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Abstract

Camera systems with zoom lenses are inherently
more useful than those with passive lenses due to their
flexibility and controllability. However, calibration
techniques for active-cameras, still, lag behind those
developed for calibration of passive-lens cameras. In
this paper, we present a neural framework for zoom-
lens camera calibration based on our proposed neuro-
calibration approach, which maps the classical prob-
lem of geometric camera calibration into a learning
problem of a multi-layered feedforward neural network
(MLFN). After discussing the features and advantages
of the neurocalibration network, we present how this
neural framework can capture the complex variations
in the camera model parameters, both intrinsic and ex-
trinsic, while minimizing the calibration error over all
the calibration data across continuous ranges in the
lens control space. The framework consists of a num-
ber of MLFNs learning concurrently, independently
and cooperatively, the perspective projection transfor-
mation of the camera over its optical setting ranges.
The calibration results of this technique applied to
Hitachi CCD cameras with H10x11E Fujinon active
lenses are reported.

1 Introduction

Camera systems with zoom lenses are inherently
more useful than those with fixed-parameter (pas-
sive) lenses due to their flexibility and controllabil-
ity. In such active cameras, the optical parameters,
i.e., zoom, focus and aperture are usually (computer)
motor controlled. The capability of varying these pa-
rameters has found many important practical appli-
cations, e.g, for depth reconstruction [5], active vision
[6] and active stereo reconstruction [15]. However, ac-
tive lenses are not commonly used in machine vision
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because it is difficult to model the camera’s image for-
mation process for continuous ranges of lens settings.
As a consequence, active-lens calibration techniques
lag behind the state-of-the-art calibration of passive-
lens cameras, which has a very rich literature. This
also justifies why some researchers currently resort to
self-calibration techniques [17].

In cameras with active-lenses, the image-formation
process varies with the lens optical settings, thus many
of the camera model parameters are non-linear func-
tions of the lens settings. The calibration problem
of these cameras relies on formulating functions that
describe the relationships between the camera model
parameters and the lens settings. As opposed to pas-
sive cameras, this raises several challenges. First, the
dimensionality of calibration data is large. Of course,
this leads to longer calibration time (which is of no
particular concern in this category of off-line calibra-
tion techniques). A second challenge is the potential
difficulty in taking measurements across a wide range
of imaging conditions (e.g., defocus and magnification
changes) that can occur over the range of zoom and
focus control parameters.

The zoom-lens calibration approach, generally, in-
volves first calibrating a conventional static camera
model at a number of lens settings which span the lens
control space using traditional calibration techniques.
The calibrated model parameters (both intrinsic and
extrinsic) at each lens setting can be stored in lookup
tables and functional interpolation calculates values
for intermediate lens settings (e.g., [4],[13]). An alter-
native approach is to model the parameter variations
across continuous ranges of lens settings with func-
tions fitted to the calibrated values [14],[10],[8]. In
[16], a combination of the two approaches was pro-
posed; some parameters were stored in lookup tables
while functions were formulated for the others. Table
I summarizes the lens controllable parameters for the
mentioned references.



Table 1: Lens controllable optical parameters for some
previous approaches.
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In the widely cited work of Wilson [8], an active

camera was calibrated across continuous ranges of fo-
cus and zoom. He estimates camera parameters by
performing Tsai’s algorithm [2] independently on im-
ages taken at various settings of zoom and focus. Low
order bivariate polynomials are fitted for some param-
eters (e.g., focal length, principal point coordinates),
while the other parameters (e.g., rotation angles) are
fixed. Global optimization over all the calibration data
is carried out to optimize the coefficients of fitted poly-
nomials.
The global optimization stage is important to take
into consideration the interaction and the dependency
between the model parameters [16]. This step rep-
resents an advantage of the function-fitting approach
over using a lookup table for the calibration of an ac-
tive camera over continuous control ranges. On the
other hand, since the question about the optimal func-
tion type is often difficult to answer, and polynomials,
in many cases, fail to follow the complex variations in
the model parameters, it will be advantageous to use
a neural network approach.

In a recent work [19], we have proposed the neuro-
calibration approach which cast the classical geometric
(passive) camera calibration problem into a learning
problem of a multi-layered feedforward neural network
(MLFN). Due to the features and advantages of this
approach, we propose, in this paper, to use it as an
optimization framework for the more difficult task of
zoom-lens camera calibration over continuous ranges
of lens settings. We believe that a complete neural
framework is well suited to this task, which can be
looked at as a combination of passive camera cali-
bration and function interpolation over a large col-
lection of data. Therefore, if we add to the proven
power of neural networks as universal approximators
[11], the advantages of our neurocalibration technique,
the combination will not only match our intuition,
but will also provide a framework for global optimiza-

tion of the overall calibration error for the calibration
data across continuous ranges of the lens control space.
This framework consists of a number of MLFNs learn-
ing concurrently, independently and cooperatively, to
capture the variations of model parameters across op-
tical lens settings.

We describe the camera model and state the cal-
ibration problem in the next section. In Section 3,
we briefly describe the neurocalibration approach and
summarize its main features. An overview of the new
framework for zoom-lens calibration is given in Sec-
tion 4. Sections 5 and 6 describe our experiments and
our concluding remarks.

2 Camera Calibration Problem

The result of camera calibration is an explicit
transformation that maps a 3D world point M =
(X,Y,Z,1)7 into the 2D pixel m = (u,v,1)T. In the
pinhole model, the relationship between M and m is
given by

ay ¢y
sm=ARt| M withA=|0 a, w]|, (1)
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where s is an arbitrary scale factor; (R t), called the
extrinsic parameters, are respectively the rotation (in
terms of three angles: R,, R, and R.) and translation
(t = (ty ty t.)") components of the camera transfor-
mation; A is called the camera intrinsic matrix, and
(ug,vo) are the coordinates of the principal point, a,,
and «, the scale factors in image v and v axes, and
¢ the parameter describing the skewness of the two
image axes. The camera mapping can be represented
by a 3 x 4 projection matrix, P, that encompasses all
these parameters.

This camera model ignores lens distortion which is
often accounted for in the camera model by adding
some distortion parameters [2],[1]. However, these pa-
rameters can be estimated in the captured images by
a pre-calibration process [7],[12]. Then all images can
be undistorted before calibration proceeds. The de-
coupling between distortion parameters from the oth-
ers will allow us to maintain the simple relation in
(1) thus making following vision tasks (e.g., stereo re-
construction) easier. Moreover, the decoupling would
minimize the effect of the correlation between lens dis-
tortion coefficients and other camera model parame-
ters [3] on parameter estimation. The analysis and
effects of this pre-calibration process are deferred to a
follow-up work.

Given a sufficient number, N, of reference world



points, M; = (X; Y; Z; 1)7, as well as their corre-
sponding pixel positions, m; = (u; v; 1)7, the cam-
era calibration problem is to estimate the 11 camera
parameters, in other words, the projection matrix P,
that minimize

N
E=Y || PM;—m;|. (2)
i=1

In Section 3, we give a summary of a MLFN that solves
this problem. However, since the camera calibration
parameters may vary as the lens setting is changed,
the calibration problem of a zoom-lens camera system
becomes finding the intrinsic and extrinsic camera pa-
rameters, expressed as functions of the controllable
camera settings, which can be composed for any fixed
camera setting in order to obtain the projection ma-
trix. This problem is addressed in Section 4.

3 Neurocalibration

In [19] we proposed a MLFN that not only learns
perspective projection mapping of a camera, but also
can specify the calibration parameters. Here, we give a
brief summary of our approach. The interested reader
can refer to [19] for more details. The neurocalibra-
tion net has a topology of 4 — 4 — 3 with linear hidden
and output neurons (see the central net in Fig. 1).
The weight matrix of the hidden layer is denoted by
V, and it is assumed to correspond to the extrinsic
parameters. The weight matrix of the output layer is
denoted W and it corresponds to the intrinsic param-
eters, or matrix A. For any input pattern M;, the
network output, (o;,k = 1,2,3), represents the 2D
pixel homogeneous coordinates. In terms of the net-
work parameters, the error in (2) can be expressed as
[19]

N
E =) (yion — u)® + (viois — vi)* + (viois — 1)%,
i=1 ®3)

where 7; is a parameter attached to each input point,
and takes care of the scale factor, s, in (1). One can
look at «; as the slope of the linear activation function
of the output neurons. The weights of the network
Wy; and Vi; are initialized at random values in the
range —1 : 1, while all the different v; are initially
set to 1. The network weights Wj;, Vi; and ~; are
updated according to the gradient descent rule applied
to Eq.(3) [19]. For ease of network learning, the input
and desired patterns of the network are normalized by
s1 and sz, respectively. After training the network,

the projection matrix P can be shown to be [19]
P=S, WVS,, 4)
where
S, = diag(s1,51,1) and Sy = diag(s; ', 55,555, 1).

In order to go beyond just obtaining the matrix P,
the camera parameters are also obtained by mapping
each network weight to one camera parameter. This
can be done by enforcing the orthogonality constraints
on R during network learning. The constraints are
represented as additional terms added to the error cri-
terion to be minimized. The new error measure will

be
Eiot = Esp + BEorth, (5)

where Eap is the same in (3) and E,4p, is a sum of six
error terms [19] that ensure the weights matrix V to
be a rotation matrix. The positive weighting factor,
B, increases slowly as learning proceeds.

The network is trained by the traditional Backprop-
agation algorithm, however, speedup can be achieved
by applying the conjugate gradient method during
some periods of the training process. Switching be-
tween conjugate gradient and gradient descent can be
done automatically (for details, see [9]).

Our extensive simulations and tests on practical im-
ages [19] yielded very low calibration error and have
shown that this neurocalibration approach has the fol-
lowing features:

e it relaxes the requirement of a good initial
starting point, which is common to other non-
linear optimization techniques (e.g., Levenberg-
Marquardt algorithm). These techniques often
fail without this condition. In all the experiments
conducted, the network has converged starting
from random initial weights without sacrificing
the calibration accuracy.

e experiments have shown very small sensitivity of
the network learning to network parameters, e.g.,
learning constants.

¢ the orthogonality constraints on the rotation ma-
trix are satisfied in the obtained parameters with-
out extra optimization steps [1].

e it is simple; the reader can easily reproduce our
code.

e it is interesting to note that the above network
can be easily modified to calibrate some other



camera models [20], in particular, for calibrat-
ing linear pushbroom cameras [18] which may be
thought of as a hybrid of perspective projection
in one imaging direction and orthographic projec-
tion in the other direction.

These features motivated us to use the neurocalibra-
tion net for the global optimization step of zoom-lens
calibration. In the techniques that use Levenberg-
Marquardt algorithm (e.g., [14],[8]), if the initial val-
ues of the fitted parameters at the global optimiza-
tion step are not adequate enough, no significant im-
provement in the calibration error is attained. In addi-
tion, if the optimization procedure takes no account of
the structure of the orthonormal rotation matrix, the
model rotation angles may end up with unpredictable
values very far from the expected ranges.

4 Zoom-Lens Camera Calibration

In this section, we outline our framework for zoom
lens calibration in the following three steps.
4.1 Passive Camera Calibration

The calibration process starts with collecting the
calibration data; images of a calibration pattern are
captured by the camera at a number of different lens
optical settings (zoom, focus and/or aperture) cover-
ing the operating space of the camera. At each lens
setting, the position of the calibration pattern in world
coordinates is adjusted till a sharp focused image is ob-
tained. The 3D coordinates of the pattern points are
measured relative to a selected world coordinate sys-
tem’s origin using a 3D digitizer. The corresponding
2D pixels in each image are estimated with sub-pixel
accuracy using a technique based on edge-detection
and fitting [1],[2]. At each fixed lens setting, the fixed
camera model parameters are estimated using the neu-
rocalibration technique described in Section 3 (other
calibration techniques may be used for this step).
4.2 Initial Parameter Formulation

Having obtained the parameters values at the dif-
ferent positions, we are ready to fit functions to these
values. The skew, ¢, is fixed to zero. For ease of use
of the camera model, excluding the translation com-
ponent in the z-direction, the position and the orien-
tation of the camera coordinate frame relative to the
world coordinates are kept unchanged as the lens pa-
rameters are varied [8],[16]. Therefore, R;, Ry, R, t;
and t, are modeled with constants (zero-order terms).
Constraining these parameters to be independent of
optical settings makes use of the extra-degrees of free-
dom in the calibration (i.e., the dependency and cor-
relation between some camera parameters for small

variations [16]). The initial values for the former five
terms are set to their average values throughout the
whole data. Then, for each of the remaining param-
eters, a,,, ay, U, Vo, and t,, a function is fitted across
the optical settings using a MLFN. Each (from now
on, parameter) MLFN has one output unit and in ad-
dition to the fixed bias, it has as many input units
as the number of lens controllable parameters. The
number of layers (two or more) and number of hidden
units are determined experimentally for each MLFN
alone. Note that these parameter MLFNs, unlike the
neurocalibration network, have non-linear activation
functions. Each MLFN is trained independently with-
out the necessity of attaining a very low fitting error
since this training is just an initial step before the
global optimization step.
4.3 Global Optimization

The neurocalibration net has a central role in the
global optimization step. It is trained using the Back-
propagation algorithm to minimize the error in (5)
over all the collected calibration data. The five zero-
order terms are represented by five network weights,
while the five parameter MLFNs serve to provide the
central network with the rest of the weights repre-
senting the parameters that vary with the lens optical
setting. Fig. 1 illustrates the central neurocalibration
network and its associated MLFNs.

Figure 1: Global optimization step: five parameter
MLFNs cooperate with the central neurocalibration net
during the optimization, o denotes the lens control-
lable optical parameters and dashed links in the central
network designate link weights fized during learning at
0 or 1.

At each lens setting, o;, the five parameter MLFNs
provide the corresponding five model parameter values
to the central network, which uses these values along



with the other zero-order term parameters to project
all the input vectors, to compute the calibration error
at this lens setting and to update all its weights. The
five updated weights are propagated to the parame-
ter MLFNs to update their functional mapping be-
tween the parameters and the lens settings. Note that
each parameter MLFN minimizes its own fitting error,
which is different from the calibration error computed
by the central neurocalibration network. However, the
fitting error of each parameter MLFN affects the cal-
ibration error. When the errors of all six networks
drop below a small value, €, each parameter MLFN
has the final functional relationship of that particular
parameter versus lens settings while the central net-
work has the final values of the zero-order term pa-
rameters, namely R,, R, R, t, and t,. Algorithm 1
shows an outline of the global optimization step.

Algorithm 1 Outline of global optimization step.

repeat
CycleError =0,Ferror, =0,1<k <5
for all lens settings o; do
parameter MLFNs supply 5 network weights.
SettingError = 0.
for all input-output patterns at o; do
Compute calibration error, €, from Eq.(5).
All weights of central network are updated
according to Backpropagation algorithm.
SettingError += €.
end for
CycleError += SettingError.
Propagate the updated 5 network weights to
corresponding MLFNs.
Each parameter MLFN, k, updates its own
Ferrory, and performs, independently, a learn-
ing iteration according to Backpropagation al-
gorithm.
end for
until CycleError < € and Ferrory < €,Vk.

5 Experimental Results

In this section, we briefly describe the experiments
conducted to calibrate two Hitachi HP-M1 CCD cam-
eras with H10x11E Fujinon active lenses that are part
of a trinocular active-vision system developed at our
lab. The lens of these cameras has focal length 11mm
- 110mm, focus range oo - 1.2m and iris range F1.9 -
F22. The lens has 3 motors for iris, zoom and focus
control. However, except for the iris motor, each of the
other two motors provides a position reading presented
as a dc voltage in the range 0 - 16384 after A/D con-
version. In the following, we will refer to this range in

normalized presentation from 0 - 1. For the operating
range,we have chosen a focus range of 0.5 <my < 1.0
which corresponds roughly to a focused distance of
1.2m to 2.5m. For the zoom, we have chosen a similar
range of 0.5 < m, < 1.0 which corresponds to focal
length from approximately 11mm up to 25mm, while
the iris is kept wide-open. We used a regular 7x 7 sam-
pling of the selected zoom and focus ranges. At each
lens setting, an image was captured by the camera of
a chessboard-like calibration pattern, thus a total of
49 sets of calibration data were obtained. Each set
contained 440 data points. The calibration approach,
explained in Section 4, was applied to the collected
calibration data of each camera independently. In the
global optimization stage, the networks were trained
until the root mean square (rms) of calibration error
dropped below 0.1 pixels, and the rms of fitting error
for each parameter MLFN was below 0.1. Figure 2
illustrates some of the obtained parameter variations
versus zoom and focus settings. For comparison sake,

Figure 2: Variations of some model parameters ver-
sus normalized focus and zoom settings of one lens:(a)

uo (piz.), (b) ty(cm), (c) t.(cm) and (d) o, (piz.).

we applied Willson’s approach [8] to the same collected
calibration data (but using the camera model in Sec-
tion 2 instead of Tsai’s [2] that Willson used). Table IT
summarizes the order of bivariate polynomials selected
for our implementation of Willson’s approach and the
MLFN topologies chosen to model the zoom and focus



varying parameters. Note that a bivariate polynomial
of order g has (¢g+1)(g+2)/2 coefficients. In the global

Table 2: Polynomial orders and network topologies used
to fit the zoom and focus varying parameters.

Parameter || poly. order | Net topology
t, 5 2-5-1
Ug 3 2-3-1
Vg 3 2-3-1
Qy 6 2-5-2-1
Oy 6 2-5-2-1

optimization step using the Levenberg-Marquardt al-
gorithm in Willson’s approach [8], the order of fitting
the parameter polynomials to the data affects the final
calibration error. Therefore, as Willson suggested, the
polynomial coefficients of lowest order were optimized
first followed by the higher ones in increasing order,
using a greedy algorithm whenever two or more pa-
rameter models have the same polynomial order. The
rms of calibration error in pixels is shown in Table III
for the two cameras, computed over all 49 x 440 data
points, before and after the global optimization step
for the two methods. Since we have not imposed on

Table 3: Comparison of the rms of calibration error in
pixels before and after global optimization between our
proposed approach and Willson’s.

Camera 1 | Camera 2
Approach || Init | Fin [| Init | Fin
Willson’s 54 | 1.8 || 6.2 | 1.3
Ours 2.5 | 0.1 1.8 | 0.1

the calibration procedure the fact that the aspect ra-
tio, @y /au,, should be nearly constant (from our earlier
experience with these cameras, it is equal to 1) across
the different lens settings, we used this to assess the
results of our calibration. Qur results, for both cam-
eras, have shown a aspect ratio of 1+ 0.05 across all
zoom and focus calibrated ranges. Moreover, since
the two cameras that we used form a stereo rig and
we often captured images of the same calibration pat-
terns by both of them, one can compute for these im-
ages the rms of the error in 3D reconstruction of the
calibration pattern. This will serve as a quantitative
measure of calibration accuracy. Table IV shows this
measure computed, using 20 images, for the two ap-
proaches using the calibrated parameters before and

after the global optimization step. In fact, we have
used this measure to validate the different parame-
ter models and to circumvent over/under-fitting given
the the size of the available data. Several experiments
were necessary before we reached the previous mod-
els given in Table II. The calibration accuracy can be
further improved if the images are corrected for lens
distortion before calibration. Moreover, we can make
use of more sampling positions (and thus more col-
lected data size) to improve the accuracy.

Table 4: Rms of 3D reconstruction error in cm before and
after global optimization.

Approach || Initial | Final
Willson’s 2.65 0.91
Ours 1.41 0.32

One can read from the above two tables the im-
portance of the global optimization step to improve
the calibration error. This step optimizes and re-
fines the parameter-formulated functions taking into
account the interaction and correlation between the
different model parameters, which combine together to
compose the camera projective transformation. This
interaction is clearly absent in the function formula-
tion step. The second thing to read from the tables is
that our approach has been more able to capture the
variations of the parameters across the lens settings.
Rather than bivariate polynomials, other alternatives
such as Chebyshev polynomials and Legendre polyno-
mials could have been utilized. However, we resort
to proven power of MLFNs [11] to provide a suitable
parameter formulation. The last point that we like to
emphasize is that even if MLFNs are used to provide
this function mapping, the role of the neurocalibration
network remains important to form an effective frame-
work to optimize and refine these function mappings
towards more accurate calibration results.

6 Summary and Conclusions

We have presented a new neural framework for
zoom-lens camera calibration. The framework makes
use of the neurocalibration network that maps the
classical problem of geometric passive camera calibra-
tion into a learning problem of a MLFN. We summa-
rized the features that this network has, which allow
its usage as the heart of our active-camera calibration
approach. The framework has three main steps: data
collection and passive camera calibration, initial pa-
rameter formulation, and global optimization. In this



work, we stress the importance of the global optimiza-
tion step to consider other factors missing in the initial
parameter function-formulation step. Our experimen-
tal results have demonstrated better performance of
our approach compared to Willson’s approach, which
is a reference of this domain. To improve the accu-
racy of our approach, more sampling positions during
data collection need to be used along with removal of
lens distortion [7],[12] from images before calibration.
These two goals define our future directions in this
work.

We believe that this approach has the following
key features, as opposed to other techniques (e.g.,
[14],[10],[8]. 16]):

1. it is general; it can consider, in a straightforward
manner, any number/combination of lens control
parameters, e.g., zoom, focus and/or aperture;
since only the input layer of parameter MLFNs
will be affected.

2. it can capture complex variations in the model
parameters, both intrinsic and extrinsic, across
control space.

3. all of the parameters are fitted to the calibration
data at the same time, while in other approaches
[14],[10],[8],[16], one parameter is fitted at a time
and the final level of error generally depends on
the order in which the models are fit to the data

[8]-
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