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Chapter 1

Camera Calibration and its Applications

1.1 Introduction

Camera calibration is a foundational step in computer vision and image processing

that ensures accurate mapping between the three-dimensional world and its two-

dimensional representation. By estimating the internal and external parameters of a

camera, calibration enables precise reconstruction of spatial relationships, measure-

ment of real-world dimensions, and correction of lens distortions. This process plays

a critical role in a variety of applications that require high accuracy and reliability

in geometric understanding and need some skills in geometry and algebra in order

to find accurately the mathematical model corresponding to the image formation.

There are many applications where the camera need to be calibrated in order to

get the 3D information. We can cite:

- 3D Reconstruction: Accurate calibration is crucial for reconstructing 3D models

of objects and scenes from multiple images, enabling applications in archaeology,

architecture, and virtual reality. Figure 1.1 illustrates a stereoscopic system where

two images, acquired by two calibrated cameras, allow for scene reconstruction.

- Robotics: Robots rely on calibrated cameras for navigation, object detection,

and interaction within their environments. Camera calibration ensures precise lo-

calization and manipulation. Figure 1.2 shows a robot equipped with a stereoscopic
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system that can navigate a scene with obstacles using a map computed from 3D

scene information provided by the embedded cameras.

- Augmented Reality (AR): By aligning virtual objects with the real world,

camera calibration improves the realism and accuracy of AR experiences.

- Autonomous Vehicles: In self-driving cars, calibration ensures that cameras

capture accurate spatial data for tasks like lane detection, object tracking, and depth

estimation.

- Photogrammetry: For mapping and surveying, calibrated cameras provide

precise measurements, enabling the creation of detailed maps and terrain models.

- Medical Imaging: In fields like endoscopy and surgery, calibration ensures

accurate spatial measurements and alignment with preoperative data.

Starting from two or more images of 3D scene acquired scene by a camera, we

can recover the three dimensional structure only if the internal and external camera

parameters are known. The internal parameters are:

- Focal length: f

- Position of impact of optical axis (Ox, Oy)

- Dimensions of the pixel (mm) ex, ey.

and external parameters are :

- The position and Orientation of the camera coordinate frame relatively to the world

coordinate frame (OXYZ).

In this chapter, we study the following elements:

- The linear camera model for image formation,

- The camera calibration, extracting intrinsic and extrinsic matrices,

- The simple stereo,

- The depth computation.
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Fig. 1.1 The stereoscopic system developed in my laboratory with two rotating camera.

Fig. 1.2 A Pioneer 3DX, embedded with a stereoscopic system.

1.2 Linear camera model for image formation

1.2.1 Integrating Internal Parameters into the Image Formation Model

It is easy to choose a world coordinate frame, denoted as (𝑊𝑋𝑤𝑌𝑤𝑍𝑤), attached to

an object in the scene. This allows for determining the coordinates of any 3𝐷 point

of the object with respect to that coordinate system. Figure 1.3 shows an example of

a selected point 𝑃𝑊 with coordinates (0, 2, 3).

We assume that the camera coordinate frame (𝐶𝑋𝑐𝑌𝑐𝑍𝑐) is fixed such that the

plane defined by the two axes (𝐶𝑋𝑐, 𝐶𝑌𝑐) is parallel to the image plane, and (𝐶𝑍𝑐)
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Fig. 1.3 Forward imaging model: 3D to 2D. The three-dimensional point 𝑃 (𝑥𝑤, 𝑦𝑤, 𝑧𝑤 ) is pro-

jected through the projection center 𝐶 onto the two-dimensional point 𝑝𝑖 (𝑥𝑖 , 𝑦𝑖 ) .

coincide with optical axis (see Figure 1.4). If the coordinates of the point 𝑃𝑐 =

𝑃(𝑥𝑐, 𝑦𝑐, 𝑧𝑐) with respect to camera coordinate frame (𝐶𝑋𝑐𝑌𝑐𝑍𝑐), are known (see

Figure 1.4), then the coordinates of its projection 𝑝𝑖 (𝑥𝑖 , 𝑦𝑖) onto the image plane

may be computed using geometric properties.

First, we give the expression of points 𝑝𝑖 , 𝑃𝐶 , 𝑃𝑊 using the homogeneous coor-

dinates.

𝑝𝑖 =


𝑥𝑖

𝑦𝑖

𝑧𝑖


, 𝑃𝑐 =


𝑥𝑐

𝑦𝑐

𝑧𝑐


, 𝑃𝑤 =


𝑥𝑤

𝑦𝑤

𝑧𝑤


(1.1)

If we apply Thales’s Theorem on triangles of figure 1.4, we obtain:

𝑥𝑖

𝑓
=
𝑥𝑐

𝑧𝑐
,
𝑦𝑖

𝑓
=

𝑦𝑐

𝑧𝑐
(1.2)

Therefore, we obtain:

𝑥𝑖 = 𝑓 × 𝑥𝑐

𝑧𝑐
, 𝑦𝑖 = 𝑓 × 𝑦𝑐

𝑧𝑐
(1.3)

If we assume that 𝑒𝑥 , 𝑒𝑦 are the pixel densities (pixels/mm) in 𝑥 and �̂� directions

(see Figure 1.5), the coordinates of the pixel are (𝑥𝑖 , 𝑦𝑖) where:

𝑥𝑖 = 𝑒𝑥 × 𝑓 × 𝑥𝑐

𝑧𝑐
(1.4)
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Fig. 1.4 Geometric modeling of image formation.

𝑦𝑖 = 𝑒𝑦 × 𝑓 × 𝑦𝑐

𝑧𝑐
(1.5)

Let (𝑂𝑥 , 𝑂𝑦) be the coordinates of the principle point 𝑂 with respect to the top

left corner of image plane (see figure 1.5). We can the write:

𝑥𝑖 = 𝑒𝑥 × 𝑓 × 𝑥𝑐

𝑧𝑐
+𝑂𝑥 (1.6)

𝑦𝑖 = 𝑒𝑦 × 𝑓 × 𝑦𝑐

𝑧𝑐
+𝑂𝑦 (1.7)

Fig. 1.5 Integrating the impact point coordinates into the 𝑥𝑖 , 𝑦𝑖 mathematical expression.

Let 𝑓𝑥 = 𝑒𝑥 × 𝑓 , 𝑓𝑦 = 𝑒𝑦 × 𝑓 be the focal lengths in pixels in 𝑥 and �̂� directions.

We can then write the non linear equations for perspective projection:

𝑥𝑖 = 𝑓𝑥 ×
𝑥𝑐

𝑧𝑐
+𝑂𝑥 , 𝑦𝑖 = 𝑓𝑦 ×

𝑦𝑐

𝑧𝑐
+𝑂𝑦 (1.8)



6 1 Camera Calibration and its Applications

The intrinsic parameters of the camera are: 𝑓𝑥 , 𝑓𝑦 , 𝑂𝑥 , 𝑂𝑦 .

The Homogeneous coordinates of a 2𝐷 point 𝑝𝑖 (𝑥𝑖 , 𝑦𝑖) is a 3D point (𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖)

such that

𝑥𝑖 =
𝑥𝑖

𝑧𝑖
, 𝑦𝑖 =

𝑦𝑖

𝑧𝑖
(1.9)

From figure 1.6, each point belonging to (𝐿) has the Homogeneous coordinates

of the 2𝐷 point 𝑝(𝑥𝑖 , 𝑦𝑖).

𝑝 ≡


𝑥𝑖

𝑦𝑖

1


≡


𝑧𝑖𝑥𝑖

𝑧𝑖𝑦𝑖

𝑧𝑖


≡


𝑥𝑖

𝑦𝑖

𝑧𝑖


≡ 𝑝𝑖 (1.10)

Fig. 1.6 Homogeneous coordinates of the point 𝑝𝑖 .

Rewriting the equations of perspective projection using the homogeneous coor-

dinates of (𝑥𝑖 , 𝑦𝑖), we obtain:
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𝑝𝑖 ≡


𝑥𝑖

𝑦𝑖

1


≡


𝑓𝑥𝑥𝑐 + 𝑧𝑐𝑂𝑥

𝑓𝑦𝑦𝑐 + 𝑧𝑐𝑂𝑦

𝑧𝑐


=


𝑓𝑥 0 𝑂𝑥 0

0 𝑓𝑦 𝑂𝑦 0

0 0 1 0





𝑥𝑐

𝑦𝑐

𝑧𝑐

1


(1.11)

The matrix including internal parameters is called intrinsic matrix 𝑀𝑖𝑛𝑡 and is

given by:

𝑀𝑖𝑛𝑡 =


𝑓𝑥 0 𝑂𝑥

0 𝑓𝑦 𝑂𝑦

0 0 1


(1.12)

It is then possible to compute the coordinates (in pixels) of the image point 𝑝𝑖 if

the intrinsic matrix has been estimated a priori and the 3𝐷 coordinates (𝑥𝑐, 𝑦𝑐, 𝑧𝑐)

of the point 𝑃𝐶 are known. However, the coordinates of the point 𝑃(𝑥𝑐, 𝑦𝑐, 𝑧𝑐)

is unknown with respect to the camera coordinate frame (𝐶𝑋𝑐𝑌𝑐𝑍𝑐), because the

position of the projection center 𝐶 (Pinhole) is unknown with respect to the world

coordinate frame (𝑊𝑋𝑤𝑌𝑤𝑍𝑤) (see figure 1.4). Consequently, we need to write the

coordinate of 𝑃𝑊 (known with respect to world coordinate frame) with respect to

camera coordinate frame. We study in the next subsection, how we can do this task.

1.2.2 Integrating external parameters in image formation model

As seen previously, to get the the coordinate of 𝑃𝐶 (whose coordinates are known

with respect to world coordinate frame) with respect to camera coordinate frame, we

need to estimate the following external parameters:

- The vector
−−→
𝐶𝑊 which indicates the position of C with respect to the world coordinate

frame (see figure 1.4).

- The orientation of the camera (with respect to the world coordinate frame) defined

by the rotation matrix 𝑅:

- 𝑟11, 𝑟12, 𝑟13 is the direction of 𝑥𝑐 in the world coordinate frame,
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- 𝑟21, 𝑟22, 𝑟23 is the direction of �̂�𝑐 in the world coordinate frame,

- 𝑟31, 𝑟32, 𝑟33 is the direction of 𝑧𝑐 in the world coordinate frame.

𝑅 =


𝑟11 𝑟12 𝑟13

𝑟21 𝑟22 𝑟23

𝑟31 𝑟32 𝑟33


(1.13)

Fig. 1.7 Geometric relationship between 𝐶, 𝑃 and 𝑊 .

From Figure 1.7, we can write the expression of 𝑃′
𝑐 with coordinates 𝑥, 𝑦, 𝑧 with

respect to the world coordinates frame using the following equation:

𝑃′
𝑐 = 𝑅𝑃𝑐 = 𝑅(𝑃𝑤 − 𝐶𝑤) = 𝑅𝑃𝑤 − 𝑅𝐶𝑤 = 𝑅𝑃𝑤 + 𝑡 (1.14)

where: 𝑡 = −𝑅𝐶𝑤

𝑃′
𝑐 =


𝑟11 𝑟12 𝑟13

𝑟21 𝑟22 𝑟23

𝑟31 𝑟32 𝑟33



𝑥𝑤

𝑦𝑤

𝑧𝑤


+


𝑡𝑥

𝑡𝑦

𝑡𝑧


(1.15)

We can write this last equation as follow:
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𝑃′
𝑐 =



𝑥

𝑦

𝑧

1


=



𝑟11 𝑟12 𝑟13 𝑡𝑥

𝑟21 𝑟22 𝑟23 𝑡𝑦

𝑟31 𝑟32 𝑟33 𝑡𝑧

0 0 0 1





𝑥𝑤

𝑦𝑤

𝑧𝑤

1


(1.16)

This expression including the matrix of rotation and translation parameters, is

called the external matrix of calibration, we write the previous equation as follow:

𝑃′
𝑐 = 𝑀𝑒𝑥𝑡𝑃𝑤 (1.17)

Projection matrix 𝑃𝑟 is then computed as follow:

𝑝𝑖 = 𝑀𝑖𝑛𝑡𝑃𝑐 = 𝑀𝑖𝑛𝑡𝑀𝑒𝑥𝑡𝑃𝑤 = 𝑃𝑃𝑤 (1.18)

𝑃𝑟 = 𝑀𝑖𝑛𝑡𝑀𝑒𝑥𝑡 (1.19)

We have now expressed the 2𝐷 coordinates of the image point 𝑝𝑖 (𝑥𝑖 , 𝑦𝑖) using

the projective matrix and the three coordinates of the corresponding 3𝐷 point 𝑃.

The values of 𝑥𝑖 , 𝑦𝑖 can only be estimated once the internal and external parameters

of the camera, which define the projection matrix, are determined. The method used

to perform this task is presented in the following section

1.3 Camera calibration

Camera calibration means the estimation of the projection matrix 𝑃𝑟. For this, we

need to operate as follow:

• Capture an image of an object with known geometry.

• Identify the correspondence between 3𝐷 scene points 𝑃𝑊 (𝑥𝑖𝑤, 𝑦𝑖𝑤, 𝑧𝑖𝑤) and their

image points.

• For each pair of corresponding points (scene-image) we get two equations:
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𝑥𝑖

𝑦𝑖

1


=


𝑃𝑟11 𝑃𝑟12 𝑃𝑟13 𝑃𝑟14

𝑃𝑟21 𝑃𝑟22 𝑃𝑟23 𝑃𝑟24

𝑃𝑟31 𝑃𝑟32 𝑃𝑟33 𝑃𝑟34





𝑥𝑤

𝑦𝑤

𝑧𝑤

1


(1.20)

We obtain then:

𝑥𝑖 =
𝑃𝑟11𝑥𝑤 + 𝑃𝑟12𝑦𝑤 + 𝑃𝑟13𝑧𝑤 + 𝑃𝑟14
𝑃𝑟31𝑥𝑤 + 𝑃𝑟32𝑦𝑤 + 𝑃𝑟33𝑧𝑤 + 𝑃𝑟34

, 𝑦𝑖 =
𝑃𝑟21𝑥𝑤 + 𝑃𝑟22𝑦𝑤 + 𝑃𝑟23𝑧𝑤 + 𝑃𝑟24
𝑃𝑟31𝑥𝑤 + 𝑃𝑟32𝑦𝑤 + 𝑃𝑟33𝑧𝑤 + 𝑃𝑟34

(1.21)

We can write these equations for 𝑛 pairs of points and obtain a system of equations

noted 𝐴.𝑃𝑟 = 0, as follow:

©«

𝑥1
𝑤 𝑦1

𝑤 𝑧1
𝑤 1 0 0 0 0 −𝑥1𝑥

1
𝑤 −𝑥1𝑦

1
𝑤 −𝑥1𝑧

1
𝑤 −𝑥1

0 0 0 0 𝑥1
𝑤 𝑦1

𝑤 𝑧1
𝑤 1 −𝑦1𝑥

1
𝑤 −𝑦1𝑦

1
𝑤 −𝑦1𝑧

1
𝑤 −𝑦1

𝑥2
𝑤 𝑦2

𝑤 𝑧2
𝑤 1 0 0 0 0 −𝑥2𝑥

2
𝑤 −𝑥2𝑦

2
𝑤 −𝑥2𝑧

2
𝑤 −𝑥2

0 0 0 0 𝑥2
𝑤 𝑦2

𝑤 𝑧2
𝑤 1 −𝑦2𝑥

2
𝑤 −𝑦2𝑦

2
𝑤 −𝑦2𝑧

2
𝑤 −𝑦2

.. .. .. .. .. .. .. .. .. .. .. ..

.. .. .. .. .. .. .. .. .. .. .. ..

𝑥𝑛𝑤 𝑦𝑛𝑤 𝑧𝑛𝑤 1 0 0 0 0 −𝑥𝑛𝑥𝑛𝑤 −𝑥𝑛𝑦𝑛𝑤 −𝑥𝑛𝑧𝑛𝑤 −𝑥𝑛
0 0 0 0 𝑥𝑛𝑤 𝑦𝑛𝑤 𝑧𝑛𝑤 1 −𝑦𝑛𝑥𝑛𝑤 −𝑦𝑛𝑦𝑛𝑤 −𝑦𝑛𝑧𝑛𝑤 −𝑦𝑛

ª®®®®®®®®®®®®®®®®®®®¬



𝑃𝑟11

𝑃𝑟12

𝑃𝑟13

𝑃𝑟14

𝑃𝑟21

𝑃𝑟22

𝑃𝑟23

𝑃𝑟24

𝑃𝑟31

𝑃𝑟32

𝑃𝑟33

𝑃𝑟34



=



0

0

0

0

0

0

0

0

0

0

0

0



(1.22)

The projection matrix 𝑃𝑟 is defined only up to a scale because 𝑃𝑟 and 𝑘.𝑃𝑟 produce

the same homogeneous coordinates. Scaling 𝑃𝑟 implies simultaneously the scaling

of the world and camera which not change the image.
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𝑃𝑟11 𝑃𝑟12 𝑃𝑟13 𝑃𝑟14

𝑃𝑟21 𝑃𝑟22 𝑃𝑟23 𝑃𝑟24

𝑃𝑟31 𝑃𝑟32 𝑃𝑟33 𝑃𝑟34





𝑥𝑤

𝑦𝑤

𝑧𝑤

1


= 𝑃𝑟.𝑝𝑤 = 𝑘.𝑃𝑟.𝑝𝑤 (1.23)

In order to determine the projection matrix P, we have two choices:

- Set the scale so that 𝑃𝑟34 = 1,

- Set the scale so that | |𝑃𝑟 | |2 = 1

We search the eigenvector 𝑝 with smallest value 𝜆 of the matrix 𝐴𝑇 𝐴 which

minimize the loss function 𝐿 (𝑝, 𝜆) = 𝐴𝑇 𝐴 − 𝜆𝑝.

1.4 Simple Stereo System

A simple stereo is characterized by the planarity of the two image planes of the two

cameras (left and right) as shown by figures 1.8, 1.9.

In this case, we can compute the 3D coordinates (𝑥, 𝑦, 𝑧) of the scene point if the

cameras are calibrated as follow:

For the left camera:

𝑥𝑙 = 𝑓𝑥 ×
𝑥

𝑧
+𝑂𝑥 , 𝑦𝑙 = 𝑓𝑦 ×

𝑦

𝑧
+𝑂𝑦 (1.24)

𝑥𝑟 = 𝑓𝑥 ×
𝑥 − 𝑏

𝑧
+𝑂𝑥 , 𝑦𝑟 = 𝑓𝑦 ×

𝑦

𝑧
+𝑂𝑦 (1.25)

We assume that the parameters 𝑓𝑥 , 𝑓𝑦 , 𝑂𝑥 , 𝑂𝑦 , 𝑏 are known, 𝑏 is the distance between

the two centers of projection of the two cameras.

Using the expressions of 𝑥𝑙 , 𝑦𝑙 and 𝑥𝑟 , 𝑦𝑟 , we can write the following expressions:

𝑧𝑥𝑙 = 𝑥 𝑓𝑥 + 𝑧𝑂𝑥 , 𝑧𝑦𝑙 = 𝑦 𝑓𝑦 + 𝑧𝑂𝑦 (1.26)

𝑧𝑥𝑟 = (𝑥 − 𝑏) 𝑓𝑥 + 𝑧𝑂𝑥 , 𝑧𝑦𝑟 = 𝑦 𝑓𝑦 + 𝑧𝑂𝑦 (1.27)
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Fig. 1.8 Example of simple stereo device: Fujifilm FinePix REAL 3D W3

Fig. 1.9 Geometric Modeling of a simple stereo

𝑧 =
𝑏 𝑓𝑥

𝑥𝑙 − 𝑥𝑟
(1.28)

Applying some transformations, we get:

𝑥 = 𝑏
𝑥𝑙 −𝑂𝑥

𝑥𝑙 − 𝑥𝑟
, 𝑦 = 𝑏 𝑓𝑥

𝑥𝑙 −𝑂𝑥

𝑥𝑙 − 𝑥𝑟
(1.29)

We call the disparity: 𝑑 = (𝑥𝑙 − 𝑥𝑟 ). Note that the depth 𝑧 is inversely proportional

to the disparity and the disparity 𝑑 is proportional to the baseline 𝑏.
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1.4.1 Computing depth map from images of simple stereo

Figure 1.10 shows two images taken with a simple stereo and constitute a sample

from the Middlebury dataset [7]. From the equations of 𝑦𝑙 and 𝑦𝑟 , the images of

scene point lie on the same horizontal line.

For each point, we search in the same horizontal line the best match using template

matching technique. We can use as similarity measure: Minimum Sum of Absolute

Differences (SAD) , Minimum Sum of Squared Differences (SSD) or Maximum

Normalized Cross-Correlation (NCC).

Fig. 1.10 Two images of Middlebury dataset and the depth map (ground truth).

Figure 1.11 shows some results of depth computation using SSD measure, and a

window of size 21 for template matching,
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Fig. 1.11 Depth computation two images of Middlebury dataset. (Top) The left and right image,

(Bottom) The ground truth and the computed depth.

1.5 Method of Zhengyou Zhang for Camera Calibration [8]

Zhengyou Zhang in [8] proposed a flexible new technique for camera calibration

with the modeling of radial lens distortion. The basic principle of this method is

to orient the camera towards a planar pattern and acquire at least two images from

different orientations. Either the camera or the planar pattern can be freely moved.

There is no need to measure the motion of the camera. The proposed procedure

consists of a closed-form solution, followed by a nonlinear refinement based on the

maximum likelihood criterion [8].

This method is implemented in OpenCV. Figure 1.12 shows a sample of pattern

in our tests. Note that the distance between two corners is considered equal to 1 unit

and the 𝑧−coordinates is equal to zero of all points of the pattern. Consequently,

from the top to bottom, from left to right, the coordinates of corners are equal to:

(0, 0, 0), ...(0, 𝑚 − 1, 0),

(1, 0, 0), ...., (1, 𝑚 − 1, 0),
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....

(𝑛 − 1, 0, 0), ...., (𝑛 − 1, 𝑚 − 1, 0).

where 𝑛 is the number of corners located on the column, and 𝑚 is the number of

corners located on the row.

The calibration matrix estimated for the used camera is:

𝑀𝑖𝑛𝑡 =


2.193𝑒 + 03 0.00 3.94𝑒 + 02

0.00 1.184𝑒 + 03 1.27𝑒 + 02

0.00 0.00 0.00


(1.30)

This method estimates also the translation and rotation vectors for each camera.

Fig. 1.12 Images of the pattern and for each image, corners are located as the link between black

and white squares. For this pattern, 𝑛 = 6 and 𝑚 = 9.
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1.6 Conclusion

Camera calibration for computer vision, provides the relationship between the three-

dimensional real world and its two-dimensional image representation.

In this chapter we presented in the first the practical applications of camera cali-

bration in depth estimation and 3D reconstruction. By leveraging calibrated cameras,

tasks such as obstacle navigation in robotics and augmented reality rendering become

achievable. In the next we explored the fundamental concepts of image formation

based on the integration of internal and external parameters. We detailed how to

calibrate a camera based on the internal and external matrices. We saw also that

the depth map may be obtained using a simple stereo where two cameras are used

such that the two image planes are in the same plane. At the end of this chapter,

we introduced Zhengyou Zhang’s method for camera calibration, which remains a

robust and efficient approach widely adopted in modern computer vision systems.

The next chapter, we study how can we obtain the 3D structure using uncalibrated

cameras.
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1.7 A Quiz Exercises

A Quiz

Select (one or many) correct answer for the following questions:

1- Camera calibration means :

• Calculate the intrinsic and extrinsic parameters of the camera

• Calculate the intrinsic parameters

• Find the transformation 2D ¡-¿ 3D

• Calculate the orientation of the camera with respect to the world coordinates.

2- In the camera calibration process :

• We need to know the 3D coordinates of scene points with respect to the camera

frame.

• We need to know the 3D coordinates of scene points with respect to the world

frame.

• The coordinates of image points are sufficient.

• We need to know in addition to the 3D coordinates of scene points with respect

to the camera frame, the coordinates of their projection on the image plane.

3- In the camera calibration process :

• We need to know the orientation and relative position of the camera coordinate

frame with respect to the world coordinate frame.

• We need to know the orientation and relative position of the world coordinate

frame with respect to the camera coordinate frame.

• We need to know only the orientation of the world coordinate frame with respect

to the camera coordinate frame.

• There is no need to know anything.

4- The internal parameters of the camera are:

• The pixel densities (pixels/mm): 𝑚𝑥 , 𝑚𝑦 .

• The coordinates of the principle point (𝑂𝑥 , 𝑂𝑦).
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• The focal length and pixel densities (pixels/mm): 𝑚𝑥 , 𝑚𝑦 .

• The focal length and pixel densities (pixels/mm): 𝑚𝑥 , 𝑚𝑦 and the coordinates of

the principle point (𝑂𝑥 , 𝑂𝑦)

e- 𝑓𝑥 , 𝑓𝑦 and the coordinates of the principle point (𝑂𝑥 , 𝑂𝑦).

5- In the writing of calibration camera equations, homogeneous coordinates are

used in order to:

• Get a linear system of equations.

• Be able to express linearly the orientation and relative position of the world

coordinate frame with respect to the camera coordinates frame.

• Be able to express linearly the orientation and relative position of the camera

coordinate frame with respect to the world coordinates frame.

6- What does mean the following equation:

• The scene point 𝑃𝑐 (𝑥𝑐, 𝑦𝑐, 𝑧𝑐) is written with respect to the world coordinate

frame.

• The scene point 𝑃𝑤(𝑥𝑤, 𝑦𝑤, 𝑧𝑤) is written with respect to the camera coordinate

frame.

• This is a writing of the coordinate of 𝑃𝑤 with respect to the camera coordinate

frame using the rotation (𝑟𝑖 𝑗 ) and translation (𝑡𝑥 , 𝑡𝑦 , 𝑡𝑧).

• It gives the position of the camera with respect to the world coordinate frame.

7- What does mean the following equation:

• The image point (u,v) is written with respect to the camera coordinate frame.

• The image point (u,v) is written using the intrinsic calibration matrix and the

coordinates of the scene point with respect to the camera coordinate frame.

• The image point (u,v) is written using the extrinsic calibration matrix and the

coordinates of the scene point with respect to the camera coordinate frame.

• It gives the image formation model.

8- The projection matrix P is calculated using:

• The addition of the intrinsic and extrinsic matrices.
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• The product of the intrinsic and extrinsic matrices,

• Only with the image points.

9- To calibrate a camera:

• We need at least the 3D coordinates of 8 scene points and their images.

• We need no more than the 3D coordinates of 4 scene points and their images.

• We need at least the 3D coordinates of 6 scene points and their images.

10- Camera calibration needs:

• Known non planar 3D coordinates of scene points with a static camera.

• Planar 3D coordinates of scene points with dynamic camera.

• Known non planar 3D coordinates of scene points with a dynamic camera.

• Planar 3D coordinates of scene points with static camera.

11- A stereo system of vision is composed by:

• Two cameras such that the image planes are planar.

• Two cameras such that their image planes are not planar.

• Two cameras.

12- A simple stereo system is composed by:

• Two cameras such that the image planes are planar.

• Two cameras such that their image planes are not planar.

• A moving camera along the image plane.

13- In case of simple stereo system, for depth computation:

• We need to know the calibration matrix.

• The disparity is sufficient.

• We need to know the stereo correspondence of image points.

Exercise 1

Capture a pair of images with a camera that has undergone a horizontal translation

by a known distance 𝑏. After calibrating the camera to obtain its intrinsic parame-

ters, calculate the 3𝐷 coordinates of points in the scene by identifying corresponding
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pairs using SIFT.

Exercise 2

We have pairs of images taken by a camera with axial translation movement. The

images are given by the middlebury dataset: https://vision.middlebury.edu/stereo/data/

Calculate the disparity map for a pairs of images using a matching algorithm.
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