There is a bijective transforma-
tion for any point(u, v) in the first image with a horizontal
disparityud to a point(x, y, z) in Euclidean space if the
residual isvd = 0. The residual has to be minimized such
that the scene can later be reconstructed accurately. For this
purpose, we restate Eq. (9) such it becomes explicit. The
easiest way is to switch from orthogonal distance to vertical
distance: The deviation of the measured value ofvr from
the predicted value is computed as the orthogonal distance
of vr to the epipolar line ofxl, where the normal begins at
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the pointur:

ri (xli,xri) ≈ ei (xli,xri)

= vri − f (xli, uri) . (10)

The error introduced by this approximation is related to the
cosine of the angle between the epipolar line in the right
image and the horizontal line. As we deal with a well con-
structed stereo vision system, this angle is always smaller
than 1◦ and its influence is therefore negligible.

5. Evaluation

5.1. Experimental setup and synthetic test

The proposed procedure is demonstrated based on real
images acquired with a vehicle-based stereo camera system
attached to the windscreen. An embedded computer pro-
cesses both images in real time, extracts common features
and generates three-dimensional measurements. The cam-
era system is pre-calibrated with approximate parameters,
but the windscreen is expected to alter the model as ther-
mal and mechanical stress cause deviations in time, spe-
cially in the relative pose or rotation of the second camera
with respect to the first. To compensate this effect, the sys-
tem needs to be auto-calibrated in the field using natural
features. We assume a standard central projection camera
model with known lens distortion correction.

We evaluated the described prediction surfaces using
real-world and synthetic data. For the real-world dataset we
calibrated a synchronized stereo-vision system with a base-
line of 210 mm and a camera constant of1026 pixels us-
ing [1]. Our evaluation relies on image pairs extracted from
a longer test sequence, rectified such that epipolar lines cor-
respond to pixel rows (standard epipolar geometry [6]). The
features for self-calibration are extracted using a pixel accu-
rate method based on the Census transform [14], where the
sub-pixel accurate displacements are computed according
to the KLT method [16].

With respect to our synthetic test, the data set consists
of a variable number of correspondences that are uniformly
distributed across the field of view. The noise of each point
is Gaussian withσ = 0.32 pixels and a slight miscalibration
is introduced to test a solution that has not yet reached its
optimum.

5.2. Effects of noise in image features

For computing Eq. (2) we assumed before that the a-
priori error of each correspondence comes from a known
probability distribution whose individual uncertaintiesσi

are also known. Formally, this assumption would require
to extend the model by additional parameters to be inte-
grated into the calibration procedure. However, many sys-
tems completely ignore such considerations. For example,

whenever RSS-like objective values are used, it is equiva-
lent to a particular case ofχ2 where each residual in pixel
units is assumed to be implicitly divided by a constant value
σ = 1 pixel.

In some cases, image matching algorithms such as KLT
or SIFT can provide values of the uncertainty or noise levels
for the coordinates of each individual image feature. Still
this value may not be reliable as it depends on several is-
sues that are difficult to determine in advance, such as im-
age resolution and quality, local image structure, geometry,
size, shape and uniqueness of the feature, or sampling prob-
lems.

However, we assume in our scenario that noise can be
determined empirically either as a global average single fig-
ure, or as a function with respect to image position. The
latter will be shown as an alternate interpretation of the pre-
diction curves. Although this may seem to lead to a circu-
lar definition, it is in fact a consistent posterior verification
of the model, including the assumptions about noise as an
additional model unknown as a consequence of the central
limit theorem. This can be verified with a sufficiently large
reference data set.

In our real-world data example, we start by provision-
ally taking an arbitrary accuracy goal assuming a uniform
value ofσi = 0.5 pixels for each correspondence. This is
a conservative guess based on previous (subjective) obser-
vations of the accuracy of the KLT algorithm in our system
and other considerations of the physical system specifica-
tions. Later we will show that this a priori estimation is not
critical and can be calculated in a two-step procedure, as
any other unknown parameter.

As a reference data set, we use3215 correspondences
extracted from a real stereo sequence. After filtering out-
liers, we perform a Levenberg-Marquardt optimisation [10]
to find a near best-fit solution for camera orientation. Fig.3
shows the rectified left image with overlaid correspondence
pairs and computed prediction iso-curves.

In this case the calibration is nearly optimal. Notably,
the shape of the curves confirms a residual error prediction
which almost constantly amounts to0.318 pixels across the
complete image space. This observation supports the idea
that a constant value may be sufficient to model image noise
for this system, althoughσ = 0.5 pixels was an overestima-
tion. The valueχ2

r = 0.42 indicates that the result is sta-
tistically significant with some overfitting, and the p-value
being almost identical to1.0 confirms the consistency of the
fit. The gross a-priori estimation of the constantσ has quite
a small effect in the calculation of the prediction curves.
Table1 shows the maximum of the prediction valueσP and
the value ofχ2

r computed in the complete field of view for
different values ofσ.

We observe that the proposed method is quite tolerant
w.r.t. reasonable guesses ofσ, reaching a stable value for
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Figure 3. Left rectified image and prediction iso-curves using3125 correspondences (circles:xr, crosses:xl), σ = 0.5 pixels. The resulting
value ofχ2

r = 0.42 means that the fit is reliable and significant. The predictioncurves are almost constant withσP = 0.318 pixels.

χ2
r ≈ 1, marking the limit of significance of the solution.

The error prediction curves are stable whenσ is underes-
timated and increase slowly whenσ is overestimated. So
far, this example illustrates an accurate but expensive cal-
ibration, using all available correspondences. It will be
used as a reference for comparison with computationally
much cheaper calibrations performed using a small number
of correspondences.

The second order central moment (standard deviation) is
computed from the real data, corresponding to0.315 pixels,
which is quite similar to the mean error of the prediction
curves. For the following analyses both example values,
σ = 0.315 pixels as the optimal error andσ = 0.5 pixels
as an arbitrary conservative goal, serve as a reference in the
graphs.

Table 1. Maximum predicted error (MPE)σP andχ2

r for different
initial values ofσ. The “true” mean residual is0.315 pixels.

σ 0.10 0.25 0.32 0.50 1.00 2.00 5.00
MPE 0.318 0.318 0.318 0.318 0.320 0.326 0.365
χ2

r 10.5 1.69 1.03 0.42 0.10 0.03 0.00

5.3. Correspondence selection

For an embedded real-time system, processing around
3000 correspondences is time-consuming. However, a solu-
tion which is significant and accurate enough can be reached
with a much smaller number of correspondences. For our
stereo system withNp = 3 parameters (the camera rota-
tion angles) we consider calibration experiments with an in-
creasing number of correspondences, starting fromNm = 4
to Nm = 120, extracted from the complete available set fol-
lowing different selection strategies.

First, we consider based on synthetic data that each new
selected correspondence is closest to a randomly uniform
point generated in the field of view. One of these experi-
ments is shown in Fig.1 which indicates that high confi-
dence and significance levels are reached soon.

It is intuitively clear that any selection strategy evalu-
ated on smaller subsets of a large data set should not pro-
duce better error estimation than the full set. However, it
can be seen in Fig.4 that the RMSE tends to violate this
principle, often providing error estimates below the limitof
0.315 pixels obtained when considering all available cor-
respondences. Instead, we therefore propose to use the
Maximum Predicted Error (MPE), which is the maximum
value of the prediction curves calculated in a uniform grid
of 25 × 25 points across the complete field of view. This
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error estimate obeys the stated principle. Moreover, unlike
the RMSE, it does not only describe the capability to fit the
previous data but also predicts correct results for new mea-
surements. The system can only be considered fully cali-
brated if the solution is significant at a desired p-value (e.g.
95%) and the MPE accuracy is in some desired range (e.g.
0.5 pixels) across the complete field of view. The density
plot shows accumulation of different resulting RMSE and
MPE values obtained from1000 different Monte-Carlo ex-
periments. Black areas show the most probable values. The
density plot shows that using the strategy of random selec-
tion, at least35 correspondences are required to achieve an
accuracy of MPE< 0.5 pixels with a significance level of
95%.
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Figure 4. Comparison of the asymptotic convergence of RMSE
(optimistic) and MPE (pessimistic) for randomly uniform selec-
tion on synthetic data. With few correspondences, the RMSE gives
a premature impression of false accuracy (trueσ = 0.315 pixels).

The strategy of uniformly random selection works quite
well with synthetic data. It requires, though, either a uni-
form spread of the data or a large data set from which to
extract more uniformly distributed subsets that cover the
complete field of view. However, in vehicle-based real-
time systems correspondences are often extracted sequen-
tially concentrated in clusters, with very different densities
depending on the scene. Even worse, statistics of residuals
and errors vary among different areas, leading to systematic
errors when the selection is not uniform.

An example is shown in Fig.5 (top), where a real se-
quence was re-sampled by bootstraping. Asymptotic con-
vergence of MPE is slower here than in the uniform case
and markedly multi-modal, causing a solution that is unsta-
ble with respect to the selection experiment. The latter is

due to the fact that several sequences start with all corre-
spondences in the same area, thus providing limited cover-
age of the field of view. It requires more than120 corre-
spondences in this situation to reach an error threshold of
0.5 pixels.
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Figure 5. MPE density for real data clustered by temporal avail-
ability. Top: random selection; centre: active selection;bottom:
adaptive selection.

A more sophisticated correspondence selection strategy
is based on error prediction curves. An active selection
strategy uses the correspondences processed in the last pro-
cessing step to calculate prediction errors in the field of view
and select correspondences from image regions where the
predicted errors are large. Fig.5 (centre) shows the den-
sity of the MPE values for this strategy on the same data.
The convergence behavior is slower than for uniform ran-
dom selection on synthetic data, but it is more stable and
faster for real data, reaching the same threshold after about
70 correspondences. Notably, there was no attempt to de-
tect or correct cases starting close to degeneracy, causing
high variability in the left region. Nevertheless, the active
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selection strategy remains stable.

Finally, we propose a random strategy with an adaptive
probability of selection based on the prediction band values.
Each new available correspondence is selected or discarded
based on an individual random choice. The probability of
selection is governed by the value of the prediction band in
that area, corresponding to1 for values at the maximum and
0 for those close to the minimum. Hence, correspondences
in areas with larger prediction errors are more likely to be
selected. When the prediction error is more or less homo-
geneous, this selection approach becomes purely random.
Results are shown in Fig.5 (bottom). This strategy con-
verges faster and more steadily than pure random selection,
it is still system independent and alleviates the problem of
multi-modality.

6. Summary, Conclusions, and Future Work

In this study we have used statistical methods for assess-
ing the quality of camera self-calibration of a stereo vision
system, considering accuracy, reliability, and significance
of the estimated parameters. The results of the optimisa-
tion process are subject to model fitting analysis. In this
context, we have defined meaningful figures such as signifi-
cance, confidence levels, and error prediction curves across
the complete field of view. Furthermore, we have analysed
the effects of the number and the distribution of correspon-
dences on the calibration quality and examine the efficiency
of random selection strategies to reach a predefined accu-
racy level with as few correspondences as possible. We
have introduced a strategy for active selection of correspon-
dences based on the prediction error, which achieves a simi-
lar level of calibration quality as random selection but with-
out uniformity requirements. The active selection strategy
has been combined with random selection, relying on an
adaptive selection probability determined based on the pre-
diction band values, which leads to a faster and steadier con-
vergence than purely random selection. The evaluation has
been performed using both synthetic data and real-world
data from a vehicle-based stereo vision system. Our em-
pirical analysis has improved our understanding of camera
calibration procedures and helped to find a good trade-off
between accuracy and computational efficiency by specifi-
cally selecting the correspondences which are most relevant
for the calibration process.

Future work will address the application of the presented
methods to multiple camera computer vision systems, to in-
strumented calibration, and to cross-calibration of cameras
based on ground truth e.g. from RADAR or LIDAR sen-
sors. A further extension will allow the computation of 3D
error prediction volumes or their corresponding iso-surfaces
for evaluation of the model fit over the complete observed
three-dimensional volume.
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