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Abstract— We investigates the calibration of 
omnidirectional infrared (IR) camera for intelligent 
perception applications.  Current omnidirectional camera 
approaches are primarily focused on omnidirectional color 
vision applications. The low resolution omnidirectional (O-D) 
IR image edge boundaries are not as sharp as with color 
vision cameras, and as a result, the standard calibration 
methods were harder to use and less accurate with the low 
definition of the omnidirectional IR camera.   In order to 
more fully address omnidirectional IR camera calibration, we 
propose a new calibration grid center coordinates control 
point discovery methodology and a Direct Spherical 
Calibration (DSC) approach for a more robust and accurate 
method of calibration. DSC will address the limitations of the 
existing methods by using the spherical coordinates of the 
centroid of the calibration board to directly triangulate the 
location of the camera center and iteratively solve for the 
camera parameters.  We compare DSC to three Baseline 
visual calibration methodologies and augment them with 
additional output of the spherical results for comparison.    
We also look at the optimum number of calibration boards 
using an evolutionary algorithm and Pareto optimization to 
find the best method and combination of accuracy, 
methodology and number of calibration boards.  The benefits 
of DSC are more efficient calibration board geometry 
selection, and better accuracy than the three Baseline visual 
calibration methodologies.  

Index Terms— Camera, Omnidirectional Camera 
Calibration, Far Infrared Camera, Direct Spherical 
Calibration, Visualization, Robot Sensing Systems. 

I. INTRODUCTION 

hile there has been a great deal of research in the 
area of camera calibration in general, and 

omnidirectional (O-D) camera calibration in particular, 
there has been little published work on the calibration of 
lower resolution O-D infrared (IR) cameras.       The authors 
are leveraging the benefits of potentially low cost 
omnidirectional (O-D) infrared (IR) camera and color 
vision sensors applied to sensing for robot intelligent 
perception applications.   The motivation for the calibration 
of the O-D camera is to lay the foundation for our work in 
vegetation detection, human tracking, and 3D scene 
reconstruction.  The calibration helps us find the center of 
the camera and more accurately reconstruct the semantic 
geometry of the scene.  

The existing omnidirectional camera calibration 
methods are optimized for visual cameras. The 
omnidirectional IR image edge boundaries are not as sharp 
as with color vision cameras, and as a result, the standard 
calibration methods were harder to use and in some cases 

failed when applied to the low definition omnidirectional 
IR camera, and in some cases completely failed. 

Geometrical Approaches - 3D omnidirectional 
geometry approaches are presented in [1-4].  The central 
catadioptric imaging process was shown in [5] to be a two-
step projection process; first from the 3D world point X = 
(x, y, z) T to a point on the unit sphere Xs = (xs, ys, zs)T, and 
from the sphere to a point m on the image plane m(u, v).  

  Survey of Methods – [6] and [17] did surveys of 
methods.  They surveyed about 25 methods, and was 
categorized into the four primary methods of 
omnidirectional calibration.   

 Direct Linear Transform (DLT) approach – uses 
a spherical model and obtains a closed form solution 
using 3D – 2D correspondences.   
 Spherical-2D Pattern – uses a spherical model 
coupled with multiple views of 2D pattern with as 
many points as possible in the pattern.  
 Distortion 2D Pattern – Models the 2D images as 
distorted images and uses a Taylor expansion 
polynomial approximation as the projection function 
to find the distortion parameters.  
 Spherical Lines – This approach uses the spherical 
camera model, a single omnidirectional image with at 
least three lines.  The 3D lines are mapped to conics in 
the omnidirectional image.   
The various methodologies are summarized in 

Table I below. Three of these methods (DLT-like, 
Spherical 2D Pattern, and Distortion-2D Pattern) showed 
good results with very similar performance.  Of these three, 
the Distortion-2D Pattern approach had the best results in 
real world applications. All of these methods have been 
applied to omnidirectional color vision cameras but not to 
IR omnidirectional cameras.   
 The first two Baseline methods we used for comparison 
were chosen based on the best two methods found for 
visual omnidirectional camera calibration in the author’s 
literature search.  We also added a third more generic 
method for comparison.  The three methods chosen to 
compare were Baseline 1: The Distortion-2D Pattern 
approach used by [7-8], and the Baseline 2: Spherical-2D 
Pattern approach [9].  The review of a radically different 
approach was also evaluated, Baseline 3: a generic 
calibration model [35, 36]. 

Other methods - were briefly evaluated and not used. A 
Direct Linear Transform (DLT) like approach is presented 
in [11].  The presentation of a hand-eye camera calibration 
approach which takes into account a lens distortion camera 
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mode is given in [12-13].  The approach optimizes the 
intrinsic and extrinsic parameters using Kalman filter.  

A 360 degree Distributed Aperture System composed of 
6 narrow field of view cameras [14] is presented and uses 
forward additive Lucas-Kanade algorithm with bundle 
adjustment strategy to solve for offline estimation of 
camera orientation. A multiple observation 3D 
reconstruction is presented in [15].  A minimization of the 
re-projection error assuming that the angle of incidence 
between the point on the mirror is equal to the reflection 
angle or angle to the center of the mirror [16].   

Calibrating the para-catadioptric camera from the 
projection of a sphere onto the image plane is also 
presented in [3-5], [16], [18-19], [23] and [28].  [20-22], 
and [31] applies line correspondences to generate re-
projection error for calibration purposes.  The authors use 
an offline calibration of surveillance cameras using camera 
height coupled with line geometries extracted from moving 
vehicles in the scene.  In [31], the authors use the 
environment to find points, lines and planes in both the 

image and the laser data to identify trihedron of lines 
from which to calibrate the camera and the laser.   

The relationship of line and sphere invariant geometry 
and the projection of lines to conic curves are further 
investigated [23-28].   [30] Calibrates a multi-axial 
imaging systems consisting of a camera viewing multiple 
spherical reflecting or refracting surfaces to achieve wide 
angle views.  Then from the rays of two or more spheres 
the pose of a single calibration grid is obtained by linear 
decomposition independent of the sphere locations and 
radius.  The authors [33-34] give a generic calibration 
method that we used as our third baseline comparison. 

Thermal point sources are presented in [35-36], but they 
do not present any calibration information. The authors in 
[37] use thermal cameras to measure odometry on a robotic 
platform.  The calibration is accomplished using the 
standard checkerboard approach with the application of 
aluminum grid to improve the thermal reflectance.  In [38-
39] non-standard methods are used, an array of multiple 
micro lenses focused on the various scene light fields from 
the single primary lens to extract depth information from 
the different light fields from the scene, and multiple water 
droplets.. 

 The contribution of this paper is the development of a 
new omnidirectional IR camera calibration framework, 
called Direct Spherical Calibration (DSC).   Based on our 
experimental results, the DSC method fits in IR O-D 
sensing, because it provides IR O-D camera calibration 
with a more accurate and robust calibration board geometry 
selection, more direct calibration method, and better 
accuracy than the three Baseline visual calibration 
methodologies.  Our approach can be generalized to other 
IR O-D cameras and should be applicable to visual cameras 
as well.  The traditional approaches use a re-projection 
method based on unreliable control point resolution in the 
low resolution IR setting. 

We propose a new omnidirectional IR camera 
calibration framework, called Direct Spherical Calibration 
(DSC).  The contribution of this work follows: 

 We apply a more robust corner selection 
method to overcome the problems with 
identifying the control points from the 
calibration grid in the lower resolution O-D IR 
camera. The process finds the key projection 
point more effectively for each calibration 
board with resultant improvement in 
calibration accuracy, when compared to the 
existing methods.   

 We use a Direct Spherical Calibration method 
which results in higher accuracy when 
compared to traditional methods with sub-pixel 
accuracy.  

 This work is original in that it more effectively 
calibrates the camera center and intrinsic and 
extrinsic parameters in order to more accurately 
reconstruct scene geometry.   
   

 
TABLE I:  METHODOLOGY SUMMARY 

Method Ref, Model Approach Views 

Geometry [1-5] N/A Mixed N/A 

Survey [6], [17] N/A Mixed N/A 

DLT [11] Sphere Linear Eq. Single 

Distortion 
2D  

[7-8], 
[12-13] 

Distort Polynomi
al 

Multi
ple 

Two-step 
Estimation 

[10] Planer 
Motion 

Joint 
Optimizat
ion 

Single 
& 
Odom
etric 

Overlappin
g views 

[14] Lucas-
Kanade 

Bundle 
adjust 

Multi
ple 

3D 
Reconstruct 

[15] Multiple 
Observati
on 

Mixed Multi
ple 

Spherical 
2D  

[9], [18] Sphere Single 
viewpoint 

Multi
ple 

Spherical 
Lines 

[3-5], 
[16],[19]
[23-28] 

Sphere Line 
projection 

Single 

Straight 
lines, line 
scan 

[20-22] 
[31] 

Lines 
from 
motion, 
photogra
mmetry 

Vanishing 
viewpoint, 
line scan, 
Multi-
camera 

multi
ple 

Visual 
motion 

[22] Camera 
Pose - two 
spherical 
images 

Bayesian 
Uncertaint
y Analysis 

Movi
ng 
camer
a 

Moving 
objects 

[30] N-view 
matching 

SFM multi
ple 

Generic [33, 34] Planes Multiple Single 

Multiple 
Spherical 
Surfaces 

[30] 2 mirror 
optics 

IR point 
sources 

Single 

Infrared [35-37] Not 
described 

Not 
described 

variou
s 

Non-
standard 

[38-39] Optical 
flow & 
depth map 

Multi axis 
stereo 

multi
ple 

Pareto [40-41] Pareto 
Frontier 

Pareto 
Optimize 

N/A 
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The remainder of this paper is organized as follows: 
Section II describes the two Baseline omnidirectional 
camera calibration methodologies.  Section III introduces 
the proposed omnidirectional geometry system approach, 
and the DSC methodology. Section IV provides the 
experimental setting and results for the omnidirectional IR 
camera calibration.   Section V concludes the paper.   

II.  DIRECT SPHERICAL CALIBRATION (DSC) OF 

OMNIDIRECTIONAL FAR INFRARED CAMERA 

Section III proposes our new work Direct Spherical 
Calibration DSC, starting Section III.A, Omnidirectional 
IR camera geometry, Section III.B, Direct spherical 
omnidirectional IR camera calibration methodology, and 
Section IIII.C, Optimal number selection of image capture 
of calibration boards, and Section III.D Comparison to 

other methods.  

A. Omnidirectional IR camera geometry 

The O-D camera operational setting is shown in Fig. 1 
and is an example of an omnidirectional IR camera 
mounted on our Pioneer robot; the figure shows a) the 
camera on the robot, b) a sketch of the internal mirror, and 
c) a representative IR output.   A car, a truck, and three 
people can be seen in the image. This paper is laying out 
the calibration approach and initial experimental results 
using data gathered with our camera mounted on the robot.  

Using parabolic reflecting surfaces, a projected 360-
degree field of view is created and transformed into a single 
360 linear plane.  With a single omnidirectional vision 
approach, Fig. 2, reconstructions of scenes create a reduced 
set of unknowns in the equations as compared to the many 
camera approach.  The camera, parabolic mirror, and the 
geometry of the focusing lens and mirror are shown in Fig. 
2, and is described in the equations (1-4) below:  

 𝑟 = 𝑥 + 𝑦   (1),   𝜃 = tan
𝑦

𝑥           (2) 

𝜑 = cos (𝑧
𝑟⁄ )  (3),  𝑧 =

𝑥 + 𝑦 − ℎ
2ℎ  (4) 

The IR camera is mounted in the housing above the 
parabolic lens, with a hole in the center of the lens.  The 

point P in space is reflected from the parabolic mirror down 
to the base mirror P’ and focused by the lower lens through 
the hole in the center of the parabolic mirror to the camera 
lens and image plane.  F is the focus of the parabolic mirror.  
Where xp and yp are the pixel coordinates of the pixel, and 
P is the point in space being observed by the 
omnidirectional camera.   In the spherical coordinate 
system θ and φ define the direction of the ray and r is the 
distance to the origin of the mirror in pixel coordinates and 
θ ranges from 0° to 360° around the edge of the mirror, and 
the pitch φ, ranges from 0° when pointing straight down, to 
90° when pointing at the horizon.  Fig. 3 shows the 
coordinate system in the O-D camera case, relating the (x, 
y, z) point to the sensor coordinate in (r, θ, φ). The camera 
geometry is shown in Fig. 2 Section IV.  The (x, y) points 
in the world coordinates are related to (xp, yp) by equations 
(1-4).  The orientation, Fig. 3 a) shows the omnidirectional 
IR sensor.  The sensor annotated with the two coordinate 
systems is shown in Fig. 3b) with the r, θ, and φ parameters 
overlaid.  Fig. 3c) is the unwrapped image showing the 
relationship to x, y, and z coordinates, r is related to x, y by 
(1), and theta (θ) and Phi (φ) to x, y, by (2) and (3), z is 

 
Fig. 1: Robot with Omnidirectional IR camera showing a) the Robot, b) 
the IR camera, c) the camera solid model showing the hemispherical 
mirror, and d) a representative output showing 3 people, a truck, and a 
car. 

 
Fig 3: Omnidirectional geometry, (a) Shows the omnidirectional image, 
and (b) Shows the O-D IR image with the r, θ geometry overlaid. (c) 
Shows the unwrapped rectangular image, and the X, Y, Z geometry axis. 

Fig. 2: shows the layout of the camera and the geometry of the 
omnidirectional parabolic mirror, and the relationship of the 
camera and focusing mirror/lens in the bottom of the structure.  
The Omnidirectional Camera geometry is presented, showing the 
relationship of the scene point P to the spherical point ρ and the x, 
y, z rectangular coordinates to the r, θ, φ spherical coordinates. 

360 IR 
Camera 
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related to r and h by (4).  

B. DSC omnidirectional IR camera calibration 
methodology 

With the IR image the edge boundaries are not as sharp as 
with color vision cameras.  Fig. 4 shows an example of the 
calibration grid captured by the O-D IR camera, and the 
problem with accurately capturing the grid corner 
intersections in the low resolution calibration grid can be 
seen from the lack of clarity in some of the images sampled 
around the O-D IR camera.  All of the baseline methods 
that we used for comparison used automatic corner 
selection which was not reliable in the lower resolution IR 
camera and required the authors to manually correct the 
baseline method’s corner selection results.  The poor 
quality of the grid selection in the lower resolution IR 
image resulted in higher error and in some cases a failure 
of the baseline calibration methods to converge.  We 
propose a more effective calibration method using a direct 
triangulation approach. 

As a result, the corner selection algorithms and 
automatic methods do not accurately find the corners.  This 
affects both the error and the scatter in the error results. The 
newly proposed method, DSC, will address this by directly 
using the spherical coordinates of the centroid of the 
calibration board, found from the four outside corners of 
the calibration board grid, and will use the spherical 
coordinates of the calibration board center to directly 
calculate the re-projection parameters.   

Fig. 5 shows a block diagram of the geometry 
transformation and the relationship of the spherical mirror 
to the captured calibration boards.  The calibration process 
uses the planar calibration pattern to capture a matrix of 
spherical coordinates of the calibration board center points 
and then minimizes a least squares minimization function 
of the difference between the actual and re-projected points 

to converge on the camera intrinsic and extrinsic 
calibration parameters.   

 

The proposed DSC consists of the six steps as follows. 

STEP 1: ESTABLISH A THERMAL CALIBRATION 

GRID 2D PLANAR PATTERN 

The calibration setup is shown in Fig. 6 and consisted of 
a pattern of reflective tape applied on a closely laid out grid 
with +/- 0.03215 accuracy on a white board with two IR 
heat lamps shining on the surface. The calibration board 
was calibrated by careful measurement of the grid spacing. 
Fig. 6a).  Fig. 56) shows the sensor on the robot with the 
board and heat lamps repositioned around the robot and 
camera.  Three data sets were captured, sparse consisting 
of ten (10) images, moderate consisting of twenty-five (25) 
images, and dense consisting of forty-seven (47) images.         
The three setups were done on different days with the board 
and lamps being repositioned for each data image. The 
reflected image was then captured by the omnidirectional 
IR camera shown on top of the robot in Fig. 6a and 6b. 

 
Fig. 4: Omnidirectional IR camera image and several representative 
calibration board grids.  Due to the low resolution you can see the problem 
with accurately capturing the calibration control points. 

 
Fig. 5: Camera geometry and calibration:  Capture the location of center 
of calibration boards at different radius and angle from the 
omnidirectional IR camera. 

        Camera Calibration setup                  Calibration setup 
                               a)                                               b) 

Fig. 6: Camera Calibration setup: a) Calibration setup diagram, with 

two heat lamps and a calibration board with thermally reflective 

pattern b) the calibration pattern illuminated by IR lamp with robot in 

foreground displaying Omnidirectional IR image. 
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  These images were then processed by the three algorithms 
for comparison.  The method used in [31] to capture a 
calibration pattern from an LCD screen would not work 
with our IR O-D camera, due to the constant temperature 
of the screen.   The methods used in [22 and 37] both used 
multiple cameras and were more complex than our setup. 
[22] Required a frame camera and a line scan camera, while 
[37] required an LCD projector, two stereo cameras and an 
IR camera. [30] used a single camera looking through 
multiple spherical lenses on different axis, this again was 
more complex than our setup and did not apply to our 
camera setup. 
STEP 2: DIRECT SPHERICAL CALIBRATION 

(DSC) CAMERA MODEL 
The DSC methodology uses the direct spherical 

coordinates of the calibration grids in equation (11) below 
to find the projection error.  The process then minimizes 
the error in order to solve for the intrinsic parameters (5).  

The world point P(X,Y,Z) = (x, y, z)T is projected to a 
point on the unit sphere Xs = (xs, ys, zs)T, and from the 
sphere to a point m on  the image plane m(u, v).  Kc 
equation (5) is the intrinsic camera parameter matrix.  

              K =

γ s u
0 γ v

0 0 1
           (5) 

Where focal length is γx, γy, s is the image skew, and p (u0, 
v0, 1)T the  principal point.  The skew s is affected by both 
the focal length (γ) and the aspect ratio α.   The imaging 
projection process is then captured by extending the single 
view point camera model m=KC[R t]X relating the space 
point matrix X, intrinsic parameters KC, the extrinsic 
parameters R’ and t to the image projection matrix m(u’, 
v’) and are substituted in equation (6). 

         𝛽𝑚 = 𝐾
‖ ‖

+ 𝜉𝑒        (6)   

where β is a scale factor, R’ is a 3 x 3 rotation matrix, t is 

the vector of translation t = (tx, ty, tz)T and ξ is the mirror 
shape parameter.  The mirror is a paraboloid if ξ = 1, an 
ellipsoid or hyperboloid if 0< ξ<1, and a plane if ξ = 0.  R’ 
is the mirror to camera rotation matrix, and t is the mirror 
to camera translation matrix as before.  

The eccentricity e is a vector of the eccentricity in the x, 
and y direction and is a measure of how much the cross 
section deviates from being circular.  The values and their 
interpretation are given below. 

The eccentricity of a circle is zero. 
• The eccentricity of an ellipse which is not a circle is 

greater than zero but less than 1. 
• The eccentricity of a parabola is 1.  
• The eccentricity of a hyperbola greater than 1. 
The relationship between ξ and e is given in equation (7) 

and summarized in Table II. 

𝜉 =
∗             (7) 

Both xi (ξ) and eccentricity (e) were iterated during the 
calibration.  xi (ξ) converged towards 1.0 and ex, ey 
converged towards 1.0.  In our case the IR omnidirectional 
camera with parabolic mirror, the relationship between the 
world point (X, Y, Z) and the spherical point (r, θ, φ) are 
given by applying trigonometry as in Fig. 7 and as noted in 
equations (1) to (4), and resulting in equations (8), (9), and 
(10). 

        𝑋 = 𝑟 sin 𝜑 cos 𝜃           (8) 
        𝑌 =  𝑟 sin 𝜑 sin 𝜃                (9) 

       𝑍 = 𝑟 cos 𝜑                  (10) 
The world point vector X (6) is replaced by its spherical 

coordinate equivalent elements from equations (8), (9), and 
(10) resulting in (11).  The initial (r, θ, φ) points are 
substituted into (11) along with the estimated Kc, R’, and t 

matrices and the projection point is calculated, the cost 
function f(x) is then minimized. 

𝛽𝑚 =  𝐾

⎝

⎜
⎛

 

⎠

⎟
⎞

       (11) 

𝑓(𝑥) =  ∑ [𝑃(𝑥 ) − 𝑒 ] , where n is the number 

calibration boards, P(xi) is the projected calibration board 
center, and ei is the extracted calibration board center.  The 
cost function is the Euclidian distance between the 
projected calibration board center point and the extracted 
value in the image.  The n calibration board re-projection 
points are then used to triangulate the camera center. 
Equation (11) represents the calibration equation directly 
in the (r, θ, φ) framework, and is used to find the re-
projected calibration points, and the fitness function f(x) is 
then minimized using Levenberg-Marquardt approach.   It 
is the relationship between the intrinsic, extrinsic 

TABLE II: RELATIONSHIP BETWEEN ECCENTRICITY e AND MIRROR 

PARAMETER  ξ 
 Ellipsoidal Paraboloid Hyperbolical Planar 

e 0 < e < 1 e = 1 e > 1 e  →∞ 

ξ 0 <  ξ  < 1 ξ  = 1 0<  ξ  < 1 ξ   = 0 

Fig. 7: Spherical Coordinate Diagram: Showing the relationship 
between Spherical Coordinates and Cartesian coordinates representing 
(8), (9), (10). 
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parameters and the camera geometry. 

STEP 3: MEASURE THE GRID CORNER (4 
OUTSIDE) INTERSECTION POINTS 

Our method of selecting the four outside corners as a 
starting point and applying our algorithm to find the 
position of the calibration board center worked 
significantly, on the order of 40X, better than the baseline 
methods.  The baseline methods saw errors on the order of 
81 pixels compared to ours at 2 pixels. The baseline 
methods struggled with the low resolution IR images which 
either introduced larger error, or failed completely to 
converge.  The calculated coordinates of the center of the 
calibration board was then used to directly calculate the 
spherical coordinates and the projected radius to the center 
of the camera was found by minimizing the re-projection 
error. 

The four corners of each calibration grid in the data set 
images, Fig. 8, are clicked on by the user with a corner 
assist algorithm, with an accuracy of +/- 2 pixels, and the 
pixel coordinates of the corners are extracted and the 
central point of the grid (green square at the center of the 
distorted corners box) is approximated by geometry of the 
four image points.   

We first attempted the MATLAB automatic corner 
selection [32] used in [31], but this method broke down on 
our lower quality IR images necessitating our modified 
approach. The internal extrapolation failed and the internal 
points being out of position resulted in the error solution 
going out of bounds in some of the images.  This 
necessitated us to estimate the center from the geometry of 
the four outside corners which worked much better. The 
image coordinates of the entire calibration board center 
points are then used to find the θ, φ and r value of the 
calibration board centers which are then substituted into 
(11) and the difference between the projected points and 
the observed image points are minimized.  θ, and φ are the 
angles to the center of the capture board grid observed from 
image coordinates, and r is the distance from the center of 
the camera to the center of the capture board in pixel 
coordinates obtained from equations (1-4). The value of r 
is found by r = sqrt(xp

2 + yp
2), and xp and yp are the pixel 

coordinates of the grid center in the image.  The θ, φ and r 
values are substituted into (11) from step 2.    

STEP 4: SOLVE FOR THE CAMERA INTRINSIC 

PARAMETERS (KC) 

The Kc matrix (5) is then solved for and the results 
displayed.  The (rc, θc) is re-projected on the image and the 
error is minimized to find the solution to (11).  This DSC 
direct approach has the best calibration results when 
compared to the Baseline1 (distortion) and 2 (single 
viewpoint spherical) methods, but with smaller error.  
Baseline 3 (generic) had much higher error and went out of 
bounds on the dense data set. 

STEP 5: SOLVE FOR THE CAMERA EXTRINSIC 

PARAMETERS 

The calibration process then finds the R’ and t matrices 

such that a least square error function is minimized to best 
match the mapping, and the process iterated until 
convergence or threshold is met.   

STEP 6: ITERATE STEPS FOUR AND FIVE UNTIL 

CONVERGENCE. 

Since the intrinsic and extrinsic parameters are related 
we iterate steps four and five until the minimized re-
projection errors converge.  The six steps are summarized 
in Table III.  The results of our DSC method and the three 
Baseline methods will be presented in Section IV.B. 

Fig. 8: Calibration Board center approximation. 

TABLE III:   FIVE PROCESS STEPS FOR DSC 

Steps Step Details 
Step 1 Establish a thermal calibration grid 2D Planer Pattern 

with thermally reflective grid of known geometry, 
which consisted of five rows of seven squares or a total 
of 48 corner points. (needed for Baseline methods) The 
grid was constructed on a white board with a cross 
pattern of silver reflective tape.  The calibration boards 
were then used at different angles and distances from the 
camera. (DSC only used the outside corners) 

Step 2 Direct Spherical Calibration (DSC)  
Establish the DSC Camera Model in terms of (r, θ, φ) 
 

𝛽𝑚 = 𝐾

⎩
⎨

⎧

⎭
⎬

⎫
+  e  

 

Step 3 Measure the grid corner (4 outside) intersection points 
at different unknown positions which are related to the 
sensor coordinate system by a rotation matrix R’ = [R’x, 
R’y, R’z] and translation matrix t = [tx, ty, tz], the extrinsic 
parameters 
 

Step 4 Solve for the camera intrinsic parameters Kc 

𝐾 =

𝛾 𝑠 𝑢
0 𝛾 𝑣

0 0 1
  

Where s is the skew and is a function of α the camera 
aspect ratio and the focal length, γ is the focal length, 
and u0, v0 is the principal point. 
 

Step 5 Solve for the camera extrinsic parameters  
R’ = (R’x, R’y, R’z)T , R’ is the camera rotation about the 
x, y, z axis.  t = (tx, ty, tz)T, t is the translation of the 
camera along the three x, y, z axis. 

Step 6 Iterate steps 2 - 5 until convergence since the intrinsic 
and extrinsic parameters influence each other. 
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C. Optimal number selection of image capture of 
calibration boards 

Pareto optimization is a methodology commonly used 
for multi-variant optimization problems.    Visualization 
techniques are described for multi-dimensional 
optimization problems using multivariate mesh displays, 
color mappings, and multiple views [40].  Techniques for 
multi-variant objective optimization are given in [41].    

We will use Pareto optimization as an analysis tool to 
find the optimum calibration approach and number of 
calibration board images.  This section determines the 
effect of the number of calibration board images on the 
calibration results.  The methodology used to find the 
optimum number of calibration capture boards is to find the 
optimal calibration condition when minimizing the error 
during the determination of the intrinsic camera matrix Kc 
(5), and also minimizing re-projection error. To 
accomplish this optimization, we will use a MATLAB 
Pareto optimization to find the min. function that best 
satisfies error, ratio of calibrated to actual and time 
minimization. 

Fig. 9 describes the Pareto optimization concept which 
is for the minimization of multiple objective factors. In an 
optimization problem it is typically the evaluation of 
decision variables by minimizing a cost function. 
However, in most real life optimization problems the cost 
function is multi-dimensional trying to satisfy multiple 
objectives.  This is our case, the example shown in Fig. 9, 
the two cost objectives are re-projection error εd and time 
t.   

The Pareto Frontier curve shown represents the set of 
solutions that satisfy the minimization of both constraints 
according to the fitness function f.  In the Fig. 9 example 
f(εd1, t2) as well as f(εd2, t1) are both optimum solutions, and 
lie on the pareto optimized frontier.  We will use a three 
objective fitness function to simplify the Pareto optimum 
frontier, where the three objectives are the ratio of 
calibrated to actual (RCA) of distance and angle distribution 
in the polar coordinate, re-projection error (ϵd), as obtained 
from the calibration process, and process time (t).  While 
time (t) is not important from an operational viewpoint 
since the calibration is done off-line, it was chosen as a 

comparison parameter between the three methods. 
The Pareto optimization would find all points (RCA, ϵd, 

t) in the objective space that satisfy our scalar fitness 
function, equation (12). 

𝐴𝑟𝑔 = 𝑓(𝑅 , 𝜀 , 𝑡) = (|𝑅 − 1| + 𝜀 + 𝑡 )     (12)  

We used the MATLAB Pareto Optimization Tool Box to 
find the global optimum for the four methods and data sets.  
Ratio of Calibrated to Actual data is given as RCA.  An 
example of the concept is shown in Fig. 10 with perfect 
desired RCA given as the blue circle with RCA = 1.0.  The 
red curve represents the actual RCA and varies around the 
perfect ratio of RCA = 1.0.  The RCA is given by equation 
(13),   

𝑅 =
( )

               (13) 

 Equation (13) is used as a common shape factor.   

Where RR is the ratio of calibrated to measured radius and 
RA is the ratio of calibrated to measured angle.  

The evaluation criteria for RCA will be the absolute value 
of the difference between the ratio of calibrated to 
measured (RCA) and the perfect correspondence of 1.0 as 
|(RCA)-1|. The error parameter is the mean of the re-
projection error as a function of the diameter of the plotted 
re-projection circle.  εd is given by equation (14) as a re-
projection error.   

𝜺𝒅 = 𝒎𝒆𝒂𝒏 𝒔𝒒𝒓𝒕 𝒅𝒂𝒄𝒕𝒖𝒂𝒍 − 𝒅𝒓𝒆 𝒑𝒓𝒐𝒋𝒆𝒄𝒕𝒆𝒅
𝟐

   (14) 

The last parameter time (t) is the period during the 
calculation of the calibration modules proposed in Section 
IV.B and is given by t = (time at finish – time at start).  
The relationship between the Ratio of Calibrated to Actual 
(RCA), error (εd), and time (t) will be explored in the 
experimental results section. 

D. Comparison to other methods - Baselines 1,2,3  

In this paper our method plus three existing methods for 
identifying checkerboards on calibration images were 
analyzed.  The four methods are compared in Table IV. 
From the three, two Baseline methods were chosen as the 
best candidates to modify for the O-D IR camera 
calibration, and the best methods of both were combined 

 
Fig. 9: Pareto Optimization Diagram: Showing an example Multi-
objective optimization space and the Pareto frontier curve representing 
the loci of points satisfying both objectives (εdi, t) optimal number 
selection of image capture of calibration boards 

                           
Fig. 10. Ratio of calibrated to measured data as a shape factor, where 
RCA =1.0 is perfect correspondence and is represented by the blue 
circle.  The red curve is the actual variation RCA about the blue circle. 
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with our methodology for an improved method for 
calibrating IR omnidirectional cameras.  An exhaustive 
comparison of other methods was not the purpose of this  
work. The methods chosen then served as the starting point 
for the adapted and improved DSC method described in 
Section IV.  Due to the quality of thermal images the edge 
boundaries were not as crisp as visual images.  As a result, 
the automatic corner finders had marginal performance.  
Often all three comparison methods would provide poor 
results when the corners were poorly selected even in the 
manual mode with corner assist. This required extensive 
manual tuning in the Baseline 1 (distortion) [7-8]. and 3 
(generic) methods.  The Baseline 2 (single viewpoint 
spherical) method used the four outside corners as a 
starting point but still calculated the internal grid points 
which took more time and was prone to error with the IR 
images if the points weren’t well chosen.  In the dense data 
set case all three baseline methods had trouble with the 
partially obscured calibration boards due to the camera 
structure.  This caused an extensive amount of rework 
making these methods not practical for the lower quality 
IR images. 

The DSC direct spherical method used the four outside 
corners of the calibration grid to find the calibration board 
center point and this pixel spherical coordinate was then 
used to directly calibrate using the one spherical point for 
each calibration board.    The geometric center of the whole 
grid is then calculated from these four geometric points and 
the spherical coordinates of the center of the grid is used in 
the calibration.  This avoids the errors introduced by 
finding a best fit of the line matching of the individual grid 
square elements (which does not work well in the IR case) 
to establish the calibration geometry.  Our results show that 
this improves the calibration accuracy, and requires less 
data entry time.  The method also has the best 
computational performance.   

III. EXPERIMENTAL RESULTS 

Section IV.A describes the data setting for the 
evaluation.  Section IV.B applies the DSC methodology 
presented in Section III, Section IV.C compares DSC to the 
three Baseline methodologies, Section IV.D presents the 
error analysis of four methods, and IV.E presents the 
results of the optimum number for capture of calibration 
boards.  

A. Calibration data setting for evaluation 

In the use of the omnidirectional IR camera, a camera 
calibration process is required just as in a conventional 
vision system.  The three calibration data sets were taken 
in separate setups.  The sparse set had fair quality, some 
partial obscuration from the support bars on the camera, 
and moderate clarity.  The moderate data sets had good 
quality and good clarity.   

Table V describes the characteristics of the three data 
sets used for the evaluation.  The resulting images were 
visually inspected to determine if the quality and clarity of 
the images were sufficient for the calibration work.   The 
images were also evaluated to determine if the vertical 
support bars of the camera significantly obscured the view 
of the calibration boards. 

The dense data set had marginal quality.  The moderate 
set had no images obscured while the dense had the most 
partial obscuration with ten out of forty-seven of the 
calibration board views.  These rankings were subjectively 
determined by visual observation of the images. 

Fig. 11 shows a sample of calibration points picked by 
the operator using the Baseline 1 (distortion): Scaramuzza 
et al. methodology, and a typical re-projection of the 
calibration points onto the original pattern. 

  We modified the plot to show the theta and phi 
directions on the plot.  The heat lamps can be seen in the 
images as well as the reflected calibration grids.  Utilizing 
the four methods; our DSC method, the Baseline 1 
(distortion) method [10 - 12], the Baseline 2 (single 
viewpoint spherical) method [13], and the Baseline 3 
(generic) method [41-42]; each calibration methodology 
was applied to the IR catadioptric camera using a 
calibration pattern of a white board with thermal reflective 
tape making a grid pattern that could be used to create a 

TABLE IV:  METHODOLOGY COMPARISON 

Criteria Baseline 1  
distortion 

[7-8] 

Baseline 2 
single 
viewpoint 
spherical[
13] 

Baseline 3 
generic 
[36-37] 

DSC 

Model  Distortion Spherical Distortion Spherical 

Points 
Re-
projected  

25 x 48 25 x48 25 x 20 25 x 1 
(centroid) 

Mirror Spherical Spherical Spherical Spherical 

Approach Poly-
nominal 
Approx. 

Single 
Viewpoint 

Generic Direct 
Spherical 

TABLE V: TEST IMAGE SETS 

Image set # Image Resolut
ion 

Obscured Clarity 

Sparse Set  10  61% Four 
partial 

4 of 10 
clear 

Moderate 
Set  

25  70.4% Five 
Partial 

 16 of 25 
clear 

Dense Set 47  53% FourteenP
artial 

 28 of 47 
clear 

 

a) Re-projection on grid       b) Zoomed in calibration grid 

Fig. 11: Example of re-projection points in the Baseline 1 (distortion) 
method with a) Grid points chosen for calibration and re-projection of 
points onto the calibration pattern. b) Zoomed in view of the 
calibration grid. 
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thermally reflective pattern on the board.   
The checkerboard pattern was required by the three 
Baseline methods.  As a result, the DSC method used the 
same checkerboard pattern that was used for the three 
Baseline methods for a more direct comparison. Even 
though our method only used the outside corners to find the 
center, we wanted to be able to compare to the results for 
the other methods directly without introducing additional 
factors.   The images were then captured and the four 
methodologies applied.  The experimental result 
comparisons are presented in Section IV.B and IV.C.  Fig. 
12 is the data setting and shows the extrinsic projection of 
the three data set positions around the camera.  

B. DSC calibration  

Our DSC approach was adapted to more effectively 
work with an omnidirectional IR camera, and to improve 
the accuracy over the Baseline methods.  The DSC 
methodology approach to the corner selection dramatically 
reduced the error introduced by the Baseline corner and 
blob selection approaches due to their algorithm failing 
when given the low resolution of the IR image, and Fig. 13 
presents the comparison of the DSC to the baseline 
methods for the sparse (10 calibration images) data set. 
     The plots in Fig. 13 represent the average error of the 
four methodologies across the calibration boards.  The 
error for the DSC method was the smallest and was on the 
order of 0.2 to 0.5 x 10-4 pixels for all of the sparse data 

set.  Baseline 2 (single viewpoint spherical) was next best 
with 1-2 pixel error, Baseline 1 (distortion) with 2-3 pixel 
error, and finally Baseline 3 (generic) with error on the 
order of 8-19 pixels of error.   

Note that Baseline 1 (distortion) and 3 (generic) both 
tended to go out of bounds due to poor geometry selection 
with the lower quality IR images and required an inordinate 
amount of hand adjustment to get them to work.  Fig. 14 
shows the comparison of the four methods for the moderate 
data set blurred IR images. The calibration images were 
captured and processed using our DSC methodology.  The 
corner selection methodology was an initial manual 
selection with corner assist to find the entire capture board 
grid and then find the center of the grid.  We used the direct 
spherical coordinates of this calculated center point for 
each calibration board grid as the input to the DSC 
calibration.  This worked much better for the IR images and 
significantly cut down the analysis time.  This method was 
more robust to the poor edge quality of the IR image.   

C. Comparison to other Baseline calibration 
methods 

Among the existing color vision omnidirectional camera 
calibration methodologies, we chose the two best 
performing methods plus one more generic method for 

. 
 
 
 
 
 
 
 

a) Sparse data set 
 
 
 
 
 
 
 
 
 

b) Moderate data set 
 
 
 
 
 
 

 
 
 

c) Dense data set 
Fig. 12: Extrinsic mapping of the three data sets, a) sparse data set with 
10 calibration images, b) moderate data set with 25 calibration images, 
c) dense data set with 47 calibration Images,  

 
 

Fig. 13: Comparisons of the re-projection error for the three Baseline 
methods with our DSC method.  The results are shown for the sparse 
data set case.  The DSC method has the lowest error followed by Baseline 
2 (spherical), then Baseline 1 (distortion) and finally Baseline 3 (generic) 
as the worst. 

Fig. 14:  Comparisons of the re-projection error for the three Baseline 
methods with our DSC method.  The results are shown for the 
moderate data set case.  The DSC method has the lowest error followed 
by Baseline 2 (single viewpoint spherical), then Baseline 1 (distortion) 
and finally Baseline 3 (generic) as the worst. 
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comparison.   
The Baseline 1 (distortion) omnidirectional camera 

calibration methodology, [7], [8], [9] proposed a 
polynomial approximation distortion model with 2D 
patterns approach.  

In the Baseline 2 (single viewpoint spherical) 
methodology [10], single view point re-projection method 
uses a distortion model of the camera properties with a 
single viewpoint spherical projection model where the 
world points are projected onto the unit sphere.  They then 
use a secondary projection onto a normalized plane.   

In the Baseline 3 (generic) methodology [34-35] was 
chosen as a more generic method intended for a wide range 
of camera types.  It uses a generic model of the camera 
properties that could handle different types of cameras 
including conventional perspective, central 
omnidirectional (including catadioptric, fish-eye, and 
generic central lens), and finally non-central cameras.  The 
approach utilizes two Fourier series polynomial distortion 
terms in the calibration process.  The distortion model is 
more generic and not based on the perspective projection. 

The three Baseline calibration methodologies were 
compared to our DSC methodology.  As the data for the 
DSC shows the smallest error with the moderate data set 
having 22 out of 25 calibration boards with error less than 
1 x 10-4 pixels with a couple of sub-pixel error outliers.  
The DSC moderate data set has three outliers at 0.34, 0.54, 
and 0.69 pixels.   

Again the Baseline method 1 and 3 methods   required 
many tries at getting the solution not to go out of bounds 
and this was very labor intensive since the automatic 
corner finding routine was optimized for visual 
omnidirectional images and wouldn’t work with the lower 
quality IR images, this made the method 1(distortion) and 
3 (generic) methods automatic selection of points 
unreliable.  Additionally, the manual corner selection was 
error prone causing the routine to blow up and fail 
necessitating rework.  This was quite time consuming and 
took about a week of 5-6 hours a day making manual 
corrections to the corner coordinates for Baseline 1 
(distortion) and similar timeframe with Baseline 3 
(generic) trying to get the solution to work.    This still did 

not correctly find all the corners.   This required us to go 
into the images and manually reposition about a third of 
the corners on about half of the images.  After this 
correction the max and average errors behaved much 
better.  Fig. 15 shows that the error comparison for the 
moderate data set was similar to the sparse case with DSC 
best, Baseline 2 (single viewpoint spherical) next, 
Baseline 1 (distortion) next with 2-3 pixel error, and 
finally Baseline 3 (generic) with 13-25 pixel error.   

Fig. 15 shows the comparison of the methods for the 
dense data set.  We were not able to show the Baseline 3 
(generic) since after a week of attempting to get it working 
the program would crash when trying to find the 
calibration points in the low quality IR image. 

As before with the sparse and moderate data sets DSC 
is the best with sub pixel error with only two outliers near 
0.1 pixel and the rest less than 10-5.  Baseline 2 (single 
viewpoint spherical) is next with 1-2 pixel error, and 
Baseline 1 (distortion) with 1-4 pixel error.  Again 
Baseline 3 (generic) would blow up. 

D. Error analysis of four methods 
In Fig. 16 we compare the x, y error scatter for the four 

methodologies.  a) DSC error as a function of x, y scatter, 
the DSC is displayed at a different scale so the scatter can 
be seen.  b) Baseline 1 (distortion) error as a function of x, 
y scatter, c) Baseline 2 (spherical) error as a   function of x, 
y scatter d) Baseline 3 (generic) error as a function of x, y 
scatter.  It can be seen that the least error scatter is for the 
DSC method, the worst for Baseline 3 method then 
Baseline 1 and finally Baseline 2.  Unlike the other 
methods, the DSC has one error point per calibration board, 
where the others have points for the total number of 
intersections in the calibration boards. 

 

         
        a) DSC Error as a                  b) Baseline 1 (distortion) Error 
            fcn of x, y Scatter         as a fcn. of x, y Scatter                       

         
      c) Baseline 2 (spherical) Error        d) Baseline 3 (generic) Error 
          as a fcn. of x, y Scatter    as a fcn of x, y Scatter  
Fig. 16: Comparison of the error as a function of x, y scatter for the 

four methods.  Only the moderate data set is shown.  a) DSC method 
(different scale to show scatter), b) Baseline 1 (distortion) Method, c) 
Baseline 2 (single viewpoint spherical) method, d) Baseline 3 (generic) 
method. 

 
Fig. 15: Comparisons of the re-projection error for the three Baseline 
methods with our DSC method.  The results are shown for the dense 
data set case.  The DSC method has the lowest error followed by 
Baseline 2 (spherical), then Baseline 1 (distortion) and finally 
Baseline 3 (generic)as the worst. 
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Fig. 17 shows the error data as a function of radius for 
the four methodologies.  The blue curve in Fig. 17 
represents the median of the scatter data for each method. 
Fig. 17a) DSC error as a function of radius, the DSC is 
displayed at a different scale so the scatter can be seen.  
17b) Baseline 1 (distortion) error as a function of radius, 
17c) Baseline 2 (single viewpoint spherical) error as a   
function of radius 17d) Baseline 3 (generic) error as a 
function of radius.  The blue curve in Fig. 17a) represents 
the median of the error data and is near zero for the DSC 
methodology.   Again the DSC method has one point per 
calibration board.  It can be seen that the DSC has a similar 
but smaller spread in angle, but an order of magnitude 
smaller spread in radius error. 

The average error for Baseline 1 (distortion) is 2 pixels 
where the max scatter is up to 10 pixels, and Baseline 2 
(single viewpoint spherical) average error is 0.94 pixels 
and the max error is about 7 pixels. The DSC error is sub 
pixel and on the order of a thousandth of a pixel.  The DSC, 
Baseline 1 (distortion), and Baseline 2 (single viewpoint 
spherical) methods track fairly close in finding the center. 

  Baseline 1 and 2 methods found the center within 4 
pixels, and the DSC was within 1 pixel. With the Baseline 
3 (generic) method, the center is off by 68.8 pixels in the y 
direction.  The actual center is about 324, 241 which is 
matched closest by the DSC method at 323.75, 240.86. 
There is a 5% delta in focal length.  The uncertainty 
associated with the average errors is lowest for DSC at 
0.00192 followed by BL2 at 0.05819, BL1 at 0.1011, and 
finally BL3 at 0.4707. 

The DSC methodology is better than the other three 
Baseline methods with smaller error and less uncertainty. 
as shown in Table VI.   

We have included in Table VI a fourth column showing 
the Baseline 3 methodology [35,36] that had much higher 
errors compared to the other two Baseline methods and it 
didn’t work well with the IR data.  Also, it can be seen in 
Fig. 16 that the Generic method’s error is on the order of 
30 pixels and is much higher than the other two Baseline 
methods chosen for comparison.  Also, Baseline 3 
(Generic) missed the center by 68.8 pixels. It can be seen 
from Table VI that the DSC method is the best performer. 

E. Optimal number selection of image capture of 
calibration boards 

We did an analysis to determine the optimum number of 
calibration boards.  We compared Ratio of Calibrated to 
Actual, error, and computation time.  Fig. 18 is our plot of 
the three methodologies in polar form showing the relative 
comparison of the   r, theta polar points obtained from the 
three methodologies.  φ was nominally 90 degrees and  
relatively constant for all methods so it was not presented.  
Fig 18 shows the RCA in a comparison polar line plot for 

               
          a) DSC Error as a            b) Baseline 1 (distortion) Error  
              function of Radius    as a function of Radius                       
                                                                                                                 

         
       c) Baseline 2 Error                       d) Baseline 3 (generic) Error 
        (single viewpoint spherical)  
             as a function of Radius   as  a function of Radius                      
Fig. 17: Comparison of the error as a function of radius for the four 

methods.  Only the moderate data set is shown.  a) DSC method 
(different scale to show scatter), b) Baseline 1 (distortion) Method, c)
Baseline 2 (spherical) method, d) Baseline 3 (generic) method The mean 
of the error scatter is overlaid as the blue curve.  

 
 

Fig. 18: Comparison polar plot of the r, θ for DSC compared to the 
two Baseline methodologies.  For a) sparse data 10, b) moderate data 
25, and c) dense data 47 calibration board images.  The main three data 
sets r, θ compare reasonably well with the ground truth with the delta 
being roughly 5% for all three. 

TABLE VI: METHODOLOGY NUMERICAL COMPARISON 

Framework DSC BL1 
distortion 

BL 2 
single 
viewpoint 
spherical 

BL3 
generic 

Average  
Error 

0.00265 2.0057 0.94 16.5660 

Standard 
Deviation 

0.013 0.6928 0.3557 13.9032 

Uncertainty 0.00192 0.1011 0.05819 0.4707 

Calibration 
Time 

0.017 2.09 53.43 325.2127 

Center 323.75, 
240.86 

321.02, 
239.96 

323.50,  
244.34 

322.7239 
309.8056 

Focal 
Length 

264.99, 
264.99 

N/A, 
N/A 

251.01, 
253.75 

313.0189 
253.9237 
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the moderate data set.  The moderate case has the best 
match to the actual data for the four methods.  The three 
Baseline methods did not originally present this data, but 
we added it to all of their routines for comparison.    The 
polar plot shows the comparison of the best three 
methodologies in finding the r, θ (theta) points for each of 
the data sets.  The baseline 3 (generic) method had an 
average 19% error (peak 64%) in r, θ compared to ground 
truth measurements, so it wasn’t included in the polar plot. 
The sparse data set with only ten (10) calibration boards 
had the least consistency between the three methods. For 
the DSC and Baseline 1 and 2, all three matched the ground 
truth r, θ within about 5% with DSC at 0.05147, B1 at 
0.04755, and B2 at 0. 05083..  Both the moderate and dense 
track relatively closely with each other and with the r, θ 
pairs matching fairly well to ground truth.  The dense set is 
slightly better.  The results of the values for RCA,  and  
|RCA-1|  are given below in Table VII. 

The results for RCA are shown in Fig. 19 and both RCA 

and |RCA – 1| are summarized in Table VII, which shows 
that the RCA has the most variance for the sparse and dense 
cases, and the moderate is closest to actual for all four 

methods. 
The results for the three comparison methods error are 

given in Fig. 20.  The best error result is the sparse data set 
at 10 images with 1.526 x 10-5 the dense at 0.00265, and 
the moderate at 0.0628-pixel error. 

Both the moderate and dense are due to outliers with the 

bulk of the data being comparable to the sparse case.  The 
difference between 25 and 47 is so small that it isn’t 
significant.   Also, the larger number of calibration boards 
allows for room to throw out the outliers.   This result 
shows that 10 images are adequate from an error 
standpoint.  The benefit of 25 or 47 images is that if there 
are any problem images they can be deactivated and not 
used in the calibration.   

The maximum error of Baseline 1 (distortion) and 2 
(single viewpoint spherical) is on the order of one to two 
pixels, the Baseline 3 is about 16 pixels, while the DSC 
method is sub-pixel and near zero.  Of the three methods 
the DSC has the lowest error less than 0.01, followed by 
Baseline 2 (single viewpoint spherical) at about 1 pixel and 
Baseline 1 (distortion) at 1.5 to 2 pixels of error, and finally 
Baseline 3 (generic) at 16.566 pixels of error.  The added 
complexity of Baseline 1 and Baseline 2 are not required 
as the simpler DSC method gets better accuracy and 
comparable calibration results.   

Table VI in Section V.C. shows the comparison of error, 
standard deviation, computation time, center, and focal 
length for the four methodologies.  Again DSC method has 
the lowest computation time at under 0.032 seconds for the 
sparse case, 0.084 for moderate case and 0.17 for the dense 
case.  The DSC computation time is then followed by the 
Baseline 1 (distortion) methodology at about 2 seconds.  
The Baseline 2 (single viewpoint spherical) methodology 
had a computation time at 12 to 54 seconds.  Finally, the 
Baseline 3 (generic) computation time was 933 seconds. 

 Table VII shows the average RCA for all four methods 
and data sets.  Baseline 2 had the most consistency between 
data sets.  The differences in RCA were not sufficient to 
influence the final f (RCA, ϵd, t) result.  

TABLE VII:   RATIO CALIBRATED TO ACTUAL(RCA) COMPARISON 
RCA sparse moderate dense 
DSC 1.1278 0.9783 0.97086 
Baseline 1 
(distortion) 

2.0285 0.98198 0.9855 

Baseline 2 
(single 
viewpoint 
spherical) 

1.1142 0.976033 0.9762 

Baseline 3 

(generic) 

2.7058 1.05831 Failed 

|RCA-1|| sparse moderate dense 

DSC 0.089742 0.05147 0.0541 

Baseline 1 

(distortion) 

1,0285 0.047553 0.0532 

Baseline 2 

(single 

viewpoint 

spherical) 

0.1465 0.05083 0.0535 

Baseline 3 

(generic) 

1.7058 0.19132 Failed 

Fig. 19: Comparison ratio of calibrated to actual (RCA) for DSC method 

compared to the three Baseline methodologies for the moderate data set. 

Fig.20. A comparison plot of the error for the three data sets; sparse, 
moderate, and dense with 10, 25, and 47 images respectively. The plot 
compares the average error of the four methods with DSC being near 
zero, Baseline 1 (distortion) and 2 (single viewpoint spherical) on the 
order of one to two pixels. Baseline 3 (generic) between 14 and 16 pixels 
for sparse and moderate datasets   However, the Baseline 3 method did 
not work for the Dense data set and did not converge. 
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 Fig. 21 shows the plot of the Pareto Optimization for the 
fitness function (12) for the four methods and the three data 
sets.  The plot results are summarized in Table VIII and it 
can be seen from the plot that the DSC method has the best 
results for the fitness function followed by Baseline 1, and 
2 with Baseline 3 being the least fit.  Table VIII results 
show that f (RCA, ϵ, t) was lowest for the DSC moderate 

data set.  Under this image set, the Pareto-optimization 
provided a better RCA match, but the sparse case had the 
lowest error.  This resulted in the overall lowest value for f 
(RCA, ϵ, t).  Thus the moderate data set is optimum for 
calibration in this case. 

IV. CONCLUSION 

We developed a Direct Spherical Calibration (DSC) 
methodology which used the four corners of the calibration 
board to find the center of the calibration board, and then 
used the direct spherical coordinates of the center of the 
calibration board as the re-projection points matrix was 
used to iteratively find the calibration parameters.  Of the 
four methods evaluated, the DSC method had the least 
time, a simpler corner extraction methodology, more 
reliable calibration board coordinate capture, and sub pixel 
accuracy compared to the other three Baseline 
methodologies.   Due to the robustness and the 
simplification of the DSC, it was demonstrated that it is not 
necessary to use the more complex methods.  We did not 
investigate the scaling of this approach to other sensors, but 
it should be theoretically possible. 

When using the DSC methodology, it was found that the 
lowest error could be found with the sparse data set.  Both 
the moderate and dense data sets had outliers caused by the 
occlusion of some of the grid points and poor IR edge 
quality.  The advantage of the larger data sets would be the 

ability to throw out outliers and possibly achieve better 
performance as shown in the Pareto optimization analysis.  
However, the DSC with moderate data set had the overall 
optimum performance. 

The elimination of outliers was not explored in this 
research.  The results from this calibration implementation 
will be applied in our follow on research utilizing the 
omnidirectional IR and visual cameras.  This calibration 
approach is required as a foundation for our further 
research into the application of these sensors for the 
measurement of scene material visual properties through 
the fusion of the O-D IR and visual streams, and ultimately 
to the use of a convolution neural network deep learning 
approach to a semantic scene reconstruction model.  
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