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Abstract

Camera models play a crucial role in robot vision applications. Yet their
diversity poses a challenge when working with data captured with cameras
calibrated using different models. In this paper, we address this issue by
introducing a mathematical framework that enables conversion between var-
ious camera projection models. This approach allows algorithms designed for
a specific model to process data from cameras calibrated with other models,
eliminating the need for recalibration and enabling the reuse of pre-existing
datasets that do not provide access to calibration images.

We present the general conversion method for state-of-the-art camera
models that we derive for three new camera model conversions, covering var-
ious camera types, including fisheye and catadioptric systems. Quantitative
evaluation is conducted with respect to well-known calibration methods. We
compare our method on image undistortion, as well as in practical appli-
cations such as SLAM, visual servoing, and visual odometry. The results
demonstrate that our conversion approach achieves performances compara-
ble to calibration without the need for explicit calibration.

This work contributes to a more flexible and adaptive use of cameras in
robot applications. The proposed camera model conversion framework is im-
plemented in the open-source libPeR library, available at:
https://github.com/PerceptionRobotique/libPeR_base.

∗Corresponding author: Eva Goichon, email: eva.goichon@outlook.fr
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Acronyms

AKDK Azure Kinect DK

APE Absolute Pose Error

CAHV Center Axis Horizontal Vertical vectors

CAHVOR Center Axis Horizontal Vertical Optical Radial vectors

CP2OF Cartesian Polynomial to OpenCV’s Fisheye model conversion

CPM Cartesian Polynomial Model

DVS Direct Visual Servoing

EF2UC Equidistant Fisheye to Unified Central model conversion

EFM Equidistant Fisheye Model

FoV Field of View
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GT Ground Truth

IR Infrared

OCamCalib Omnidirectional Camera Calibration toolbox

OFM OpenCV’s Fisheye Model

PM Polynomial radial distortion Model

RANSAC Random Sample Consensus

RGB Red Blue Green

RP2OF Rational Polynomial radial distortion to OpenCV’s Fisheye model
conversion

RP2P Rational Polynomial radial distortion to Polynomial radial distortion
model conversion

RPE Relative Pose Error

RPM Rational Polynomial radial distortion Model

SLAM Simultaneous Localization And Mapping

SSIM Structural Similarity Index Measure

SVO Semi-direct Visual Odometry

UC2CP Unified Central to Cartesian Polynomial model conversion

UCM Unified Central Model

1. INTRODUCTION

When performing geometric calculations from images, it is crucial to
adopt projection models that accurately describe the image formation pro-
cess captured by the camera [1]. In recent years, unconventional cameras
have gained growing popularity due to their enhanced capabilities, particu-
larly their extended Field of View (FoV). Among these, wide-angle, fisheye,
and omnidirectional cameras offer a FoV far superior to that of pinhole cam-
eras [2].
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These cameras are increasingly used in various computer vision applica-
tions, including localization tasks (visual odometry [3], SLAM [4]), as well as
vision-based control (visual servoing [5]). However, each algorithm tailored
for one of the latter tasks relies on a specific camera model, which may differ
from the one used for camera calibration, for instance done accurately at
the factory. Such incompatibility poses a major challenge for the seamless
integration of these cameras into robotic systems without requiring strong
expertise in various and unconventional camera recalibration methods.

For unconventional cameras, such as fisheye panoramic cameras [6] or
catadioptric systems combining image sensors with curved mirrors [7], several
different models have been proposed [8] to overcome the limits of perspective
and Polynomial radial distortion Model (PM) or Rational Polynomial radial
distortion Model (RPM) distortion models. These models aim to address
the singularities of the classical pinhole model due to their very wide FoV,
often exceeding 180 degrees, making the pinhole model inadequate. Among
the most common models for fisheye cameras are the seminal equidistant and
equisolid models [6], as well as more general formulations like the polynomial
angular model of Kannala and Brandt [9].

One also finds the Center Axis Horizontal Vertical Optical Radial vectors
(CAHVOR) model [10], an extension of the pinhole model, primarily used
in the space industry for wide-angle lenses. It accounts for both geometric
and optical distortions but is generally not suited for hyper fisheye cam-
eras, which have a FoV exceeding 180°, or omnidirectional cameras. While
widely adopted in the space sector, particularly in planetary surface map-
ping applications, this model is however not employed in robotics contrary
to OpenCV’s Fisheye Model (OFM) that ships with the famous open source
OpenCV library [11]. It is also an extension of the pinhole model but inspired
of the angular polynomial model of Kannala and Brandt [9] to model the ra-
dial distortions missed by the former. The OFM, is commonly employed to
model fisheye images in robot vision software integrating OpenCV but due to
the pinhole projection involved, it fails to model accurately cameras of FoV
close or beyond 180°, such as catadioptric systems. These systems require
specific calibration techniques adapted to the geometry of the reflecting mir-
ror. For example, calibration can be performed using models dedicated to
the mirror shape, such as the ad hoc parabolic model [12], or by employing
the Unified Central Model (UCM) for camera-mirror systems that feature a
single viewpoint [13, 14].
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When the mirror shape or the camera-mirror alignment is imperfect, the
UCM extends by incorporating the same classical polynomial radial distor-
tion models used for pinhole cameras [2]. However, this approach relies on
a two-step modeling process leading to a large number of parameters with
redundancies. To overcome this limitation and inspired by the polynomial
angular model designed for fisheye cameras, the Cartesian Polynomial Model
(CPM) was introduced to simultaneously account for mirror geometry and
distortions [15]. This model can also describe certain fisheye cameras [16].

Thus, the landscape of projection models is vast and diverse.
In practice, it is often necessary to recalibrate a camera to adopt the

model required by a given robot vision algorithm. Recalibration is not only
time-consuming but can also be less accurate than the factory calibration
performed by the manufacturer with high-grade calibration objects and pro-
cedures. Moreover, in certain situations, such as when calibration images are
unavailable in a dataset, classical calibration becomes impossible.

To overcome these constraints, we propose a linear computation method
that converts models, which can be non-linear. The parameters of input
models are derived from calibration or manufacturer specifications. Our con-
version computes the parameters of the output model required by the target
algorithm, without requiring calibration images. Even though the idea of
converting between camera models was introduced for converting the pa-
rameters of the CAHVOR model to those of the perspective projection with
polynomial distortions in [10], it was only for equivalent models allowing to
directly express the output parameters only from those of the input model. In
this work, we instead leverage [17] that paved the way to develop conversions
between models that are not equivalent (RPM to PM, Equidistant Fisheye
Model (EFM) to UCM and UCM to CPM), thus with the impossibility to
express the intrinsic parameters of the output camera model only from those
of the input model. [18] is another approach to convert between camera mod-
els concentrating on fisheye cameras. The conversion is solved by non-linear
optimization using inverse projection functions of an input model applied
to a set of generated points and forward projection functions of the output
model among UCM, CPM, PM, Enhanced UCM [19], Double Sphere [20],
polynomial angular model [9]. The initial guesses are a mix of manually fixed
intrinsic parameters and computed ones using similar ideas than [17].
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Compared to prior works [17] and [18], this new article provides the fol-
lowing contributions:

• a generalization of the camera model conversion methods explored
in [17] that can handle input and output models that are not equivalent;

• two entirely new camera model conversions to the OpenCV Fisheye
Model from the Rational Polynomial distortions model and from the
Cartesian Polynomial Model;

• a thorough evaluation of four conversion processes themselves with both
the approximation error and undistortion quality criteria;

• new applications to visual servoing, visual odometry and more appli-
cations to SLAM.

The validation of our theoretical developments on real camera data for several
visual tasks in robotics demonstrate their effectiveness in practical scenarios.

The rest of the paper is organized as follows. Section 2 presents the
related work on camera models and model conversion in the state-of-the-
art. Section 3 details the general framework and the various camera model
conversions considered in this work. Section 4 reports the evaluation protocol
and the results obtained for four model conversions. Then, Section 5 explores
the application of these conversions in different visual algorithms, such as
visual servoing, visual odometry, and fisheye SLAM, for robot arm and mobile
robot, before discussing the limitations (Sec. 6) and conclusion (Sec. 7).

2. Related Work

This section reviews the camera models (Sec. 2.1) used in existing camera
model conversions methods that are recalled in Section 2.2. Section 2.1 also
recalls the OFM that is used for the first time in a linear conversion in this
article (Sec. 3).

2.1. Camera Models
2.1.1. Pinhole model

The pinhole model [8] is an ideal camera model based on perspective
projection, where a 3D point X = (X, Y, Z)⊤ ∈ R3 in the camera frame is
projected onto the normalized image plane using:

x =
X

Z
and y =

Y

Z
, (1)
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where x = (x, y)⊤ ∈ R2 are the normalized image coordinates of the projected
point. Then, the pixel coordinates (u, v)⊤ ∈ R2 are obtained after a scale
change involving the camera focal length f ∈ R+ and the actual pixel size on
the sensor (width Ku ∈ R+ and height Kv ∈ R+) and a coordinate system
shift using the principal point coordinates in pixels (u0, v0)

⊤ ∈ R2:

u =
f

Ku

x+ u0 and v =
f

Kv

y + v0. (2)

The pinhole model assumes a perfect, distortion-free projection and serves
as the foundation for many camera models. However, real cameras exhibit
optical distortions that the pinhole model does not account for. To address
this, models introduce distortion parameters to better represent real lens
characteristics by applying a correction between the projected coordinates
and the source 3D point line-of-sight.

2.1.2. CAHVOR model
Among the camera models employed in model conversions, the CAHVOR

model [10] used in the machine vision community extends the distortion-free
Center Axis Horizontal Vertical vectors (CAHV) framework [21], leveraging
the same perspective relationships than (1) but expressing 3D coordinates
in the world frame from 2D coordinates in the digital image plane, by in-
corporating radial and tangential distortion terms. This model defines the
camera geometry using six vectors: C,A,H,V,O,R, each one belonging to
R3, where C, is the camera center, A is the optical axis direction, H and V
are the image plane basis vectors, O is the offset vector, and R is the radial
distortion vector. Unlike the pinhole model, CAHVOR accounts for lens dis-
tortions by introducing the radial distortion coefficients R = (r0, r1, r2)

⊤ of
a second-order polynomial, where r0 represents the primary radial distortion
term, while r1 and r2 introduce higher-order terms. Rewritten in the 3D
camera coordinate system, CAHVOR’s distortion model expresses 3D point
X from the 3D point Xd = (Xd, Yd, Zd)

⊤ ∈ R3 computed from point coor-
dinates ud = (ud, vd)

⊤ in the digital image plane suffering distortions, using
the inverse of (2) and (1) (Zd known), as:

X = Xd +

(
r0 + r1

(
X2

d + Y 2
d

Z2
d

)2

+ r2

(
X2

d + Y 2
d

Z2
d

)4
)
[Xd, Yd, 0]

⊤. (3)
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2.1.3. Photogrammetric model
On the other hand, the photogrammetric model [22], widely used in aerial

and terrestrial imaging, describes the imaging process with (1) but with a
polynomial radial distortion term with coefficients kG0 , kG1 , kG2 , each one be-
longing to R. Unlike CAHVOR, it directly expresses distortion corrections to
digital image plane coordinates ud, using u′

d = (u′d, v
′
d)

⊤ = (ud−u0, vd− v0)
⊤

and ρxmd
=
√

(Kuu′d)
2 + (Kvv′d)

2 (xmd
for the coordinates of a point in the

distorted metric image plane as in [10]), to express undistorted coordinates:

u = ud +
kG0ρxmd

+ kG1ρ
3
xmd

+ kG2ρ
5
xmd

ρxmd

u′
d. (4)

2.1.4. RPM: Rational Polynomial Model
CAHVOR and photogrammetric model formulations ensure accurate mod-

eling for cameras with moderate FoV, typically up to 100◦, beyond which
more advanced radial distortion models, such as RPM [23], are required.

The RPM [23] considers distortions applied to a 2D point x of norm
ρx =

√
x2 + y2 in the normalized image plane, to obtain its distorted

counterpart xR = (xR, yR)
⊤ ∈ R2:{

xR = dR(ρx)x+ 2p1xy + p2(ρ
2
x + 2x2)

yR = dR(ρx)y + p1(ρ
2
x + 2y2) + 2p2xy

. (5)

The radial distortion coefficient dR(ρx) ∈ R in (5) is represented as a polyno-
mial in terms of ρx, extending the distortion models to a rational polynomial
form:

dR(ρx) =
1 + kR1ρ

2
x + kR2ρ

4
x + · · ·+ kRN′

R

ρ
2N ′

R
x

1 + kRN′
R

+1
ρ2x + kRN′

R
+2
ρ4x + . . . kR2N′

R

ρ
2N ′

R
x

,

with N ′
R ∈ N being the number of first terms of each polynomial (in practice,

N ′
R is often equal to 3, that we follow in this article). The expression for xR

in (5) also involves tangential distortion parameters p1 ∈ R and p2 ∈ R. One
gets the digital image plan coordinates uR = (uR, vR)

⊤ ∈ R2 with the
principal point and scale factors βu ∈ R+ \ {0} and βv ∈ R+ \ {0}:{

uR = βuxR + u0
vR = βvyR + v0

. (6)
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2.1.5. EFM: Equidistant Fisheye model
For fisheye cameras closer and around FoV of 180°, the EFM [6] con-

siders an ideal constant angular increment per pixel, which is particularly
useful for panoramic imaging and robotic vision [9]. This model assumes
symmetric radial distortions in the image and implements a regular radial
resolution of polar angle ϕ ∈ R, between the 3D point X and the cam-
era optical axis Zc ∈ R3. Writing Ψ ∈ R the azimuth angle and setting
ρX =

√
X2 + Y 2 + Z2, these angles can be expressed from Cartesian coor-

dinates ϕ = arccos(Z/ρX) and Ψ = arctan(Y/X). This model maps
the azimuth and elevation angles to normalized image plane coordinates by:
xE = ϕ cos(Ψ) and yE = ϕ sin(Ψ). With f ∈ R+ \ {0} the focal length
of the fisheye lens and n ∈ R+ the pixel pitch (square pixels assumed), the
point uE = [uE, vE]

⊤ ∈ R2 coordinates in the digital image are:

uE =
f

n
xE + u0 and vE =

f

n
yE + v0. (7)

2.1.6. OFM: OpenCV’s Fisheye Model
For the fisheye lenses not really implementing the EFM, OFM is specifi-

cally designed to handle the radial distortion pattern typical of fisheye lenses.
In this model, the coordinates (uF , vF ) in the digital image plane are obtained
by scaling the distorted coordinates (xF , yF ) with the magnification factors
fx ∈ R \ {0} and fy ∈ R \ {0}, then offset by the principal point (u0, v0):{

uF = fxxF + u0
vF = fyyF + v0

. (8)

The distorted coordinates (xF , yF ) are derived from the pinhole normalized
image plane coordinates x by introducing a radial factor dF (θ) that accounts
for the fisheye distortion. Recalling ρx is the norm of x, the distorted coor-
dinates are then given with:

θ = arctan(ρx),

by: xF = dF (θ)
ρx

x

yF = dF (θ)
ρx

y
, (9)

where dF (θ) is expressed with distortion coefficients kFj
∈ R, j ∈ {1, 2, 3, 4}

that are specific to the fisheye lens calibration as:

dF (θ) = θ + kF1θ
3 + kF2θ

5 + · · ·+ kFN′
F

θ2N
′
F+1,
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with N ′
F ∈ N being the number of first terms of the polynomial (in practice,

N ′
F rarely exceeds 4).

2.1.7. CPM: Cartesian Polynomial Model
Alternatively, the CPM [15] was designed for fisheye and catadioptric lens

to simultaneously account for both mirror geometry and optical distortions.
It models the line of sight from digital image plane coordinates uC ∈ R2

centered at the principal point uC
′ = uC − [u0, v0]

⊤ to the 3D point X
(which norm writes ρX) and with ρC = ||uC

′|| as:

ρX[u
′
C , v

′
C , dC(ρC)] = X, (10)

where the radial distortion is modeled by the fourth order polynomial func-
tion defined like:

dC(ρC) = kC0 + kC2ρ
2
C + kC3ρ

3
C + · · ·+ kCN′

C

ρ
N ′

C
C , (11)

with N ′
C ∈ N being the number of first terms of the polynomial, ignoring the

term in ρC (in practice, N ′
C is often in the range from 2 to 4).

2.1.8. UCM: Unified Central Model
However, for certain fisheye lenses and mirror shapes, fewer parameters

are required, as demonstrated by the UCM [13][14] for single-viewpoint cam-
eras. Considering intrinsic parameters αu ∈ R \ {0}, αv ∈ R \ {0} as the
generalized focal length, u0 ∈ R, v0 ∈ R as the principal point coordinates
and ξ ∈ R a parameter associated to the lens (or mirror shape), the UCM
projects a 3D point X to a digital image point uU = [uU , vU ]

⊤ ∈ R2 with
three steps. First, X is projected as XS = [XS, YS, ZS]

⊤ ∈ R3 on a unit
sphere (||XS|| = 1) centered at the camera origin such that:

XS =
X

ρX
, YS =

Y

ρX
and ZS =

Z

ρX
. (12)

Second, XS is projected as xU = [xU , yU ]
⊤ ∈ R2 on the normalized image

plane thanks to a second projection center distant of ξ from the sphere center
as xU = XS/(ZS + ξ) and yU = YS/(ZS + ξ). Third, x is transformed to
the digital image plane as uU with:

uU = αuxU + u0 and vU = αvyU + v0. (13)
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Table 1 summarizes the notations for the camera models UCM, EFM, CPM,
RPM, and OFM.

Table 1: Summary of the notations for the various camera models considered in this article.
From the left to right column: Model shows acronyms of the camera models and between
parentheses the article section to find their details; ρ specifies the way a distance ρ found
in every model but computed differently or from different inputs is noted; Parameters
lists the intrinsic parameters per model; x, y shows the way to note point coordinates
expressed in the normalized image plane per model; u, v is the equivalent but in the
digital image plane; d shows the various ways to note the radial distorsion factor, when
existing, per model.

Model ρ Parameters x, y u, v d

RPM (2.1.4) ρx βu, βv, kR1 , kR2 , . . . , p1, p2 xR, yR uR, vR dR(ρx)
CPM (2.1.7) ρC kC0 , kC2 , . . . (kC1 = 0) xC , yC uC , vC dC(ρC)
OFM (2.1.6) ρx fx, fy, kF1 , kF2 , . . . xF , yF uF , vF dF (θ)
UCM (2.1.8) ρU αu, αv, ξ xU , yU uU , vU −
EFM (2.1.5) ρE f , n xE, yE uE, vE −

2.2. Conversion Between Camera Models
The conversion between different camera projection models remains a

relatively underexplored area of research.
One of the pioneering contributions in this field focused on remote sens-

ing applications [10], proposing a method to convert the CAHVOR model
(Sec. 2.1) into the photogrammetric model [22]. This conversion consists of
expressing CAHVOR’s parameters in the target model’s formalism. Specif-
ically, the focal length f is derived from the horizontal and vertical compo-
nents of vectors H and V, while the principal point (u0, v0) is obtained from
their respective coordinates. For the distortion models, one may note the
similar models in (3) and (4) from which, after few manipulations, [10] could
identify the distortion coefficients kGj

of the photogrammetric model with
those of the CAHVOR model as:

kG0 = r0, kG1 =
r1
f 2

and kG2 =
r2
f 4
. (14)

This identification is possible because the radial distortion models in CAHVOR
and the photogrammetric model are equivalent, despite the latter is applied
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to images coordinates whereas the former is applied to 3D coordinates, al-
lowing for a direct conversion of all their parameters.

When two camera models are not equivalent, converting one to the other
cannot be done with direct identification of the parameters. This is the case
of camera models used in a broad range of robotic applications. Recent re-
search [17] has thus elaborated new projection model conversions as linear
conversion systems involving virtual point coordinates for several projection
and distortion models: Equidistant Fisheye to Unified Central model con-
version (EF2UC), Unified Central to Cartesian Polynomial model conversion
(UC2CP), and Rational Polynomial radial distortion to Polynomial radial
distortion model conversion (RP2P). Since, building on this foundation, the
present work further explores the use of the former two in visual servoing
and visual odometry (Sec. 5), we begin by recalling the details of EF2UC
and UC2CP.

EF2UC focuses on coordinates along the horizontal axis (Ψ = 0), exploit-
ing the radial nature of both EFM and UCM. UCM’s intrinsics αu and ξ are
obtained by solving: 

...
...

sinc(ϕi)
f/n

−1
...

...

[αu

ξ

]
=


...

cos(ϕi)
...

 , (15)

where the ϕi, i ∈ [1, N ] are N ∈ N polar angles sampling the camera FoV
(with a 1-degree step according to [17]). Given a set of points

[
XSi

, YSi
, ZSi

]⊤,
Equation (15) forms an overdetermined linear system when more than two
points are available. It is solved using the matrix inverse for the minimal
set of points, or the pseudo-inverse for larger sets, ensuring robustness in the
estimation of the polynomial coefficients in the least-squares sense.

CPM is also a radial model so UC2CP is obtained by simplifying (10) with
Y = 0 again and substituting u′C with the expression of u′U = uU − u0 (12),
leading to the following linear matricial equation:

...
...

1
(
αu

XSi

ZSi
+ξ

)2
...

...


[
kC0

kC2

]
=


...

αu
ZSi

ZSi
+ξ

...

 . (16)

That allows to solve for the parameters of the CPM at order 2. The coordi-
nates XSi

and ZSi
are computed for each ϕi based on the polar to Cartesian
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coordinates conversion:

XSi
= sin(ϕi) and ZSi

= cos(ϕi). (17)

As for the previous conversion it is solved using the matrix inverse for the
minimal set of points, or the matrix pseudo-inverse for more points.

Inspired by the approaches reported in (15) and (16), the next Section 3
generalizes them and develops new conversions of camera models, carefully
evaluated in Section 4 and applied to various robotic vision tasks in Section 5.

3. CONVERSIONS

This section generalizes the conversion methods of [17] to compute pa-
rameters of one non-linear camera model into another (Sec. 3.1) by solving
a linear system inspired by (15) and (16). This conversion method is then
developed for new conversions as, first, Cartesian Polynomial to OpenCV’s
Fisheye model conversion (CP2OF) (Sec. 3.4.1) to compute OFM’s param-
eters (Sec. 2.1), from the CPM’s ones. Second, we develop the Rational
Polynomial radial distortion (Sec. 2.1) to OpenCV’s Fisheye model conver-
sion (RP2OF) in Section 3.4.2.

3.1. General camera models conversion method
This section describes the general approach for computing the parame-

ters of a given non-linear camera model into another target model without
requiring a new calibration stage.

First of all, not all conversions would make sense. For instance, con-
verting the CPM accurately describing a given camera which FoV exceeds
180 degrees to the pinhole model would obviously lead to very large modeling
errors. Hence, we develop the conversion method for which pixel coordinates
of the observation of a 3D point remain approximately identical between the
two models, despite the latter are not equivalent. Considering each model
characterized by the parameter sets µ and γ, with respectively Nµ ∈ N and
Nγ ∈ N parameters (µ and γ among U,E,C,R and F at least, Tab. 1), we
have thus, ideally:

(uµ, vµ)
⊤ = (uγ, vγ)

⊤. (18)

After that, the parameters of the output model are structured in a linear
matrix equation:

D · γ = b, (19)
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where D ∈ RN×Nγ is a coefficient matrix, γ ∈ RNγ is the vector of target
model parameters to be estimated, and b ∈ RN is a vector depending on
points coordinates or their lines of sight. Here, Nγ represents the number of
parameters in the output model, while N is the number of points defined to
compute the elements of D and b.

To define the latter points, we generalize the method of [17] to compute
points that are not necessarily on the horizontal axis of the camera coordinate
system (ψ in Sec. 2.1.5 not always equal to zero, contrary to the EF2UC
conversion and the following ones reported in Sec. 2.2) in order to deal with
camera model conversions that are not only radial. Hence, the N points are
defined from a discrete set of lines of sight spanning the camera FoV which
angle is noted ω ∈ [0, 2π] on one axis in the camera coordinate system that is
a rotation of angle δ ∈ [−π, π] of the camera horizontal axis Xc around the
camera optical axis Zc. Thus, considering polar angles ϕi ∈ Ω ⊂ [−ω/2, ω/2],
the points are expressed in 3D in the camera coordinate system as:

Xi = cos(δ) sin(ϕi) , Yi = sin(δ) sin(ϕi) and Zi = cos(ϕi). (20)

Then, considering an angular step ∆ ∈ R+\{0}, we define the
set Ω = {−ω

2
,−ω

2
+ ∆, . . . , ω

2
− ∆, ω

2
} \ {0}. In this work, we adopt the

configuration (∆ = 1◦, δ = 0), following the protocol introduced in [17].
This setting is used for all conversions in the paper, unless explicitly stated
otherwise.

To solve (19), we use the matrix inverse if N = Nγ and D is full-rank.
When N > Nγ, we compute the Moore-Penrose pseudo-inverse, denoted D†:

γ = D†b. (21)

The pseudo-inverse provides a least-squares estimation of γ in the overde-
termined case. This method generalizes the specific conversions EF2UC,
UC2CP and RP2P introduced in [17].

To evaluate the geometric error made in such conversion, we compute the
approximation errors thanks to the 3D points defined for the conversion (20)
using the Euclidean distance between their projections (uµi

, vµi
)⊤ in the im-

age plane (18) with the source model µ and those (ûγi , v̂γi)
⊤ with the output

model γ (the ·̂ denoting the projection of 3D point (Xi, Yi, Zi)
⊤ (20) thanks to

the converted parameters). Thus, the approximation error vector Eγ ∈ RN
+

14



is defined as follows:

Eγ =

 . . .√
(uµi

− ûγi)
2 + (vµi

− v̂γi)
2

. . .

 , (22)

and the average approximation error eγ ∈ R+ is:

eγ =
1

N

∑
i∈[1,2,...,N ]

√
(uµi

− ûγi)
2 + (vµi

− v̂γi)
2. (23)

Finally, since to solve (21) we need the full rank of the system, in Sec-
tion 3.2.1, we develop the linear independence study for the EF2UC in ad-
dition to developing an estimation of the converted intrinsic parameters’
uncertainty. Then, we generalize UC2CP to polynomials of any degree for
the source UCM. After that, Section 3.4, will thoroughly develop this general
method to two completely new conversions to the OFM.

3.2. Linear independence in EF2UC and converted intrinsic parameters un-
certainty

3.2.1. Linear independence in EF2UC
To analyze under which conditions the EF2UC camera conversion is solv-

able, a minimum of two rows in (15) must be linearly independent since there
are two unknowns in the linear matrix equation (15). So, one must express
the conditions under which there exist two different vectors:

Vi =

[
sinc(ϕi)

n

f
,−1,− cos(ϕi)

]
and Vj =

[
sinc(ϕj)

n

f
,−1,− cos(ϕj)

]
,

(24)
such that we cannot find any real a ∈ R leading to:

Vj − aVi = 0, (25)

where we identify easily a = 1 implying that sinc(ϕj)n/f = sinc(ϕi)n/f and
cos(ϕj) = cos(ϕi). Since polar angle ϕi ̸= ϕj, the two previous equations in
sinc and cos, that are even functions, are only true for ϕj = −ϕi.

So, for EF2UC, generating the point set for the conversion must follow,
for a minimum of one pair of polar angles: |ϕj| ≠ |ϕi|.

This theoretical result confirms that generating a point per degree sam-
pling the whole FoV (except ϕ ̸= 0) to solve for the EF2UC conversion [17]
ensures linear independence of the minimum (or more) rows in (15).
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3.2.2. EF2UC converted intrinsic parameters uncertainty
Among priors works on camera calibration, [2] shipped with an Om-

nidirectional Calibration Toolbox for Matlab, provided a way to compute
the calibration uncertainty of UCM’s intrinsic parameters. In a few words,
they considered the standard deviation of point reprojection errors (from Eu-
clidean distances between chessboard detected corners and the projection of
their theoretical coordinates to the digital image plane using the calibrated
parameters) to be propagated to the intrinsic (and possibly extrinsic) param-
eters.

In our case, we can propagate to the converted intrinsic parameters the
standard deviation σU ∈ R+ of the elements in the conversion approximation
error vector (22). Following [2] that leveraged the Jacobian of UCM’s projec-
tion function but focusing on the parameters of the EF2UC conversion (15),
i.e. αu and ξ, we need to compute the following matrix (using our notations
and only for the horizontal coordinate in the image):

J =
∑

i∈[1,2,...,N ]

[
∂ûUi

∂αu

∂ûUi

∂ξ

]⊤ [
∂ûUi

∂αu

∂ûUi

∂ξ

]
, (26)

for which the ûUi
are those point coordinates computed from the polar angles

ϕi (defined for the conversion) using the converted parameters. And then,
the uncertainties σ̂αu on αu and σ̂ξ on ξ are obtained following the same
seminal work as follows:[

σ̂αu σ̂ξ
]
=
√
diag(J−1)σU , (27)

where the diag(·) operator extracts the diagonal of a matrix as a row vector
on the elements of which the

√
· operator is applied. [2] then highlights

the uncertainties on intrinsic parameters with three times their estimated
standard deviation, i.e. in our case 3σ̂αu and 3σ̂ξ.

3.3. Conversion of the UCM to the Cartesian Polynomial Model of any order
(generalized UC2CP)

3.3.1. Generalization of UC2CP
The original UC2CP in matrix equation (16) is a rewriting of the CPM of

order 2, fed with point coordinates expressed with the UCM [17]. To consider
higher order terms for the CPM in the UC2CP conversion, we use (11) for
extending the equation (23) of [17] to:

kC0 + |u′U |2kC2 + · · ·+ |u′U |N
′
CkCN′

C

= αu
ZS

ZS+ξ ,
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leading to:
...

...
...

...

1
(
αu

XSi

ZSi
+ξ

)2
. . .

(
αu

XSi

ZSi
+ξ

)N ′
C

...
...

...
...



kC0

kC2

...
kCN′

C

 =


...

αu
ZSi

ZSi
+ξ

...

 , (28)

instead of (16), that can be solved with the matrix inverse or pseudo-inverse
if N > N ′

C and where coordinates XSi
and ZSi

are computed as described
in (17).

3.3.2. Linear independence in solving for UC2CP
To ensure there is at least the minimum number of independent rows

in (28) to solve the UC2CP conversion, we develop the case of N ′
C = 2 (for

conciseness) to express the conditions under which there exist two different
vectors, noting Zξi = ZSi

+ ξ and Zξj = ZSj
+ ξ:

Vi =

[
1,

(
αu
XSi

Zξi

)2

,−αu
ZSi

Zξi

]
and Vj =

[
1,

(
αu

XSj

Zξj

)2

,−αu

ZSj

Zξj

]
, (29)

hence ZSi
̸= −ξ, ∀i, such that we cannot find any real a ∈ R leading to

verify (25). Substituting (29) in (25), we identify easily a = −1 implying
that XSi

= 0 and ZSj
= ZSi

.
So, for UC2CP with N ′

C = 2, generating the point set for the conversion
must follow XSi

̸= 0 and ZSi
̸= −ξ, ∀i and for a minimum of one pair of

points ZSj
̸= ZSi

.
This theoretical result confirms that generating a point per degree sam-

pling the whole FoV (except XSi
= 0 and ZSi

= −ξ) to solve for the UC2CP
conversion with N ′

C = 2 [17] ensures linear independence of the minimum (or
more) rows in (28). The conditions for cases where N ′

C > 2 are left to the
reader.

3.4. Conversions to OFM
In this section, we develop two new conversions to the OFM: in Sec-

tion 3.4.1, the conversion from the CPM to the OFM and in Section 3.4.2,
the conversion from the RPM to the OFM.
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3.4.1. Cartesian Polynomial to OpenCV’s Fisheye model conversion (CP2OF)
Since both CPM and OFM are radial, the conversion can be derived with

Y = 0, thus ρx in (9) simplifies to:

ρx =
√
x2 = |x|. (30)

Furthermore, setting u′F = uF − u0 simplifies the OFM (8) to:

u′F = fxxF = fx
dF (θx)

ρx
x, (31)

with:
θx = arctan (ρx) ≥ 0. (32)

For the conversion between CPM and OFM, they should yield the same image
coordinates for the same 3D point to ensure consistency across models, thus
we impose that uC = uF . From the latter equality the principal point
coordinates are directly identified, so the condition simplifies to u′C = u′F ,
allowing us to rewrite (31) as:

u′C = fx
x

|x|
(θx + kF1θ

3
x + kF2θ

5
x + · · ·+ kFN′

F

θ
2N ′

F+1
x ). (33)

Setting f ′
x = 1

fx
and rearranging the terms, we obtain:

−u′C
|x|
x
f ′
x + θ3xkF1 + θ5xkF2 + · · ·+ kFN′

F

θ
2N ′

F+1
x = −θx. (34)

We rewrite the above equation with matrices for i ∈ [1, N ] ⊂ N as:


...

...
...

...
...

−u′Ci

|xi|
xi

θ3xi
θ5xi

. . . θ
2N ′

F+1
xi

...
...

...
...

...



f ′
x

kF1

kF2

...
kFN′

F

 =


...

−θxi

...

 , (35)

which can be solved with the matricial inverse, or pseudo-inverse if
N > N ′

F +1. In (35), the xi coordinates are computed from Xi and Zi as de-
fined in (20) (Yi = 0), substituted in the perspective projection equations (1).
However, contrary to all the other conversions, the generation of the set Ω
of line-of-sight polar angles ϕi is different. This is due to the fact that the
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CPM is an inverse model, unprojecting digital image plane coordinates to 3D
lines of sight (10). Indeed, contrary to generating Ω from a regular angular
sampling of the camera field-of-view, the CP2OF conversion samples first the
image plane on the horizontal line of widthW ∈ N around the principal point,
i.e. input coordinates u′Ci

∈ U = [−W/2,−W/2+1, . . . ,W/2− 1,W/2] ⊂ Z,
leading to:

ρXi
= 1

Xi = u′Ci

Zi = kC0 + kC2|u′Ci
|2 + kC3 |u′Ci

|3 + · · ·+ kCN′
C

|u′Ci
|N ′

C

xi = Xi

Zi

ϕi = arctan(xi).

(36)

In (36), the expression of ϕi is only relevant for the theoretical expression of
Ω (Sec. 3.1) for the CP2OF conversion because xi that is used in all terms
of (35) (except u′Ci

) is already expressed. Nonetheless, as a side fact, Ω is
hence not regularly sampling the camera FoV for CP2OF.

Then, to analyze under which conditions the CP2OF conversion is solv-
able, a minimum of N ′

F + 1 rows in (35) must be linearly independent since
there are N ′

F + 1 unknowns in the linear matrix equation (35). Focusing on
the case of N ′

F = 1 for the sake of conciseness, one must hence express the
conditions under which there exist two different vectors, i.e. u′Ci

̸= u′Cj
:

Vi =

[
−u′Ci

|xi|
xi
, θ3xi

, θxi

]
and Vj =

[
−u′Cj

|xj|
xj

, θ3xj
, θxj

]
, (37)

hence coordinate xi ̸= xj ̸= 0, such that we cannot find any real a ∈ R\{0}
leading to verify (25). Substituting (37) in (25), we identify easily that:

a = θxj
/θxi

, (38)

which is possible since xi ̸= 0 ⇒ θxi
̸= 0 (see (32)), implying that:

θ3xj
−
θxj

θxi

θ3xi
= 0

⇔ θxj
(θ2xj

− θ2xi
) = 0. (39)

Since θxj
̸= 0 ⇒ θxi

̸= 0 (see (32)), and the other term rewrites as:

θ2xj
− θ2xi

= 0 ⇔ θ2xj
= θ2xi

⇔ |θxj
| = |θxi

| (40)
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which due to (30) and (32) making θx always positive, simplifies as:

θxj
= θxi

. (41)

Due to (30), u′Cj
= −u′Ci

verifies (41).
Finally, from (37) and (38) we develop the third and last term from (25):

−u′Cj

|xj|
xj

+
θxj

θxi

u′Ci

|xi|
xi

= 0. (42)

Let us first develop the first term of (42):

−u′Cj

|xj|
xj

= −u′Cj

∣∣∣∣ u′
Cj

a0+a2|u′
Cj

|2+...

∣∣∣∣
u′
Cj

a0+a2|u′
Cj

|2+...

= −

∣∣∣∣∣ u′Cj

a0 + a2|u′Cj
|2 + . . .

∣∣∣∣∣ (a0+a2|u′Cj
|2+. . . ),

(43)
where there are two solutions:

• either
a0 + a2|u′Cj

|2 + · · · > 0 ⇒ −u′Cj

|xj|
xj

= −|u′Cj
|; (44)

• or
a0 + a2|u′Cj

|2 + · · · < 0 ⇒ −u′Cj

|xj|
xj

= |u′Cj
|. (45)

Since θxi
> 0 and θxj

> 0 (see (38) and (32)) and proceeding similarly for
u′Ci

|xi|
xi

than for u′Cj

|xj |
xj

, we deduce that (42) has four solutions that are:

|u′Cj
|+

θxj

θxi

|u′Ci
| = 0 ⇔

|u′Cj
|

θxj

= −
|u′Ci

|
θxi

, (46)

for the first one, which is impossible since the left side of the equation is
always positive but the right side is always negative and u′Cj

̸= u′Ci
̸= 0.

Then, the second solution is:

−|u′Cj
| −

θxj

θxi

|u′Ci
| = 0 ⇔ −

|u′Cj
|

θxj

=
|u′Ci

|
θxi

, (47)
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leading to the same conclusion of impossibility as the first solution. The
third and fourth solutions are respectively to:

−|u′Cj
|+

θxj

θxi

|u′Ci
| = 0 ⇔ −

|u′Cj
|

θxj

= −
|u′Ci

|
θxi

, (48)

and:

|u′Cj
| −

θxj

θxi

|u′Ci
| = 0 ⇔

|u′Cj
|

θxj

=
|u′Ci

|
θxi

, (49)

both only possible when u′Cj
= −u′Ci

that was already verifying (41).
To summarize, any pair of source points (u′Ci

, u′Cj
) ∈ U2 such that

u′Cj
̸= −u′Ci

ensures there are at least two linearly independent rows in (35).
This theoretical result shows that generating U with W > 4 such that 0 /∈ U
to solve for the CP2OF is enough, hence exceeded by far when setting W
to the width of the camera FoV in the digital image plane to proceed on a
similar principle to Section 3.1 as we propose.

3.4.2. Rational Polynomial radial distortion to OpenCV’s Fisheye model con-
version (RP2OF)

The conversion from RPM to OFM follows the general conversion method
introduced in Section 3.1 where the pixel coordinates of both models are made
equal, i.e. [uR, vR]

⊤ = [uF , vF ]
⊤, which is detailed to:{

βuxR + u0 = fxxF + u0
βvyR + v0 = fyyF + v0

. (50)

The key challenge in this conversion lies in properly translating the distortion
components from the RPM to the OFM, as each model represents them
differently.

To make expressions more compact, we start by expressing the tangential
distortion terms of the RPM (5) as follows:

tx = 2p1xy + p2(ρ
2
x + 2x2), ty = 2p2xy + p1(ρ

2
x + 2y2). (51)

Then, after identifying u0 and v0, (50) becomes in detail:{
βu(dR(ρx)x+ tx) = fx

x
ρx
(θ + kF1θ

3 + kF2θ
5 + · · ·+ kFN′

F

θ2N
′
F+1)

βv(dR(ρx)y + ty) = fy
y
ρx
(θ + kF1θ

3 + kF2θ
5 + · · ·+ kFN′

F

θ2N
′
F+1)

. (52)
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Posing f ′
x = 1

fx
and f ′

y =
1
fy

, we re-arrange the system as:{−βuρx
x

(dR(ρx)x+ tx)f
′
x + kF1θ

3 + kF2θ
5 + · · ·+ kFN′

F

θ2N
′
F+1 = −θ

−βvρx
y

(dR(ρx)y + ty)f
′
y + kF1θ

3 + kF2θ
5 + · · ·+ kFN′

F

θ2N
′
F+1 = −θ . (53)

Then, posing:

Ax = −βuρx
(
dR(ρx) +

tx
x

)
and Ay = −βvρx

(
dR(ρx) +

ty
y

)
,

these terms capture the relationship between the distortion parameters of
the RPM and those of the OFM and we deduce that x ̸= 0 and y ̸= 0, hence
ϕ ̸= 0 (Sec. 3.1) and θ ̸= 0 (Sec. 2.1.6).

Finally, arranging (53) into a matrix equation provides a compact repre-
sentation, for i ∈ [1, N ] ⊂ N:


...

...
...

...
...

...
Axi

0 θ3i θ5i . . . θ
2N ′

F+1
i

0 Ayi θ3i θ5i . . . θ
2N ′

F+1
i

...
...

...
...

...
...





f ′
x

f ′
y

kF1

kF2

...
kFN′

F


=


...

−θi
−θi
...

 , (54)

that can be solved for the OFM parameters f ′
x = 1/fx, f ′

y = 1/fy, kF1 , kF2 ,
. . . , kFN′

F

again using the matrix inverse or pseudo-inverse if N > (N ′
F +2)/2.

For this RP2OF conversion, we need that both point coordinates to be never
equal to zero since Axi

and Ayi involve not only both xi and yi but as divisors.
Hence, xi and yi are computed from Xi, Yi and Zi defined using (20) with
δ ̸= 0, set in practice to δ = π/4 to excite both xi and yi with equity. Thus,
in the case of this conversion, with ϕi defined as in Section 3.1, we have
Xi = sin(ϕi)

√
2/2 and Yi = sin(ϕi)

√
2/2.

Let analyze under which conditions the RP2OF conversion is solvable.
Since there are N ′

F + 2 unknowns in the linear system (54), a minimum of
N ′

F + 2 rows in (54) must be linearly independent. Focusing on the case
N ′

F = 1 for the sake of conciseness, one must hence express the conditions
under which there exist three different vectors:

Vi =
[
Axi

, 0, θ3i , θi
]
, V′

i =
[
0, Ayi , θ

3
i , θi

]
, Vj =

[
Axj

, 0, θ3j , θj
]
, (55)
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such that no non-trivial tuple (a, b, c) ∈ R3 \ {(0, 0, 0)} satisfies

aVj − bVi − cV′
i = 0. (56)

Then, component-wise, this condition yields the following four equations:

aAxj
− bAxi

= 0, (57)

−cAyi = 0, (58)

aθ3j − (b+ c)θ3i = 0, (59)

aθj − (b+ c)θi = 0. (60)

From (60), we have two possibilities: either a = 0 or a ̸= 0.
If a ̸= 0 we obtain:

θj =
b+ c

a
θi,

which we substitute into (59), giving:

a

(
b+ c

a
θi

)3

− (b+ c)θ3i = (b+ c)

(
(b+ c)2

a2
− 1

)
θ3i = 0.

Since θi ̸= 0 (see above within this section), this implies either b + c = 0 or
(b+ c)2 = a2.

Case b + c = 0. Substituting in (60) gives θj = 0, which contradicts that
θj ̸= 0. Hence, b+ c ̸= 0.

Case (b+ c)2 = a2. There are two possibilities:
• If b + c = −a, then θj = −θi, imposing that |θj| ̸= |θi| to allow linear
independence;
• Otherwise, if b + c = a, then θj = θi, which is impossible since θi and θj
are respectively computed from two different normalized image plane points
(xi, xi) and (xj, xj) (because δ = π/4, see above within this section) and the
arctan(·) function is bijective. Hence b+ c ̸= a.
Hence all possibilities with a ̸= 0 lead to the sole condition that |θj| ≠ |θi|,
which is common with the other conversions.

Now let consider a = 0, leading (60) to simplify to:

−(b+ c)θi = 0 =⇒ b = −c,
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since θi ̸= 0, which combined with the difference between (57) and (58) yields:

b(Ayi − Axi
) = 0.

a = 0 and b = −c imply that b ̸= c ̸= 0, otherwise we fall down to the trivial
tuple (0, 0, 0). It implies that the above equation simplifies to Axi

= Ayi , and
since yi = xi, ρxi

=
√
2 |xi|, leading to:

txi

xi
= 2xi(p1 + 2p2),

tyi
yi

= 2xi(p2 + 2p1).

Assuming that βu = βv (which is reasonable since we always have βu ≈ βv
in our experiments):

Axi
= −βuρxi

(dR(ρxi
)+2xi(p1+2p2)) and Ayi = −βuρxi

(dR(ρxi
)+2xi(p2+2p1)),

simplifies to:

2xi(p1 + 2p2) = 2xi(2p1 + p2) =⇒ p1 = p2,

imposing that p1 ̸= p2 to allow linear independence (which is always the case
in practice in our experiments).

Therefore, any pair of points of indexes i and j in U such that
|θi| ≠ |θj| and p1 ̸= p2 ensures that the three vectors {Vi,V

′
i,Vj} are linearly

independent.
This theoretical result guarantees that selecting U with W > 3 when

N ′
F = 1 and δ = π/4 is sufficient to solve for the RP2OF conversion, a

condition systematically satisfied in practice when W is set to the width of
the camera FoV in the digital image plane, following the same principle as
in Section 3.1.

4. Evaluations of the conversions

In this section, we evaluate the accuracy and reliability of our mathe-
matical model conversion approach. The goal is to demonstrate that the
parameters obtained through our conversion method allow for image undis-
tortion with a quality comparable to that achieved using explicit calibration.
This validation is crucial, as it highlights the ability of our approach to by-
pass the need for complex or even infeasible calibration procedures, making
it particularly useful in challenging imaging conditions. We first explain the
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evaluation protocol in Section 4.1 and then apply this protocol to various
conversions. We first assess two conversions from [17]: the transformation
from the EFM to the UCM for a 185° fisheye camera (EF2UC, Sec. 4.2), and
for a 210° catadioptric camera, the conversion from the UCM to the CPM
(UC2CP, Sec. 4.3). We then evaluate the two new conversions, first using
the same catadioptric camera from the CPM to the OFM (CP2OF, Sec. 4.4),
and then for 120° FoV Infrared (IR) camera, the conversion from the RPM to
the OFM (RP2OF, Sec. 4.5). These evaluations validate the capability of our
approach to produce reliable parameters, without explicit calibration for the
target model. All methods are implemented in the C++ libPeR library [24].

4.1. Evaluation Protocol
To assess the effectiveness of our camera model conversions, we follow

a structured protocol. First, we compare the parameters obtained through
our model conversion with those from direct calibration. To quantify the
accuracy of each conversion, we compute approximation errors per 3D point
defined for the conversion as Euclidean distances between their projections in
the image plane with the source model and those with the output model (22).

Second, we analyze images undistorted with [25] on both sets of param-
eters to determine if our method achieves comparable or superior results.
To this end, we compute the Structural Similarity Index Measure (SSIM)
between undistorted images obtained via calibration and those generated by
our converted parameters. The SSIM is used to measure the perceptual simi-
larity between two images, accounting for luminance, contrast, and structural
information. A score close to 1 indicates a nearly identical image, whereas
lower values highlight significant differences.

For calibration with the UCM, we utilize the latest version of
MIXEDVISION [26] [27]. The CPM calibration is performed using the
Omnidirectional Camera Calibration toolbox (OCamCalib) [28]. For cam-
eras using the OFM, calibration is carried out using the OpenCV library [11]
and Kalibr toolbox [29].

4.2. Evaluation of Equidistant Fisheye to Unified Central model conversion
(EF2UC)

This conversion has been previously introduced and evaluated in terms of
residual error and parameter values obtained in [17]. Here, we further validate
the approach using a different camera and calibration dataset, demonstrating
its applicability across various imaging conditions. Furthermore, the result of
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the EF2UC conversion is used in Section 5.1 for a visual servoing application
for the first time. For this conversion, we used a Fujinon 185-degree fisheye
lens attached to a Flir GS3-U3-41C6C-C camera (Fig. 2a). According to the
manufacturer’s datasheet, the fisheye lens has a 185-degree field-of-view with
a focal length fs = 2.7 mm, and the camera pixel pitch in binned mode is
ns = 11 µm, with an image resolution of 1024 × 1024 pixels.

Using the MIXEDVISION [26] calibration software, we obtain the base-
line parameters of the UCM. These baseline parameters are: α̂u = 633.446,
α̂v = 633.775, û0 = 503.83, v̂0 = 492.238, and ξ̂ = 1.635, with an
average chessboard corners reprojection error of 0.269 pixels.

Converting the EFM for this camera to the UCM (Sec. 4.2), using
N = 185 elevation angles from -92 degrees to 92 degrees with a step of
one degree (ignoring 0) leads to αu = αv = 681.086 and ξ = 1.7841, with
uncertainties (27) 3σ̂αu = 3σ̂αv = 6.665 and 3σ̂ξ = 0.0202, the image circle
center is in u0 = 506 and v0 = 490 pixels.

We visualize the conversion approximation error across the image plane (22)
in Figure 1. The error remains reasonable in the center of the image but be-
comes significant at the edges. This is consistent with the typical behavior of
fisheye distortion, which is usually more pronounced at the image boundaries.

To further evaluate the effectiveness of our method, we undistorted the
images using the cv2.omnidir.undistort function from the OpenCV library [11].
Figure 2 compares the original image of the chessboard (Fig. 2b) with the
undistorted images obtained using either the calibrated parameters (Fig. 2c)
or the converted parameters (Fig. 2d).

Figure 1: EF2UC conversion: in digital image plane approximation errors.
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(a) Camera with Fujinon lens (b) Original Image

(c) Undistorted image from calibrated parameters. (d) Undistorted image from converted parameters.

Figure 2: Comparison of Original and Undistorted Images. Fig. 2b shows the original
fisheye image, while Fig. 2c and Fig. 2d display undistorted versions. Red lines highlight
the most pronounced curved lines, orange lines indicate weaker curves, and green lines
represent the straight lines. Although not every line is perfectly corrected, in both cases,
the results of the conversion are similar to those of the calibration.

To quantitatively evaluate the difference between undistorted images ob-
tained using the calibration and conversion, we use a reference image undis-
torted using the EFM, i.e., the camera’s initial model based on manufacturer
data. We obtain an SSIM of 0.81 for the image undistorted from the calibra-
tion and an SSIM of 0.74 using the converted parameters. The calibration-
based image is therefore closer to the reference, but the conversion still pro-
vides comparable results. While differences exist, they remain moderate.
These conversion results make it easy to use the camera with the EFM in
vision software that relies on the UCM, such as the Direct Visual Servoing
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(DVS) framework achieving accurate robot positionning (Sec. 5.1).

4.3. Unified Central to Cartesian Polynomial model conversion (UC2CP)
For the evaluation of the camera model conversion, we utilized the image

set provided in Sequence 6 of the PanoraMIS dataset [30]. This dataset
contains eight calibration images captured using a catadioptric lens, where
a checkerboard pattern was moved to cover the entire FoV of 210°. We
employed the OCamCalib Toolbox [28] for Matlab to compute the camera
parameters in the CPM for both second-order and fourth-order polynomials.
These computed parameters were used as a baseline for comparison with
the converted parameters. The fourth-order model is recommended in the
original paper [15], while the second-order model reflects the capabilities of
UC2CP [17]. The reference parameters for the second-order model are thus
as follows: â0 = 117.073, â2 = −0.002, û0 = 321.364, v̂0 = 311.875, with
an average reprojection error of 0.45 pixels. For the fourth-order model,
the reference parameters are: a∗0 = 121.186, a∗2 = −0.003, a∗3 = 4.566× 10−6,
a∗4 = −7.412×10−9, u∗0 = 321.502, v∗0 = 311.665, with an average reprojection
error of 0.43 pixels.

Additionally, we used the UCM parameters from the PanoraMIS dataset,
αu = 231.462, αv = 232.422, u0 = 319.704, v0 = 310.944, and ξ = 0.958 as in-
put into UC2CP. Subsequently, we applied our conversion method from UCM
to CPM, resulting in the following parameters: u0 = 319.704, v0 = 310.944,
a0 = 118.012, and a2 = −0.002, with an average approximation error (23)
of 0.48 pixels. We visualize the approximation error across the image area
processed during the conversion in Figure 3. The error is less than one pixel
error over the interval [-101°,101°].

To undistort the image based on the CPM parameters, we used the py-
OCamCalib software [31] based on the work of [15, 32]. As a reference,
we used one of the calibration images (Fig. 4b) undistorted using the UCM
(Fig. 4c). We use it together, with the second-order (Fig. 4e) and fourth-
order (Fig. 4d) CPM’s undistorted images to evaluate our conversion method
(Fig. 4f). In all cases, the lines of the chessboard are obviously straightened.
To further assess the quality of the undistortion process, we computed the
SSIM between the reference undistorted image and the other undistorted
images. The SSIM between the reference image and the fourth-order CPM is
0.641, 0.647 for the second-order CPM, and 0.796 for the undistorted image
obtained using our conversion method (UC2CP).
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Figure 3: UC2CP conversion: in digital image plane approximation errors.

Our conversion method’s higher SSIM score compared to both the second-
order and fourth-order CPM’s, suggests a better alignment with the reference
undistorted image, suitable for practical applications.

The conversion results enable the straightforward use of the camera cal-
ibrated with the UCM in vision software that uses the CPM, such as the
Semi-direct Visual Odometry (SVO) framework [5] (see Sec. 5.2).

4.4. Cartesian Polynomial to OpenCV’s Fisheye model conversion (CP2OF)
For this conversion, we again use the PanoraMIS dataset (Sec. 4.3), now

focusing on converting the CPM to the OFM. We utilize the fourth-order
parameters of the CPM, obtained from the calibration process described in
Section 4.3, as input for our conversion algorithm. Since the OFM relies on
the pinhole projection model (see Sec. 2.1), we restrict parameter calculations
to regions where Z > 0 in the image.

The conversion algorithm yields the following OFM parameters:
fx = 120.984, fy = 120.984, kF1 = 0.026, kF2 = 0.044, kF3 = −0.007, and
kF4 = 0.001, with an average approximation error (23) of only 0.012 pixels.

Figure 5 shows the reprojection error distribution over the image region
used during the conversion. The error remains minimal across the entire
region of interest, indicating a consistent fit of the converted model.

Using these parameters, we transform an omnidirectional image (Fig. 6a)
into an undistorted image (Fig. 6c). For reference, the same image is undis-
torted using the original UCM parameters (Fig. 6b). As shown in Figs. 6b
and 6c, the curved lines in the original image become straight in the undis-
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(a) Catadioptric camera used
for the PanoraMIS dataset

(b) Original omnidirectional
image (FoV: 210°)

(c) Undistorted images from
given UCM parameters use as
a reference.

(d) Undistorted images from
4th order CPM calibrated pa-
rameters.

(e) Undistorted images from
given 2nd order CPM cali-
brated parameters..

(f) Undistorted images from
CPM converted parameters.

Figure 4: Comparison of Original and Undistorted Images. Fig. 4b shows the original
catadioptric image. Fig. 4c shows the undistorted image taken as a reference, while Fig. 4d,
Fig. 4e and Fig. 4f display the undistorted versions. Red lines highlight the curved lines
and green lines represent the straight lines. The conversion gives a similar result than the
reference.

torted versions, demonstrating that the conversion preserves the global ge-
ometry of the scene.

To benchmark our approach, we compared it against two calibration
methods for the OFM: Kalibr [29], a widely used open-source calibration tool-
box known for its robustness and ability to optimize multiple sensors jointly,
and a custom OpenCV-based fisheye calibration framework [25] tailored for
the PanoraMIS dataset, integrating advanced corner detection strategies
(adaptive thresholding, Contrast Limited Adaptive Histogram Equalization,
Gaussian filtering) and an iterative calibration process with outlier rejection.

The Kalibr calibration produced the parameters fx = 144.657,
fy = 144.754, u0 = 315.233, v0 = 314.071, kF1 = −0.434, kF2 = 0.508,
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Figure 5: CP2OF conversion: approximation errors in the digital image plane.

kF3 = −0.211, kF4 = 0.033, with an average reprojection error of 0.370
pixels. Although 8 calibration images were provided as input, Kalibr auto-
matically discarded 5 of them, whichever the settings, thus concretely using
extracted calibration target corners from only 3 images to obtain the intrinsic
parameters. The OpenCV calibration yielded fx = 129.3854, fy = 130.279,
u0 = 317.651, v0 = 311.899, kF1 = −0.168, kF2 = 0.253, kF3 = −0.106,
kF4 = 0.018, with a lower average reprojection error of 0.293 pixels. Sim-
ilarly to Kalibr, the OpenCV calibration automatically neglected 5 images
among the 8 provided, whichever the settings, but not the same than those ig-
nored by Kalibr. Beyond the core implementation differences between Kalibr
and OpenCV, this is one key factor of the significant differences between the
intrinsic parameters obtained by the two software.

Visual inspection of the undistorted images (Figs. 6d and 6e) reveals that
all three methods straighten the main scene lines, but subtle differences re-
main, especially near the periphery. Quantitatively, the SSIM with respect
to the UCM-undistorted reference image is 0.770 for the converted parame-
ters, 0.813 for OpenCV, and 0.615 for Kalibr. While OpenCV achieves the
highest SSIM in this case, Kalibr performs less well.

These results illustrate that the proposed conversion achieves geomet-
ric accuracy comparable to calibration methods, and in some aspects out-
performs them, while avoiding the pitfalls of poor dataset compatibility or
limited retained data. By enabling reliable OFM parameters without re-
quiring any additional calibration, our method allows cameras to be reused
across experiments and integrated directly into vision-based algorithms such
as StellaVSLAM (Sec. 5.3.1) without the need for repeated calibration.
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(a) Original omnidirectional
image

(b) Undistorted image with
UCM parameters (reference).

(c) Undistorted image using
OFM converted parameters.

(d) Undistorted image with
OpenCV calibrated parame-
ters.

(e) Undistorted image with
Kalibr calibrated parameters.

Figure 6: Comparison of original and undistorted images. Fig. 6a shows the original
catadioptric image. Figs. 6b to 6e display undistorted versions using different parameter
sources. Red lines highlight curved structures and green lines indicate straight lines.

4.5. Rational Polynomial radial distortion to OpenCV’s Fisheye model con-
version (RP2OF)

For this last conversion, we consider the IR camera of the Microsoft Azure
Kinect DK (AKDK, Fig. 8a), which features a wide-angle lens with a 120° of
FoV and comes calibrated from the factory in the RPM with βu = 503.877,
βv = 504.145, u0 = 509.078, v0 = 510.833, kR1 = 0.445, kR2 = −0.027,
kR3 = −0.002, p1 = 1.189×10−4, p2 = 2.884×10−5, kR4 = 0.786, kR5 = 0.049,
kR6 = −0.012.

To compare our converted parameters, we calibrated the camera using
the OpenCV library [11]. Calibration was performed using checkerboard
images captured in the camera’s IR passive mode. These images enabled the
estimation of OFM’s parameters through OpenCV’s calibration function.
One of the eleven IR checkerboard image used for calibration is shown in
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Figure 8b. The resulting intrinsic parameters are as follows: f̂x = 530.113,
f̂y = 526.699, û0 = 511.052, and v̂0 = 512.578. The distortion coefficients
obtained are k̂F1 = −0.012, k̂F2 = −0.062, k̂F3 = 0.066 and k̂F4 = −0.035.

Next, we convert from the RPM to the OFM, applying the method de-
scribed in Section 3.4.2, but without any restrictions on the computation
due to the FoV of the AKDK being approximately 120° in IR mode. The
resulting intrinsic parameters are: fx = 503.916, fy = 504.185, u0 = 509.078
and v0 = 510.833, with distortion coefficients kF1 = −0.009, kF2 = −0.011,
kF3 = −0.007 and kF4 = −5.12× 10−5. On the 120°, the average approxima-
tion error in the digital image plane (23) is 0.14 pixels, with the largest error
observed at the extremities of the image FoV (Fig. 7).

To validate the conversion, we undistort the original fisheye image (Fig. 8b)
using the calibrated OFM parameters (Fig. 8d) and the converted OFM pa-
rameters (Fig. 8e). As a reference, we use the undistorted image obtained
with the factory RPM parameters (Fig 8c).

The undistorted image obtained with our converted parameters closely
resembles the reference, as confirmed by a high SSIM score of 0.9996. The
higher SSIM for the conversion than for the calibration confirms the low
approximation error of the RP2OF conversion for this camera. Thus, the
intrinsic parameters of the OFM obtained by conversion can be set to use
the AKDK with fisheye mode of StellaVSLAM (as detailed in Sec. 5.3.3).

Figure 7: RP2OF conversion: in digital image plane approximation errors.
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(a) AKDK camera
(b) Original fisheye IR image
from the AKDK

(c) Undistorted image in RPM
for reference

(d) Undistorted image in OFM
from calibrated parameter

(e) Undistorted image in OFM
from converted parameter.

Figure 8: Comparison of Original and Undistorted Images. Fig. 8b shows the distorted
image. Fig. 8c shows the undistorted image in RPM with the camera’s factory parameters
while the Fig. 8d and 8e display the undistorted versions. Red lines highlight the curved
lines and green lines represent the straight lines. The conversion gives similar results than
the calibration.

5. Applications to visual servoing, visual odometry and SLAM

5.1. Direct Visual Servoing (DVS) with fisheye camera (EF2UC)
To assess the impact of the fisheye camera UCM parameters (see Sec. 4.2),

we compare the trajectories obtained through omnidirectional photometric
visual servoing with a robotic arm [33] that uses the pixel intensities of the
whole images. The experimental setup, illustrated in Figure 9f, shows a
fisheye camera mounted on the wrist of a Universal Robots 10 arm. The
omnidirectional photometric visual servoing code is open source [34]. In this
experiment, the desired image is captured with the camera’s optical axis per-
pendicular to the ground, positioned approximately 50 cm above the ground,
as shown in Figure 9a. The initial image captured is shown in Figure 9b,
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and Figure 9c depicts the error between the initial and desired images (the
median gray meens the error is zero). The visual servoing algorithm moves
the camera (the trajectory is shown in Figure 9g), and the residual error
decreases monotonically, converging as expected. The two trajectories are
nearly identical. Figure 9d illustrates the final error in the image space using
calibrated parameters, which corresponds to a final pose error of 0.05 mm
and 0.1 degree. Conversely, Figure 9e presents the final error obtained using
converted parameters, with a final pose error of 0.28 mm and 0.1 degree.
These results demonstrate that omnidirectional photometric visual servoing,
using EF2UC conversion, achieves the expected submillimeter precision.

(a) Desired im-
age

(b) Initial image (c) Initial error (d) Final error
with calibrated
parameters

(e) Final error
with converted
parameters

(f) Setup (g) Camera trajectory

Figure 9: Experimental Setup and Results of Omnidirectional Visual Servoing.
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5.2. Semi-direct Visual Odometry (SVO) with Catadioptric Camera (UC2CP)
The sequence 6 of the PanoraMIS dataset [30] consists of 318 images

captured using the catadioptric camera shown in Figure 10b, mounted on a
Pioneer 3-AT robot performing a figure-of-eight trajectory outdoors over a
distance of 25.27 meters. Figure 10a illustrates the experimental setup of the
PanoraMIS dataset.

To evaluate the impact of various sets of catadioptric camera CPM pa-
rameters, we analyzed the trajectories computed using SVO [5]. SVO solves
the visual odometry problem by combining both direct (i.e. photometric) and
indirect (i.e. feature-based) methods. It employs direct techniques for track-
ing and triangulating pixels with high image gradients, while using indirect
feature-based methods for optimizing both the structure and motion.

We evaluate the performance of three different parameter sets:
(i) CPM_Calibrated_order_2, (ii) CPM_Calibrated_order_4, and
(iii) CPM_Converted, which applies the conversion from the UCM to the
CPM with N ′

C = 2 (see Sec. 3.3). The Ground Truth (GT) is provided by the
dataset, indicating the relative pose of the images in the sequence. Since [15]
stated that a fourth-order calibration is necessary to accurately represent the
system, we display the results for both second (CPM_Calibrated_order_2)
and fourth-order (CPM_Calibrated_order_4) CPM calibration leading to
the baseline reference trajectories used for comparison.

To ensure a fair comparison, we performed an alignment optimization to
correct the misalignment between the visual odometry body frame associated
with the camera and the GT body frame. This optimization minimized

(a) Experimental setup (b) Image from the dataset

Figure 10: PanoraMIS dataset setup, showing images captured by the catadioptric camera.
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the orientation difference before evaluating the trajectories with EVO [35],
following the approach described in the paper [36]. Without this step, large
Relative Pose Error (RPE) errors could occur due to frame misalignment.

As observed in the trajectory plot (Fig. 11), the
CPM_Calibrated_order_4 and CPM_Converted trajectories closely follow
the GT, whereas the CPM_Calibrated_order_2 trajectory is significantly
less accurate.

Figure 11: Trajectory results calculated with SVO according to different parameter sets.

This observation is further confirmed in Table 2, where the Absolute Pose
Error (APE) and RPE errors with CPM_Converted are comparable to using
CPM_Calibrated_order_4 in translation and lower in rotation, both better
overall than when using CPM_Calibrated_order_2.

Table 2: Relative and absolute error values for translation (in mm) and rotation (in
degrees) of trajectory calculated with different parameter sets. In bold the minimum
error.

CPM converted CPM Calibrated
Order 2

CPM Calibrated
Order 4

Translation APE 305 488 292
RPE 33 32 37

Rotation APE 8 10 9
RPE 1.3 1.4 1.3
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5.3. Visual SLAM
To evaluate camera model conversion results of RP2OF and CP2OF, we

use the respectively obtained parameters for Simultaneous Localization And
Mapping (SLAM) with the StellaVSLAM software [37]. It is is a visual
SLAM algorithm designed to operate with various camera models, includ-
ing RPM and OFM. It leverages feature-based tracking and keyframe-based
optimization to provide efficient mapping and localization. In this section,
we apply the OFM parameters obtained with our method to two different
camera types: a Red Blue Green (RGB) catadioptric camera (Sec. 5.3.1), an
RGB fisheye camera (Sec. 5.3.2) and an IR wide-angle camera (Sec. 5.3.3).

The primary goal of this section is to study if the parameters obtained
from model conversions provide results comparable to those of camera cali-
bration.

Since StellaVSLAM relies on Random Sample Consensus (RANSAC) for
essential matrix estimation during initialization and loop closure, the trajec-
tories generated from different runs on the same dataset may vary slightly.
This randomness is inherent to the RANSAC algorithm, which iteratively se-
lects random subsets of points to estimate the model parameters while dealing
with outliers. To mitigate this variability, we run StellaVSLAM four times
and analyze averaged results after alignment, ensuring that the observed
differences in the trajectories do not affect our comparison of parameter sets.

In the following Section 5.3.1, Section 5.3.2 and Section 5.3.3, we present
the results obtained from running StellaVSLAM with respectively catadiop-
tric camera, RGB and IR fisheye camera.

5.3.1. SLAM with a Catadioptric Camera CP2OF
To demonstrate the effectiveness of our conversion method CP2OF in a

SLAM context, we compare the trajectories obtained with our converted pa-
rameters to those obtained with calibration using OpenCV and Kalibr, as
reported in Section 4.4. We use the PanoraMIS dataset’s Sequence 6, intro-
duced in Section 5.2. The dataset was recorded at 2 Hz, and StellaVSLAM
was run at the same frequency.

This sequence is particularly challenging due to the predominance of the
ground in the images, mainly grass with few discriminative features. A mask
is applied to exclude the fixed parts of the robot and the regions outside
the mirror of the catadioptric system. The resulting trajectories, aligned
and scaled to the GT, are shown in Figure 12a. As in Section 5.2, the GT
was optimized before error computation to ensure fair comparison. This
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alignment step corrects any offset between the visual odometry body frame
and the ground-truth body frame, which is crucial to avoid artificially inflated
RPE errors. The APE and RPE results are reported in Table 3.

Since the original dataset was designed primarily for odometry, loop clo-
sures are not detected. To enable their detection, we extended the dataset by
appending the initial frames to the end. Running StellaVSLAM four times
on this extended dataset yielded trajectories with successful loop closure de-
tection (Figure 12b), leading to improved absolute accuracy. As before, the
same APE computation pipeline was used, and the results in Table 3 show
that loop closure significantly reduces the error.

On the original dataset, the parameters calibrated with Kalibr lead
StellaVSLAM to the lowest APE and RPE in both translation and rotation.
Our converted parameters lead StellaVSLAM to perform weaker (126 mm in-
crease of mean translational APE over the 25.27 m trajectory) but very sim-
ilarly than using the parameters obtained with OpenCV calibration (lower
translation APE by 6 mm but higher rotational APE by 1.1 degree; RPE
are identical). On the extended dataset, the enabled loop closure reduces
significantly the APE for all sets of intrinsic parameters. In this context, the
CP2OF-converted parameters even lead StellaVSLAM to achieve the low-
est APE and RPE (Table 3) compared to using the intrinsic parameters of

(a) Original dataset (no loop closure detected) (b) Extended dataset with loop closure

Figure 12: Trajectories obtained with StellaVSLAM for four runs on the PanoraMIS
dataset using CP2OF-converted, OpenCV-calibrated, and Kalibr-calibrated parameters,
compared with the GT. (a) Original dataset without loop closure. (b) Extended dataset
with loop closure, improving trajectory accuracy.
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Table 3: Mean absolute and relative errors for translation (Tra., in mm) and rotation
(Rot., in degrees), averaged over four trajectories. Results are shown for both the Original
dataset and the Extended PanoraMIS dataset, using three methods (CP2OF, Kalibr, and
OpenCV).

Original dataset Extended PanoraMIS dataset
CP2OF Kalibr OpenCV CP2OF Kalibr OpenCV

Tra.
(mm)

APE 443 317 449 156 199 225
RPE 35 33 35 35 38 36

Rot.
(deg.)

APE 10.1 7.0 9.0 3.6 4.1 4.1
RPE 1.2 1.1 1.2 1.0 1.1 1.0

the baseline calibration methods (43 mm decrease of the translation APE
with respect to the second best that uses Kalibr calibration), confirming the
relevance of the conversion.

These findings confirm that the CP2OF conversion method is not only
a viable alternative to calibration but also capable of producing accurate
SLAM trajectories without the need for recalibration. This is particularly
advantageous in long-term deployments or scenarios where recalibration is
impractical, enabling the seamless reuse of cameras with consistent intrinsic
parameters across datasets and experiments.

5.3.2. SLAM on synthetic fisheye dataset CP2OF
To further validate the proposed conversion, we evaluate CP2OF on a syn-

thetic fisheye dataset [38]. In this work, we use the urban fisheye sequence,
where the image distortion is modeled with the CPM. The dataset is dis-
tributed with reference intrinsic parameters: a∗0 = 179.472, a∗2 = 2.317×10−3,
a∗3 = −3.636 × 10−6, a∗4 = 2.055 × 10−8, and principal point
(u∗0, v

∗
0) = (320, 240).

The CP2OF conversion yields the following OFM parameters:
fx = 179.028, fy = 179.028, kF1 = −3.041 × 10−2, kF2 = −6.511 × 10−3,
kF3 = 8.819 × 10−4, kF4 = 3.433 × 10−4, with an average approximation
error of 0.025 pixels. This very low error demonstrates that the conversion
preserves the geometric accuracy of the CPM representation.

Since the dataset does not provide calibration targets, an OFM calibra-
tion is not available. To address this, we leverage the C++ implementa-
tion of the CPM model [15]. Using this tool, synthetic checkerboards are
generated with the specified CPM distortion and stored in a rosbag. The
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rosbag is then processed with Kalibr [29] to perform a reference calibra-
tion in the OFM. The resulting parameters are: fx = 179.150, fy = 179.263,
kF1 = −5.268 × 10−2, kF2 = 5.048 × 10−2, kF3 = −5.251 × 10−2,
kF4 = 1.717 × 10−2, (u0, v0) = (318.519, 239.045), with an average repro-
jection error of 0.320 pixels.

Following the same protocol as in previous experiments, four independent
runs are executed with StellaVSLAM using both the converted and calibrated
parameters. Since the dataset contains no loop closures along its trajectory,
StellaVSLAM is operated in odometry-only mode. The resulting trajectories,
aligned and rescaled to the ground truth, are shown in Fig. 13. In both
cases, a drift in translation is observed between the start and the end of the
sequence, which is consistent with the absence of loop closure.

Nevertheless, a quantitative comparison reveals that both sets of param-
eters yield similar accuracy. For the converted parameters, the average APE
is 19.023 m in translation and 9.820◦ in rotation, while the RPE is 0.105 m
(translation) and 0.253◦ (rotation). For the calibrated parameters, the cor-
responding values are 18.912 m and 9.210◦ (APE), and 0.107 m and 0.248◦

(RPE). These results confirm that the CP2OF conversion provides perfor-
mance comparable to calibration, with errors of the same order of magnitude
across all metrics.
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Figure 13: Comparison of four SLAM trajectories on Zhang’s dataset using parameters
from CP2OF conversion and Kalibr calibration.

5.3.3. SLAM with a wide-angle IR Camera (RP2OF)
When using the AKDK camera, it is evident that the FoV of the color

camera is significantly smaller than that of the IR camera. The goal in this
section is to leverage the quasi-fisheye capabilities of the IR camera to assess
the performance of StellaVSLAM RP2OF’s converted parameters.

The IR image stream captured by the AKDK is initially in 16-bit grayscale.
Figure 14a illustrates the normalized 16-bit image, where each pixel value is
divided by 256 to scale the data and display it in 8-bit grayscale, ranging
from 0 to 255. While this allows for simple visualization, it does not yield an
image suitable for use in StellaVSLAM. To make the image compatible with
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StellaVSLAM in monocular mode, we apply a custom process. This process
involves normalizing the pixel values by detecting the minimum and maxi-
mum values, followed by gamma correction to enhance the dynamic range.
The processed images are then published as a stream, ready for use by the
SLAM algorithm, as shown in Figure 14b [39].

The data were recorded outdoors using the passive IR mode of the cam-
era. Two trajectories were captured: one on a parking lot near a building,
approximately 130 meters in length and 149.2 seconds in duration, referred
to as Parking, and the other on a tree-lined path about 207 meters long and
176 seconds in duration, named Trail. The Parking trajectory is character-
ized by high redundancy, with limited visual features, mostly consisting of
asphalt and the side of a building, which are repeatedly observed. In con-
trast, the Trail trajectory provides much richer visual information, with trees
and scattered leaves on the ground offering a variety of textures and depth
cues. Both trajectories were recorded outdoors to ensure the proper IR light-
ing conditions necessary for data acquisition. The dataset named WAIr-JaM
for Wide Angle Infrared JRL and MIS dataset is open source [40].

To ensure a comprehensive analysis of the SLAM results, we perform
four runs of StellaVSLAM on each dataset using the converted RP2OF
camera parameters obtained in Section 3.4.2. For comparison, we also run
StellaVSLAM four times using the calibrated parameters for each dataset. In
the absence of ground-truth data, we employ a cross-comparison approach:
for each trajectory generated with the converted parameters, we compute
its APE and RPE averages—both for rotation and translation—against all

(a) 8-bit grayscale IR after a basic image processing. (b) 8-bit grayscale IR after our image processing.

Figure 14: Comparison of two 8-bit grayscale IR images from the Trail experiment.
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trajectories produced using the calibrated parameters. We then calculate the
mean error for each converted trajectory relative to all reference trajectories,
followed by an overall average across all comparisons. This method allows
us to quantify the error between trajectories generated with the converted
parameters and those using the calibrated parameters while accounting for
the variability introduced by RANSAC.

The obtained trajectories are aligned with the first trajectory generated
using the calibrated parameters and are presented on the satellite map in Fig-
ure 15a and Figure 15b. The satellite map data is provided by the Geospatial
Information Authority of Japan (GSI) and is licensed under CC BY 4.0 [41].

The alignment, scaling of the trajectories, and calculation of the APE
were performed using the EVO toolkit [35]. To account for the inherent
scale ambiguity in monocular SLAM, the translational APE was normalized
by dividing it by the unit-less length of the reference trajectory and then
multiplying by 100 to get a percentage. This normalized error, expressed as a
percentage of the reference trajectory length, ensures comparability between
trajectories of varying scales.

A comparison is conducted for each trajectory, as explained earlier. For
each reference trajectory, the normalized translational APE percentages are
averaged across the four derived trajectories. These averages are then com-

(a) Trail trajectory (b) Parking trajectory

Figure 15: Superposition of the obtained trajectories aligned and resized using the EVO
toolkit with the satellite map. The satellite imagery is provided by the Geospatial Infor-
mation Authority of Japan (GSI) [41].
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bined across all reference trajectories to provide an overall percentage error
for each experiment.

For the Parking experiment, the mean normalized translational APE is
0.27%, indicating a high degree of similarity between the trajectories gener-
ated using the converted parameters or those generated using the calibrated
ones and the original model of the camera. The rotational APE remains
consistent at 3.5°, showing minimal variation in angular estimation.

In the Trail experiment, the mean normalized translational APE increases
to 0.51%, reflecting a slightly larger deviation due to the more complex nature
of the trajectory, which includes richer features such as trees and scattered
leaves. However, the rotational APE of 2.9° demonstrates stable orientation
estimation, despite the environmental challenges.

These results suggest that the trajectories obtained with the converted
parameters exhibit a strong similarity to those obtained using the calibrated
parameters, validating the effectiveness of the RP2OF conversion method.
The increase in translational APE in the Trail experiment underscores the
influence of environmental complexity, while the overall low percentage errors
confirm the robustness and applicability of the converted parameters across
different scenes.

The use of converted parameters in StellaVSLAM, originally designed
for monocular fisheye mode with classically calibrated color images, pro-
duces trajectories and maps that closely align with those obtained using
directly calibrated parameters. This demonstrates that our conversion ap-
proach maintains the accuracy and reliability expected of SLAM systems.

6. Discussion of the article

The proposed conversion framework offers a computationally efficient al-
ternative to full calibration. Once the source camera parameters are avail-
able, the conversion requires only a few milliseconds to compute, whereas
calibration involves image acquisition, feature detection, and nonlinear op-
timization over both intrinsic and extrinsic parameters, resulting in a com-
putational cost that is several orders of magnitude higher. In practice, this
efficiency makes the conversions attractive for large-scale dataset processing
or scenarios where rapid deployment is needed.

Regarding robustness, the accuracy of the conversion naturally depends
on the reliability of the input parameters. When the manufacturer or factory
calibration parameters are accurate, the converted models can be as precise
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as, or even more consistent than, direct re-calibration. Conversely, if the
source parameters are imprecise, the resulting conversions will inherit and
propagate these inaccuracies.

Nevertheless, the method also has limitations and potential failure modes.
The validity of the approach relies on the assumption that the camera model
used adequately captures the physical geometry of the real sensor. If the
selected model diverges significantly from the true optical behavior, the
converted parameters, although mathematically consistent, will not provide
physically meaningful projections. In cases where no reliable initial model
with its parameters is available, the conversion cannot be applied directly.

Overall, these considerations underline the complementary role of conver-
sions and calibrations: conversions provide a lightweight and efficient tool for
interoperability across data, models and robot vision software, while calibra-
tion remains a necessary fallback when no reliable source parameters exist
or when extreme optical distortions cannot be captured by the input camera
model.

7. CONCLUSION

In this work, we introduced a mathematical conversion framework for
camera models, enabling accurate computation of intrinsic parameters with-
out requiring an explicit recalibration. Our approach was extensively eval-
uated for multiple conversions: Equidistant Fisheye Model to Unified Cen-
tral Model, Unified Central Model to Cartesian Polynomial Model, Carte-
sian Polynomial Model to OpenCV’s Fisheye Model, and Rational Polyno-
mial radial distortion Model to OpenCV’s Fisheye Model. Despite the non-
linearities of the latter camera models, our approach computes the conversion
in an elegant and light-weight linear manner.

Results of image undistortion show that the converted parameters lead to
an accuracy comparable to calibration thanks to evaluation criteria such as
the Structural Similarity Index Measure, reprojection errors, and qualitative
analysis for various cameras ranging for the wide-angle infrared to the fisheye
and catadioptric ones offering a panoramic field-of-view.

These findings and the implementation of these new conversion methods
within the open-source libPeR library are going to make easier the integra-
tion of a camera provided with parameters for a different camera model than
the one considered robot vision tasks such as visual servoing, visual odome-
try and visual Simultaneous Localization And Mapping. This highlights the
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practical and scientific relevance of our approach.
Future works will apply the general framework introduced in this article

for camera model conversions to other camera models and the formal error
bound analyses of the conversions.
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