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What is Camera Calibration?
Camera calibration is the process of estimating 
the internal parameters of the camera.

f1 = focal length in x direction

f2 = focal length in y direction

s = skew

(u,v) = principal point

Aspect ratio = f2 / f1

Resectioning: Use correspondences between 
3-space and image entities



Camera Calibration – Classic approach

https://www.youtube.com/watch?v=g8SyzR0jZOA

http://www.youtube.com/watch?v=g8SyzR0jZOA


Autocalibration Refresher (How you did it in class!)
● Autocalibration is the process of computing the internal camera parameters 

directly from uncalibrated images.

● Images are not of a calibration object

● Resulting reconstruction is accurate up to a similarity transform

● Direct autocalibration -

○ Given a projective reconstruction

○ Find absolute dual quadric Q∞ 
*

○ Compute Metric reconstruction from the Q∞ 
*



Autocalibration Refresher (How you did it in class!)
● Stratified autocalibration -

○ Given a projective reconstruction

○ Compute Affine reconstruction from the projective reconstruction

○ Compute Metric reconstruction from the affine reconstruction

○ Easier to do than direct autocalibration

○ Does not need to estimate as many variables at once





Autocalibration Refresher (How you did it in class!)

● Affine reconstruction

○ Find plane at infinity π∞  

■ Use vanishing points

● Metric Reconstruction

○ Find DIAC ω*  = KKT = 
ω-1

○ Decompose ω* to K

Absolute 
conic

Absolute 
Dual 
Quadric

Plane at 
infinity



Autocalibration Refresher (How you did it in class!)
Absolute 
conic

Plane at 
infinity

Image 
of 
absolute 
conic Camera Centres

Image of 
absolute conic

Dual image 
of absolute 
conic



Autocalibration Refresher (How you did it in class!)

Vanishing point

Vanishing point

Vanishing point

Vanishing line



Autocalibration

http://www.youtube.com/watch?v=S3msCdn3fNM


Issues
Vanishing points need parallel lines in 

scene

Not always possible in a general scene

Levenberg-Marquardt finds a local 
optimum

Quality of finding depends heavily on initial 
parameters, hence the linear 
approximation



Theory
Chirality Constraints

Convex and Concave Relaxations

Branch and Bound

Affine Upgrade

Modulus Constraints

Convex Relaxation

Chirality Constraint

Metric Upgrade

Infinite Homography Relation

Convex Relaxation



Chirality Constraints

an image of a 
comb

result of applying a 
projective 
transformation to 
the image



Chirality Constraints
Scene points must be in front of the camera

Transformed plane at infinity must not pass through the scene points

Need to preserve the convex hull of a set of points

Quasi-Affine Transform:



Chirality Constraints
Need to find a Quasi-affine 

Reconstruction of the scene.

So that we can place bounds on the 
plane at infinity.

Chiral inequalities:

Where v is π∞ when mapped to infinity 
by quasi-affine transform H.



Chirality Constraints



Chirality Constraints



Result of Chirality constraints
● Got a transform Hqa

● Got bounds on v and since:

● We have bounds on the plane at infinity



Convex and Concave Relaxations
Consider the non-linear least squares problem:

The equivalent constrained optimization problem is:



Convex and Concave Relaxations

Let conv(fi) be a convex underestimator, conc(fi) be a concave overestimator

The convex optimization problem is:



Convex and Concave Relaxations



Branch and Bound
Consider a non-convex, scalar-valued objective function Φ(x), for which we seek a 
global optimum over a rectangle Q0 as in Problem (F2). For a rectangle , let 
Φmin(Q) denote the minimum value of the function Φ over Q. Also, let Φlb(Q) be a 
function that satisfies the following conditions:

(L1) Φlb(Q) computes a lower bound on Φmin(Q) over the domain Q, that is, Φlb(Q) 
≤ Φmin(Q).

(L2) The approximation gap _min(Q) − _lb(Q) uniformly converges to zero as the 
maximum half-length of sides of Q, denoted |Q|, tends to zero, that is



Branch and Bound

Consider 1D function φ l ≤  x 
≤ u

 = [l,u]



Branch and Bound

Bound: Compute φ  = 
argmin(φ )

This is done by finding a convex 
underestimator.



Branch and Bound

Branch: Divide  into subrectangles

…  for ≥

…



Branch and Bound

Branch: Repeat branching operation 
only in subrectangles in which

φ ≥ φ …

φ φ ϵ



From Projective to Affine Reconstruction
Xi : homogeneous 3D coordinates of scene points

xij : homogeneous 2D coordinates of image

Pj : Camera projection matrix of camera j



From Projective to Affine Reconstruction



From Projective to Affine Reconstruction

Infinite Homography Relation:



From Projective to Affine Reconstruction

Modulus constraint:

Traditional solution:



From Projective to Affine Reconstruction
Consider:

Convex relaxation:

Incorporate bounds on plane at infinity:



From Projective to Affine Reconstruction
Incorporating bounds on plane at infinity:



From Projective to Affine Reconstruction



From Projective to Affine Reconstruction
Incorporating bounds on plane at infinity:



From Projective to Affine Reconstruction
Finally:



Result of Affine Upgrade
• Found the plane at infinity.

• Restored parallelism of lines, volume 
ratios, and centroids in the image.



Metric Upgrade: The Traditional Approach



Metric Upgrade: The Proposed Approach



Metric Upgrade



Metric Upgrade



Metric Upgrade



Result of Metric Upgrade
•Found the DIAC.

•Restored angles between lines.



Experimental Evaluation



Evaluation metrics
Here,  are estimated 
coordinates of the plane at 
infinity,  represents the two 
focal lengths,  stands for the
principal point and  for the skew. 
pi

0
 ,f1

0
 ,f2

0 , u0, v0, s0 are the 
corresponding ground truth 
quantities.



Synthetic data parameters
● 100 points, randomly placed in a 

cube
● Multiple cameras, randomly 

distributed at a fixed distance



Error in Camera Calibration Parameters



Runtime Behavior



Affine and Metric Property Deviation



Comparison to Levenberg-Marquardt



Real Data Demonstration



Ideal case evaluation

Left to right: ground truth, proposed reconstruction, 
linear reconstruction



In Summary...
● The application of convex optimization and branch-and-bound algorithms 

allows for a global solution to the autocalibration problem
● The application of domain knowledge is vital in making a global optimization 

practical



Questions?


