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Abstract: The position of a 3-dimensional(3D) point can be measured by using calibrated stereo camera. To obtain more

accurate measurement ,more accurate camera calibration is required. There are many existing methods to calibrate camera. The

simple linear methods are usually not accurate due to nonlinear lens distortion. The nonlinear methods are accurate more than

linear method, but it increase computational cost and good initial guess is needed. The multi step methods need to know some

camera parameters of used camera. Recent years, these explicit model based camera calibration work with the development

of more precise camera models involving correction of lens distortion. But these explicit model based camera calibration have

disadvantages. So implicit camera calibration methods have been derived. One of the popular implicit camera calibration

method is to use neural network. In this paper, we propose implicit stereo camera calibration method for 3D reconstruction

using support vector machine. SVM can learn the relationship between 3D coordinate and image coordinate, and it shows the

robust property with the presence of noise and lens distortion, results of simulation are shown in section 4.
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1. Introduction

Camera calibration in computer vision is procedure of de-

termining the intrinsic parameters(internal camera geomet-

ric and optical characteristics) and the extrinsic parame-

ters(translation and rotation with respect to world coor-

dinate system). The camera calibration is a crucial pre-

requirement for most applications in computer vision and

computer graphics. In computer vision task, specifically 3D

applications including dimensional inspection and robotics

manipulation, stereo-pair images obtained from two cali-

brated cameras can be used to compute 3D world coordinates

of a point using triangulation(reconstruction problem). Ac-

curate camera calibration is required for achieving accurate

measurement and operating of the system.

Existing techniques to calibrate the camera can be broadly

classified into three main categories [1]-[?]: linear, nonlin-

ear(or iterative), and multi-step methods. The linear tech-

nique is fast because no iteration is required. However, Ac-

curacy of the method is a quite poor since simplifications for

camera model. The nonlinear method is more accurate. But

it is required to minimize a nonlinear cost function with iter-

ation hence the computational cost increase. Tsai’s method

which is most common one of the multi-step method is ac-

curate but can be ill-conditioned when image plane is about

parallel to the control plane and this method needs to know

some parameter of used camera. Recent years, these explicit

model based camera calibration work with the development

of more precise camera models involving correction of lens

distortion. But these explicit model based camera calibra-

tion have two disadvantages. One is that Optical features

of cameras are different one another. So a method that is

proved to be effective for one system may be inefficient for

others. For example, The Tsai’s method can be worse than

even a simple linear method if lens distortion is relatively

low. The other is that practically no model is capable of

describing a vision system perfectly. To get more accurate

results, more elaborate modelling is required and this will

bring more complicated mathematical equations. So implicit

camera calibration methods have been derived. One of the

popular implicit camera calibration method is to use neu-

ral network [7]. Training neural network makes the network

becomes the approximation of the highly nonlinear function

which is relation of image coordinate and world coordinate.

The support vector machine(SVM)[8],[9], which is becoming

extremely popular in the field of statistical pattern recogni-

tion, is a learning technique developed by V.Vapnik, that can

be seen as a new method for training polynomial, neural net-

work. The SVM has robust property that make SVM popu-

lar for pattern recognition. The SVM can be used for func-

tion regression(support vector regressor[SVR][13],[14]) with

similar manner of neural network with more robust prop-

erty. This robust property of SVM is very useful for the

regression of highly nonlinear mapping function of camera

calibration. This paper propose a new method for camera

calibration using support vector machine(SVM), and show

results of simulation.

2. Preliminary
2.1. Camera Calibration

The problem of a camera calibration is to obtain the relation

between image coordinate and specific world coordinate as

(1).
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where I means image coordinate and P is transform or re-

lation matrix and W means world coordinate. This relation

typically consist of the extrinsic and intrinsic parameters.

The extrinsic parameters represent the position and pose of

camera with respect to specific world coordinate. In multi-

camera systems, the extrinsic parameters also describe the

relationship between two cameras. The intrinsic parameters



represent inherent properties of the camera optics, including

the focal length, the image center, the image scaling factor

and lens distortion coefficients.

2.2. Camera Model [4]

In order to express an arbitrary object point W w.r.t. world

coordinate at location (Xi, Yi, Zi) with point I w.r.t. image

coordinate at location (ui, vi). we first need to transform the

point W to camera coordinate point C at location (xi, yi, zi).

This transform consists of a translation and rotation, and it

can be performed by using the following equation (2).

C = R ·W + T
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where R is rotation matrix and T is translation vector.

Then we need to transform from camera coordinate to image

coordinate. This transform is made up of intrinsic param-

eters. The intrinsic camera parameters usually include the

effective focal length f, aspect ratio a, and the image cen-

ter (u0,v0). And the unit of the image coordinate is pixel,

therefore coefficient Du and Dv are needed to change the

unit to pixel. By using the pinhole model, the projection of

the point (xi, yi, zi) to the image plane is expressed as (3)
[

ũi

ṽi

]
=

f

zi

[
xi

yi

]
(3)

The corresponding image coordinates u′i, v
′
i in pixels are ob-

tained by applying the following transform (4)
[
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]
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]
+

[
u0

v0

]
(4)

This simple pinhole model is a basis that is extended with

some lens distortion. The most commonly used lens distor-

tions are radial and tangential lens distortion. The radial

lens distortion that causes the actual image point to be dis-

placed radially in image plane. It can be approximated using

following equation (5)
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where k1, k2, ... are coefficients for radial distortion, and ri =√
ũ2

i + ṽ2
i . Typically, one or two coefficients are enough to

compensate for the distortion.

The tangential lens distortion can be written as following

equation (6).
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A proper camera model for accurate calibration can be de-

rived by combining the pinhole model with lens distortion as

following (7).
[
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In this model a set of intrinsic parameters (f, a, u0, v0) is

augmented with the distortion coefficients (k1, ...kn, p1 and

p2). Generally, the objective of the explicit camera calibra-

tion procedure is to determine optimal values for these pa-

rameters based on image observations of known 3-D target

points.

2.3. Existing Calibration Methods

In this section, one of popular calibration method for each

category is simply represented.[1]-[5]

2.3.1 Linear

Direct Linear Transform(DLT) [1],[2] was developed by

Abdel-Aziz and Karara . It use simple pinhole model which

ignore nonlinear lens distortion. If n points are available, ig-

noring lens distortion, we can derive equation (8) from (1).
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DLT needs to solve this linear equation only and coefficients

of perspective projection matrix can be determined by least

square. Then the camera model parameters such as rotation

matrix and translation vector can be determined from per-

spective projection matrix using some algebraic operation.

this method needs no iteration so this method is simple and

fast, however practically has poor accuracy.

2.3.2 Nonlinear

Nonlinear method determine relation matrix P in (1) which

minimize specific cost function using nonlinear search. How-

ever this requires good initial guess [4],[5].

Heikkila and Silven [4] used the DLT model as initial guess

for a nonlinear minimization of the following error function

(9).
n∑

i=1

(ui − ûi)
2 +

n∑
i=1

(vi − v̂i)
2 (9)

where n is the number of control points, ui, vi are the image

coordinates of the points and ûi, v̂i are the corresponding

coordinates predicted by the model.

2.3.3 Multi-Step

The methods of this type involve a direct solution for most

of the calibration parameters and some iterative solution for

the other parameters.

Tsai’s method [3] is one of the most popular calibration

method, due to it’s simplicity and accuracy. In this method,

a radial alignment constraint is used to derive a closed-form

solution for the external parameters and the effective focal

length of the camera. Then, an iterative scheme is used to

estimate three parameters: the depth component of transla-

tion vector, the effective focal length, and a radial distortion

parameter. The advantages of the method are described in

[5]. It can be ill-conditioned when object plane is parallel

with image plane, and some known camera parameter is re-

quired.



2.4. Reconstruction

Form the calibration method described above, projection

matrix P can be determind. If stereo camera are used, P

matrix for each can be used to determin 3D postion of tar-

get object using Linear Triangulation methods [6].

The Linear Triangulation methos is following. The equation

(10) can be derived from two calibrated camera (i.e. P for

each camera is obtained).

I1 = P1 ·W
I2 = P2 ·W (10)

where I1, P1, I2, P2 are image coordinate data (matched)

and projection matrix of camera 1 and camera 2 respectively,

and I1 = (u1, v1), I2 = (u2, v2), and W is corresponding

world coordinate 3D data point, W = (X, Y, Z, 1). The

obective of reconstruction is to find world coordinate data

points from obtained stereo pair image data point. The so-

lution can be determined by solving the equation (11) for

W. 
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where Pj
i are the i-th row of Pi.

3. Stereo Calibration using SVM
In this section, a brief introduction to SVM for regres-

sion(SVR) is presented. Then a new stereo calibration

method using SVM is proposed.

3.1. Support Vector Machine

Support Vector Machines(SVM)[8]-[9] proposed by Vapnik

early in 90’s have become a subject of intensive study in sta-

tistical learning theory. SVMs are a system for efficiently

training the linear learning machines in the kernel-induced

feature space. Initially, it was designed to solve pattern

recognition problems [11], where in order to find a decision

rule with good generalization capability and a small subset of

the training data( called the support vectors). Many exper-

iments showed that it is easy to recognize high-dimensional

identities using small basis constructed from the selected

support vectors. Recently, SVM has also been applied to var-

ious fields successfully such as object recognition [10], time

prediction [12] and regression [15] , When SVM is employed

to tackle the problems of function approximation and regres-

sion estimation, the approaches are often referred to as the

support vector regression(SVR) [13],[14]. The SVR type of

function approximation is very effective, especially for the

case of having a high-dimensional input space because the

SVM is a universal approach for solving the problems of mul-

tidimensional function estimation.

In a regression problem, the goal is to find a fit to the data

points,{(x1, y1), (x2, y2), . . . , (xn, yn)}, (x∈Rm, y∈R), sam-

pled from unknown function. SVM can also be applied to

regression problem by the introduction of an alternative loss

function[Smol98]. These loss function are shown in Figure 1

and Table 1.
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Fig. 1. Loss functions

Table 1. Loss functions

ε-Insensitive quadratic ε-Insensitive quadratic

L(x,y,f ) max(0,|y-f(x)|-ε) max(0,|y-f(x)|-ε)2 (f(x)-y)2

A support vector machine is an approximation of the form.

f(x) =

n∑
i=1

wiφi(x) + b (12)

where φ : X → F is a nonlinear map from the input space

to some feature space. Then the non-linear SVR solution,

using an ε-insensitive loss function, is given by,

max
α,α∗

W (α, α∗) = max
αi,α∗i

n∑
i=1

α∗i (yi − ε)− αi(yi + ε)

+

n∑
i=1

n∑
j=1

(α∗i − αi)(α
∗
j − αj)K(xi,xj) (13)

subject to

n∑
i=1

(αi − α∗i ) = 0, 0 ≤ αi, α
∗
i ≤ C (14)

where K(·) is a kernel which is inner product of two feature

space, i.e. <φ(xi), φ(xj)>. Kernels that usually used are rep-

resented at table (2) . Solving equation (13) with constraints

equation (14) determines the Lagrange multipliers,αi, α
∗
i ,

and the regression function is given by,

f(x) =
∑
SV s

(αi − α∗i )K(xi,x) + b (15)

It should be known that ’Training an SVM ’ can be expressed

as solving a quadratic program.

Table 2. Kernels

Linear polynomial RBF

K(x, x′) <x, x′> (<x, x′> +c)p exp(− ‖x−x′‖2
2δ2 )

ERBF Tangential Fourier

K(x, x′) exp(− ‖x−x′‖
2δ2 ) tanh(ρ <x, x′> +%)

sin(N+ 1
2 )(x−x′)

sin( 1
2 (x−x′))

3.2. Stereo Calibration using SVM

In this paper, stereo calibration using SVM for reconstruc-

tion is proposed. We use stereo pair image as input and cor-

responding world coordinate point as output. Three SVMs

are used for learning the relation(or nonlinear function) be-

tween stereo pair image and each element of world coordinate



Fig. 2. Proposed stereo calibration system using SVM

data. The proposed SVM training system is shown in Figure

2.

where (u1i,v1i) and (u2i,v2i) are image coordinate data (in

pixel) which are generated by the same world coordinate

point. And (Xi,Yi,Zi) are actual world coordinate data

which are mapped as (u1i,v1i) and (u2i,v2i) on two images.

After we train the SVM on a range of interest, the SVM can

determine the world coordinate point for any matched pair

of image points on a range.

Similarly with neural network method [7], It should be noted

that this approach is different form conventional camera cali-

bration techniques in the sense that no extrinsic and intrinsic

camera parameters are found. Instead, the system is trained

so that it can determine 3D position of objects w.r.t world

coordinate directly. And this method also learns internal

characteristics of camera such as lens distortions and cell

size, so there are no need to correct distortions and to know

any camera parameters.

And it shows some advantages compare with neural network.

One is that it’s robust properties against noise due to its

maximal margin property and that the number of free pa-

rameters in the function approximation scheme is equal to

the number of support vectors. However the traditional neu-

ral network approaches have suffered difficulties with gener-

alizations, producing models that can overfit the data. Two

is that the SVM approach are convex hence have no local

minima. Finally, the capacity of a system is controlled by

parameters does not depend on the dimensionality of the

space.

Implement details and the simulation result are given in the

next section.

4. Simulation Result
In this paper a simple pinhole camera model with radial

and tangential lens distortion is used for making synthetic

training data. Known ideal world coordinate data projected

through this model for each camera. These projected data

are used as input and know world coordinate data are used

as output for training.

The details of simulation is followed. The intrinsic pa-

rameters of two cameras are same: f=25[mm], Du&Du =

142.8571, a = 0.9570, [u0, v0] are [515,650]. Extrinsic pa-

rameters are set as Figure 3. The distance between two

cameras is 250[mm]. The RBF kernel is used to train the

SVM. The training and test data for output, i.e world coor-

dinate data, are shown at Figure 4, 5 respectively. Training

data consist of 5 planes which have 25 corners, and distance

between two planes and distance between two corners are

80[mm]. Test data consist of 6 planes which have 36 corners,

and distance between two plane and distance between two

corners are 50[mm], and these plane are rotated with 10◦.
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Fig. 3. Pose and Position of Camera w.r.t World coordinate
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The simulation procedure is followed. First of all, training

world coordinate data are projected through two cameras.

Then these projected data are quantized to integer, and an

gaussian noise and lens distortion are added. Examples of



stereo pair image are shown at Figure 6, 7. And these ob-

tained stereo pair image and world coordinate data are use

to train three SVMs(see Figure 2). After training, test image

data are obtained through same procedure of training image

data. The output of SVMs using test image data as input

represent reconstructed world coordinate point. To measure

the reconstruction error, average distance between ideal data

points and reconstructed data points as (16).

Errreconst =
1

N
(

N∑

i=1

√
(Xi − X̂i)2 + (Yi − Ŷi)2 + (Zi − Ẑi)2) (16)

where i-th test world coordinate is (Xi, Yi, Zi), i-th output

of SVM is (X̂i, Ŷi, Ẑi), N is number of test data points.
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Fig. 6. Training Input Data
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Fig. 7. Test Input data

The simulation are performed at varying variance of gaus-

sian with 4 types of lens distortion: Type 1 - no lens dis-

tortion, Type 2 - with large radial distortion only, k1 =

−7.7e−3, k2 = 6.3e−5, Type3 - small radial and tangential

distortion, k1 = −3.3e−3, k2 = 4.5e−5, p1 = −1.0e−5, p2 =

2.0e−5, Type 4 - large radial and tangential lens distortion,

k1 = −8.2e−3, k2 = 6.1e−5, p1 = −7.5e−3, p2 = 5.0e−5.

For comparison of reconstruction error, The nonlinear cal-

ibration technique by minimizing error (9) using result of

standard DLT as initial guess [4](Method 1), and multisetp

calibration method, that estimate camera parameters and

lens distortion by LM algorithm and correct the distorted

image [4](Method 2), are used.

Simulation results are shown at Figure 8. where the solid
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Fig. 8. Simulation result and comparison

line is proposed method, dotted line is Method 1, dashed

line is Method 2. From the result, Error of Method 1 is

affected by increasing lens distortion, Method 2 shows bad

result with low lens distortion, and proposed method shows

good result without regard to lens distortion. The example

of reconstruction using SVM of test data with k1 = −5.26e−
3, k2 = 6.39e−5, p1 = −6.46e−3, p2 = 4.96e−5, σ = 1 is

shown at Figure 9
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Fig. 9. Reconstruction with Test Data

5. Conclusions
A new stereo calibration method using SVM was presented

in this paper. We demonstrated how to make the SVM

system learn the relationship or nonlinear function between



matched stereo pair image and corresponding world coordi-

nate. It should be noted that this approach is different form

conventional camera calibration techniques in the sense that

no extrinsic and intrinsic camera parameters are found. In-

stead, the system is trained so that it can determine 3D

position of objects w.r.t world coordinate directly, thus the

propose method is suit for 3D position measurement and vi-

sual guided robot manipulation with stereo camera. And

this method also learns internal characteristics of camera

such as lens distortions and cell size, so there are no need

to correct distortions and to know any camera parameters.

The propose system was tested with several different test

and training data and results of simulation are shown in last

section. the proposed method has several advantage against

traditional camera calibration methods and neural network

methods. a) This method can to determine 3D position of

target object from two matched image points directly. (tra-

ditional method should determine projection matrix of two

cameras and then determine 3D position using triangula-

tion). b) The SVM has robust property against noise ,so this

method are robust against noise(generalization problem). c)

This method has no local minimum solution because train-

ing SVM is to solve quadratic problem. d) There is no need

to estimate lens distortion and to correct them.
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