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Abstract

Camera calibration is a primary crucial step in

many computer vision tasks. In this paper we present

a new neural approach for camera calibration. Unlike

some existing neural approaches, our calibrating net-

work can tell the perspective-projection-transformation

matrix between the world 3D points and the corre-

sponding 2D image pixels. Starting from random ini-

tial weights, the net can specify the camera model pa-

rameters satisfying the orthogonality constraints on

the rotational transformation. The neurocalibration

technique is shown to solve four di�erent types of cal-

ibration problems that are found in computer vision

applications. Moreover, it can be extended to the more

di�cult problem of calibrating cameras with automated

active lenses. The validity and performance of our

technique are tested with both synthetic data under dif-

ferent noise conditions and with real images. Exper-

iments have shown the accuracy and the e�ciency of

our neurocalibration technique.

1 Introduction
Arti�cial neural networks have been used to solve

some computer vision problems [11] such as static
stereo, lateral motion stereo, longitudinal motion
stereo, computation of optical 
ow, and image restora-
tion. In this paper, we investigate applying a neural
approach to another problem of computer vision, cam-
era calibration. Basically, there are two aspects asso-
ciated with the problem of camera calibration: cal-
ibration of the internal parameters of a camera (in-
trinsic parameters) and pose estimation of a camera
system relative to a 3D world reference system (ex-
trinsic parameters). The existing techniques to solve
this problem can be broadly classi�ed into three main
categories: linear, nonlinear (or iterative), and two-
step methods. The interested reader is referred to [3],
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[2] for a complete review.
We present how to map the camera calibration

problem into a learning problem of a multi-layer feed-
forward neural network (MLFN). Inspired by the pre-
vious success of neural nets in solving some vision
problems [11], our motivations for doing so are to in-
vestigate if such a net would:

� relax the requirement to start with a good ini-
tial guess which is required by other non-linear
camera calibration techniques [1],[2],[8],

� allow using a neural-based framework for the
more di�cult problem of calibrating cameras with
automated active lenses [10].

Some neural net-based calibration techniques have
been reported in the literature [7],[5],[4]. These tech-
niques used neural networks either to learn the map-
ping from 3D world to 2D images without specifying
the camera models [5], or as an additional stage to
improve the performance of other existing techniques
[4],[7]. Since knowing the camera model parameters
feeds very important information to following vision
tasks (e.g., stereo-reconstruction), our technique goes
beyond the existing methods by having the neural net-
work specify the camera intrinsic and extrinsic param-
eters. We also demonstrate the ability of our calibrat-
ing network to solve four di�erent types of calibration
problems that are found in computer vision applica-
tions [6]:

� Type 1 : to estimate all the camera parameters
simultaneously.

� Type 2 : to estimate all the other camera param-
eters given the image center.

� Type 3 : to estimate the extrinsic parameters
given the intrinsic parameters.

� Type 4 : to estimate the intrinsic parameters given
the extrinsic parameters.

0-7695-0164-8/99 $10.00 (c) 1999 IEEE



We present a camera model and state the calibra-
tion problem in the next section. In Section 3, we
introduce our calibrating neural network. Section 4
demonstrates how to solve the four types of calibra-
tion problems and to calibrate a camera with an active
lens. The performance of our method is evaluated by
the results of simulations and experiments with real
camera systems in Section 5. Finally, Section 6 gives
our concluding remarks.

2 Camera Model
The camera model that we consider is the perspec-

tive projection model based on the pinhole model [1].
IfM has world coordinates (X;Y; Z) and projects onto
a point m that has pixel coordinates (u; v), the oper-
ation can be described, in homogeneous coordinates,
by the equation:
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The 3�4 matrix P is commonly referred to as per-
spective projection matrix and decomposed into two
matrices: P = A D where
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The 4 � 4 matrix D represents the mapping from
world coordinates to camera coordinates and accounts
for six extrinsic parameters of the camera: three for
the rotation R which is normally speci�ed by three
rotation (Euler) angles: Rx, Ry and Rz and three for
the translation t = (tx; ty; tz)

>. 03 represents the null
vector (0; 0; 0)>. The 3 � 4 matrix A represents the
intrinsic parameters of the camera: the scale factors
�u and �v , the coordinates u0 and v0 of the principal
point, and the angle � between the image axes.
This camera model ignores lens distortion which is of-
ten accounted for in the camera model by adding some
distortion coe�cients [3],[2]. This can be overcome by
estimating the distortion coe�cients then correcting
for the lens distortion in the captured images even be-
fore calibration proceeds [9]. The bene�t from this
would be twofold. The calibration accuracy will not

only be increased, but this will also allow us to main-
tain the simple relation in (1) thus making following
vision tasks easier.

With this camera model, the calibration problem
can be stated as follows: Given a su�cient num-
ber N of reference points whose world coordinates
Mi(Xi; Yi; Zi) are known with a high precision, as
well as their corresponding observed pixel positions
mi(ui; vi), estimate the 11 camera parameters that
project the 3D points to these 2D image points. Ac-
cordingly, from (1) after eliminating the scale factor S
which is di�erent for each point, the error criterion E
to be minimized is

E =

NX
i=1

(
p>
1
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p>
3
Mi + p34

� ui)
2 + (

p>
2
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p>
3
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� vi)
2

(3)

3 Neurocalibration
Our interest is to employ a neural network not only

to learn the mapping from 3D points to 2D pixel points
which minimizes the error in (3), but also to extract
the projection matrix and camera parameters. There-
fore, the network structure is laid out accordingly. The
net is a two-layer feedforward neural network. The in-
put has three neurons plus one augmented �xed at
1. These three correspond to the three coordinates
X;Y; Z of a 3D point. The number of output units
is three, and the hidden layer consists of four neu-
rons (three plus one dummy). The hidden and output
neurons have unity activation functions. The weight
matrix of the hidden layer is denoted by V, and it
is assumed to correspond to the extrinsic parameters
matrix D. The weight matrix of the output layer is
denoted W and corresponds to the intrinsic parame-
ters matrix A. For any input pattern i; N � i � 1,
the input vector is formed as Zi = (Xi Yi Zi 1)

>, and
the outputs are oik ; k = 1; 2; 3. With a literal interpre-
tation of the error criterion in (3), the error measure
here would be

E =

NX
i=1

(
oi1
oi3

� ui)
2 + (

oi2
oi3

� vi)
2 (4)

This last equation is not in a handy form than can
be used by a gradient descent error-driven network
due to the presence of the two ratios in terms of the
network outputs. To tackle this problem, one might
be tempted to train the net such that the desired value
of oi3 (which yet to be �gured out) to 1 thus getting
rid of the unwanted ratios. Unfortunately, this will
do us little good because, from (3), this means that
p>
3
Mi + p34 = 1 for all i. Clearly, no values of p3

and p34 will hold this true for all Mi resulting in no
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convergence of the network. A good solution is to train
the net letting 
ioi3 approach 1, so we can write E in
(4) as

E =
NX
i=1

(
ioi1 � ui)
2 + (
ioi2 � vi)

2 + (
ioi3 � 1)2

(5)

Each input pattern will have its own factor 
i. The
question now is what this value should be. This factor

i is initially set to 1 for all i then allowed to up-
date according to gradient descent rule to minimize
the error measure in (5). Based on this, the desired
vector for each pattern, di, is set to (ui vi 1)

>. Let-
ting Oi = 
ioi, the dynamics of the network follows
equations (6, 7, 8) as below. Given input pattern Zi,
hidden neuron j produces output

Yj =
4X

l=1

VjlZil (6)

While an output neuron k produces

Oik =

4X
j=1


iWkjYj (7)

And the error measure for the ith input point from
(5), is now cast in the familiar form,

Ei =
1

2

3X
k=1

(dik �Oik)
2 (8)

where a factor of 0:5 is introduced here for conven-
tion only and dik designates the k -th component of
the desired vector di. The weights of the network
Wkj and Vlj are initialized at random values in the
range �1 : 1. Since the fourth hidden neuron's out-
put is �xed at 1, its corresponding weights are �xed,
Vl4 = 0; l = 1; 2; 3; V44 = 1. The network is trained
with the error back-propagation algorithm updating
the weights Wkj , Vlj and 
i according to the gradient
descent rule as follows:

�Wkj = �1(dik �Oik)
iYj (9)

�Vlj = �1
i

3X
k=1

(dik �Oik)WkjZil (10)

�
i = �2

3X
k=1

(dik �Oik)

4X
j=1

WkjYj (11)

where �1 and �2 are positive learning constants. For
ease of network learning, it is advised that the input
and desired patterns of the network be normalized.
Therefore the two sets, 2D pixel coordinates and 3D
point coordinates, are normalized by s1 and s2, re-
spectively. After training the network, the projection
matrix P can be shown equal to

P = S1 W V S2 (12)

where
S1 = diag(s1; s1; 1) and S2 = diag(s�1

2
; s�1

2
; s�1

2
; 1).

4 More Aspects of Neurocalibration
This section maps the network weights to camera

parameters, then shows how to use the neurocalibra-
tion technique for calibrating cameras with automated
active lenses.

4.1 Four Calibration Problems

Taking into account the scaling factors s1 and s2,
the matrix D will be given by V S2 while matrix A
is equal to S1 W. This would be completely correct
if the orthogonality constraints on R are met. R as a
rotation matrix should satisfy

r>i rj = �ij ; i; j = 1; 2; 3; i � j (13)

where rj is the jth row of R and �ij is the usual Kro-
necker function. The relations in (13) form a set of
six independent quadratic constraints that are to be
satis�ed by the elements of the orthogonal matrix R.
The neurocalibration approach is 
exible enough to
accommodate these constraints. The constraints are
represented as additional terms added to the error cri-
terion to be minimized. The new error measure per
input will be

Etot = E2D + �Eorth (14)

where E2D is the same in (8) and

Eorth =

3X
l=1

(V 2

l1 + V 2

l2 + V 2

l3 � a)2

+ (V11V21 + V12V22 + V13V23)
2

+ (V11V31 + V12V32 + V13V33)
2

+ (V21V31 + V22V32 + V23V33)
2

In (14), � is a small positive weighting factor while
constant a (originally should be 1) accounts for any
scaling in the V weights. The updating rules, equa-
tions (9), (10) and (11), for the various network
weights are the same, except for the weights Vlj ; 3 �
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l; j � 1 which are determined by the gradient descent
rule as

�Vlj = �1
i

3X
k=1

(dik �Oik)WjkZil

�4�1� (V 2

l1 + V 2

l2 + V 2

l3 � a)Vlj

�2�1� �vlj

(15)

where

�vlj =

8>>>>>><
>>>>>>:

(V2j + V3j)f(V11V21 + V12V22 + V13V23)
+(V11V31 + V12V32 + V13V33)g;l = 1

(V1j + V3j)f(V11V21 + V12V22 + V13V23)
+(V21V31 + V22V32 + V23V33)g;l = 2

(V1j + V2j)f(V11V31 + V12V32 + V13V33)
+(V21V31 + V22V32 + V23V33)g;l = 3

Moreover, some elements of the A matrix have
values of zero or one. Therefore the corresponding
weights of W are �xed accordingly. Now, one can use
this approach to solve four di�erent types of calibra-
tion problems [6]. Since all the camera parameters
in Type 1 are to be estimated, this is exactly what
our network in Section 3 accomplishes. The projec-
tion matrix P is calculated from (12) and can be de-
composed into the camera parameters [1]. In Type 4

calibration problems, the extrinsic parameters are as-
sumed to be known, therefore the V matrix weights
are initialized toDS�1

2
with appropriate scaling if nec-

essary. Only the �veW weights (corresponding to the
5 intrinsic parameters) are updated according to the
gradient descent rule in (9).

On calibrating a camera, the image center can be
possibly estimated �rst using another independent cal-
ibration process such as the autocollimated laser tech-
nique [10], then the remaining camera parameters are
calibrated. This occurs in Type 2 problems, whereas
problems of Type 3 appear when the camera is moved
thus changing the extrinsic parameters while keeping
the intrinsic parameters unchanged. Therefore the ex-
trinsic parameters only need to be re-calibrated. To
solve Type 2 problems, W13 and W23 are initialized
to s�1

1
u0 and s�1

1
v0, respectively, while the other net-

work weights are randomly initialized. On the other
hand, the W weight matrix, in Type 3, is initially
taken W = S�1

1
A. In either problem type, only the

network weights corresponding to the ungiven param-
eters are updated according to the proper rules with
the orthogonality constraints taken care of by (15).

4.2 Calibrating Cameras with Active
Lenses

Cameras with automated active lenses become
more and more important in vision systems due to

their 
exibility and controllability [8],[10]. How-
ever, calibrating such cameras raises several challenges
[10],[8]. The calibration problem becomes how to
characterize how the parameters of the �xed camera
model vary with lens settings [10]. The calibration
approach, generally, involves �rst calibrating a con-
ventional static camera model at a number of lens set-
tings spanning the lens' control space. To model how
the terms of the static camera model vary with lens
setting, partial lookup tables and interpolations [8] or
�tting multi-variable polynomials [10] can be used.

Our calibrating neural net, with each camera model
parameter mapped to a network weight, allows us to
present an all-neural approach for this problem. This
approach can capture complex variations in camera
parameters. While the details of such an approach will
not be described here due to lack of space, the over-
all approach has two main steps. First, some model
parameters, namely �u; �v ; u0; v0; and tz, are approx-
imated by multi-variable functions using 5 MLFNs
with the proper network topology selected for each pa-
rameter. The other parameters are modeled by zero-
order terms. With the calibrating net being the ba-
sis of the second step of global optimization, these 5
MLFNs serve to provide values for the corresponding
network weights. The main calibrating net is trained
minimizing the error in (14) over all the collected cal-
ibration data. After one set of data at the same op-
tical setting updates the main network weights, the
5 MLFNs will have one training iteration to learn the
updated network weights (which hence become the de-
sired values for them) and so on. As the six neural net-
works learn concurrently and cooperatively, the varia-
tions of the camera model are captured across the cal-
ibrated ranges of lens parameters. This step takes into
account the interaction and the correlation [6] between
the model parameters (which is absent during �tting a
function to each parameter model alone). One key fea-
ture of this approach is that all of the parameters are
�tted to the calibration data at the same time, while
in the polynomial-based approach [10] one parameter
is �tted at a time and the �nal level of error generally
depends on the order in which the models are �t to
the data [10]. The all-neural approach has been used
successfully to calibrate Hitachi KP-M1 CCD cameras
with H10x11E Fujinon active lenses in our lab.

5 Experimental Results

The estimation of camera model parameters pre-
sented in the previous sections has been tested with
synthetic data and with real images. Due to lack of
space, we present here the results of Type 1 calibra-
tion problems only, while more extensive results are
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Parameter ground truth calibrated
tx(mm) -27.0 -26.98
ty(mm) -28.0 -28.00
tz(mm) 701.0 701.00
Rx(rad) 0.09 0.09000
Ry(rad) 0.80 0.799973
Rz(rad) -0.03 -0.03001
�u(pix) 556.0 556.001165
�v(pix) 549.0 549.000605
u0(pix) 172.0 171.982447
v0(pix) 121.0 120.998733
�(rad) 1.5708 1.5708

Table 1: Ground truth versus noise-free calibrated param-
eters.

provided in a manuscript under review [12].

5.1 Simulations with Synthetic Data

After choosing speci�c external and internal cam-
era parameters, which are referred to later as ground
truth, the simulation proceeds as follows: given a set of
3D points (N = 440) and the pre-speci�ed camera pa-
rameters, we compute the projected 2D image points.
Then, some pseudo-noise v with Gaussian distribution
g(0; �2) is added to the 2D image coordinates to rep-
resent the uncertainty in detecting these 2D points.
Using these 2D points to calibrate the camera param-
eters, we have performed a series of experiments using
di�erent �, each repeated 50 times. After training
the net, the projection matrix, P, is computed from
(12) and decomposed into the 11 parameters as de-
scribed in [1]. The actual ground truth values and the
resultant noise-free parameters after neurocalibration
are shown in Table 1. As shown in this table, the cali-
brating network could tell the right values for the cam-
era parameters. For comparison's sake, the camera
parameters for the above experiments are estimated
using the linear calibration approach [1] and a nonlin-
ear technique by minimizing the error in (3) using the
well-known Levenberg-Marquardt algorithm. This al-
gorithm starts with the output of the linear approach
as an initial estimate of the parameters. The root

mean square error of some parameters computed over
the 50 trials are plotted in Fig. 1 as a function of �
using the three techniques. As expected, the linear ap-
proach is the least robust against noise while the other
two techniques have fairly similar curve trends. This
is logical since both techniques optimize a squared er-
ror metric so they have nearly similar robustness to
noise. However, in the above experiments the neuro-

calibration approach starts with a random initial state
while the Levenberg-Marquardt algorithm would fail
without a good starting point.
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Figure 1: How the rms of some calibrated parameters
(�v, �u, tz and tx) varies with the pixel noise � for
three approaches: linear, nonlinear using Levenberg-
Marquardt algorithm and neurocalibration.

5.2 Experiments with Real Images

With real images, the accuracy of the calibration
is measured in terms of the accuracy in reconstruct-
ing 3D points through triangulation [2],[3]. Therefore,
calibration is done for two cameras. Two images were
captured for a chessboard-like calibration pattern by
a pair of CCD cameras (6.1mm HA6300 TeleCamera).
The 3D points used for calibration are the mid-points
between the vertices of the board squares. Knowing
the spatial positions (Xi Yi Zi) of these points, the
corresponding image-point locations in the two images
are estimated with sub-pixel accuracy using a tech-
nique based on edge-detection and �tting [2],[3]. The
two sets, 3D points and corresponding 2D pixels are
used for calibrating the two cameras as Type 1 prob-
lem.

To assess the calibration accuracy, two error mea-
sures have been used. The �rst is the usual root mean

squared calibration error (RMSE), while the other is
suggested by Weng et. al. [2] and called normal-

ized stereo camera error (NSCE). Weng claims that
through this error measure, the performance of di�er-
ent calibration approaches can be quantitively evalu-
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ated and compared. The two above error measures
have been computed using the neurocalibration ap-
proach and by Tsai's algorithm. The reason to com-
pare our results to Tsai's is that the latter is a very
popular calibration technique used in many computer
vision labs around the world. Clearly, the two mea-
sures shown in Table 2 are in favor of the neurocali-
bration technique.

Measure Neuro Tsai's
RMSE 0.092211 1.20885
NSCE 0.022978 1.671617

Table 2: Calibration error measures for our experiment.

More experiments have been conducted to test the
sensitivity of the network learning to network param-
eters, �1 and �2. Under the same prede�ned set of
these parameters, the net was tested with 70 data sets
collected for calibrating the CardEye, a trinocuclar
active-vision system developed at our lab. The data
had great variations in the spatial positions of the
3D reference points and in camera parameters (due
to changing the focus and zoom settings of the ac-
tive lenses). For all the data sets, the network started
with random weights and could converge yielding the
correct camera parameters.

6 Summary and Conclusions
We have presented a new neural network approach

to the problem of camera calibration. We demon-
strated how four di�erent types of calibration prob-
lems can be addressed and described in brief how to
use this approach for calibration of cameras with ac-
tive lenses. Our experimental results have demon-
strated the high performance of our approach with
both synthetic and real data. We believe that this
approach has the following features:

� unlike some other techniques [7],[5],[4] found in
the literature that addresses the same problem
using a neural network, ours is able to specify the
calibration parameters of the camera model.

� it relaxes the requirement of a good initial guess
to proceed; in all the experiments conducted, the
network has converged starting from random ini-
tial weights.

� the orthogonality constraints on the rotation ma-
trix are satis�ed in the obtained parameters,
while some other techniques use a separate step
to impose those [2].

� most importantly, this approach allows employ-
ing an all-neural approach for calibrating cameras
with active lenses, in which a number of MLFNs
learn concurrently the variations of model param-
eters across optical lens settings.
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